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ABSTRACT
Telomere length (TL) is a marker of biological aging associated with several health outcomes. High throughput
reproducible TL measurements are needed for large epidemiological studies. We compared the novel DNA
methylation-based estimator (DNAmTL) with the high-throughput quantitative PCR (qPCR) and the highly accurate
flow cytometry with fluorescent in situ hybridization (flow FISH) methods using blood samples from healthy adults.
We used Pearson’s correlation coefficient, Bland Altman plots and linear regression models for statistical analysis.
Shorter DNAmTL was associated with older age, male sex, white race, and cytomegalovirus seropositivity (p<0.01
for all). DNAmTL was moderately correlated with qPCR TL (N=635, r=0.41, p < 0.0001) and flow FISH total
lymphocyte TL (N=144, r=0.56, p < 0.0001). The agreements between flow FISH TL and DNAmTL or qPCR were
acceptable but with wide limits of agreement. DNAmTL correctly classified >70% of TL categorized above or below
the median, but the accuracy dropped with increasing TL categories. The ability of DNAmTL to detect associations
with age and other TL-related factors in the absence of strong correlation with measured TL may indicate its
capture of aspects of telomere maintenance mechanisms and not necessarily TL. The inaccuracy of DNAmTL
prediction should be considered during data interpretation and across-study comparisons.
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INTRODUCTION
Telomeres consist of tandem DNA nucleotide repeats
(TTAGGG)n and a protein complex that cap
chromosome ends to ensure chromosomal stability [1].
Telomeres shorten as cells divide, eventually leading to
replicative senescence and/or apoptosis, making
telomere length (TL) a useful marker of cellular and
thus biological age [2, 3]. TL has been associated with a
variety of age-related diseases and health outcomes
including cardiovascular disease, metabolic syndrome,
and cancer (reviewed in [4]). TL is used clinically to
diagnose patients with inherited telomere biology
disorders such as dyskeratosis congenita and has shown
promise in guiding donor selection for hematopoietic
cell transplant (HCT) [5–8].
Several methods have been developed for measuring
TL, each with its own strengths and limitations [9,
10]. The current gold standard is the Southern blot
Telomere Restriction Fragment (TRF) method; it
measures average absolute TL (in kilobases, kb), and
requires large quantities of high-quality DNA [11].
Another accurate method is fluorescence in situ
hybridization (flow FISH) in which fluorescently
labeled peptide nucleic acid (PNA) probes detect
telomeric repeats in total leukocytes and leukocyte
subsets to determine average TL as calibrated using
TRF and presented in kb. This method requires viable
leukocytes and special expertise [10, 12]. A widely
used method is quantitative polymerase chain reaction
(qPCR) that measures TL based on the ratio between
telomere copy number and that of a single-copy gene
(T/S) in the same DNA sample [13, 14]. qPCR is
frequently used to determine TL in epidemiologic
studies because of its high-throughput and small DNA
requirements; however, its reliability is limited by its
high sensitivity to pre-analytic factors, such as DNA
extraction or storage [15]. Other methods target the
shortest telomeres such as single telomere length
analysis (STELA) and the Telomere Shortest Length
Assay (TeSLA) [16, 17]. Large scale genomic and
epigenomic data offer opportunities for new
approaches to TL calculation, such as TelSeq, an
open-source software that is correlated with Southern
blot (r~0.6) and estimates TL in kb using wholegenome sequence data [18].
Existing methods and high throughput adaptations
have extended telomere research to population-level
studies; however, there remains a need for TL
measurement tools that overcome the limitations of
current techniques: the sample quantities and analysis
time required by the most accurate methods, and the
limited reliability of high-throughput methods. DNA
methylation regulates gene expression and has been
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associated with both chronological age and telomere
shortening [19–21]. A new method utilizing whole
genome DNA methylation array data to predict TL in
kb was recently introduced [22] and may be useful to
explore TL questions using available methylation
array databases. This study aims to independently
evaluate the performance of DNAmTL in comparison
with TL measured by flow FISH and qPCR and
evaluate the relationship between DNAmTL and
participant characteristics known to be associated
with TL.

RESULTS
Participant characteristics
The study included 635 healthy adults (median age=34
years, range=19-61) who were HCT donors; blood
samples were available at the Center for International
Blood and Marrow Transplant Research (CIBMTR)
biorepository and were part of the National Cancer
Institute (NCI) Transplant Outcomes in Aplastic
Anemia (TOAA) Study. Of the 635 individuals, 425
(67%) were male, 478 (75%) were white, and 239
(38%) were cytomegalovirus (CMV) seropositive
(Table 1).
Association between DNAmTL and TL-related
participant characteristics
A statistically significant strong negative association
between DNAmTL and chronological age was noted;
the correlation coefficient (r) = -0.65, p<0.0001(Figure
1A). Shorter DNAmTL was associated with male sex
(p=0.0001) and CMV positive serostatus (p=0.0004).
African Americans had longer DNAmTL compared
with other race groups; the difference between TL in
African Americans and Whites was statistically
significant (p=0.003), but no difference was noted
between Whites and other race groups (p=0.95) (Figure
1B). In a multivariable regression model including all
previously tested variables, DNAmTL decreased by 21
bp per year (p<0.0001), and was 116 bp longer in
women than men (p<0.0001), 213 bp longer in African
Americans than whites (p<0.0001), and 83 bp shorter in
CMV seropositive individuals than those who were
seronegative (p<0.0001) (Table 2).
DNAmTL reliability and comparisons with qPCR or
flow FISH TL
In 48 samples with blinded duplicate of
MethylationEpic array data, the mean coefficient of
variation (CV) of calculated DNAmTL was 1% (range=
0.08-3.1%). These blinded duplicate samples also had
high DNAmTL correlation (r=0.93, p<0.0001).
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Table 1. Characteristics of study participants.
Variable

Total (n=635) N (%)

Age
19-24

118 (19%)

25-29

124 (19%)

30-34

96 (15%)

35-39

107 (17%)

40-44

91 (14%)

45-61

99 (16%)

Sex
Male

425 (67%)

Female

210 (33%)

Race
White

478 (75%)

African American

40 (6%)

Other

93 (15%)

Missing

24 (4%)

CMV serostatus
Positive

239 (38%)

Negative

370 (58%)

Missing

26 (4%)

Telomere length (TL)

Median (Range)

DNAmTL (kb)

7.4 (6.6-8.4)

flow FISH TL (kb)¹

7.0 (3.7-11.2)

qPCR (z-score)

-0.17 (-2.34-4.96)

¹flow FISH TL was available for 144 participants.
Abbreviations: CMV indicates cytomegalovirus;
DNAmTL (kb) indicates DNA methylation-based
estimator of telomere length in kilobases; flow FISH TL
(kb) indicates lymphocyte telomere length measured
by fluorescent in situ hybridization with flow
cytometry in kilobases; qPCR (z-score) indicates
calculated z-score of telomere length measured by
quantitative polymerase chain reaction.

Comparison of the TL estimated by DNAmTL and
measured by flow FISH in the 144 individuals with
both measures showed a statistically significant
difference (median 7.4 vs. 7 kb respectively, p<0.0001),
and moderate correlation (r = 0.56, p <0.0001; Figure
2A). In the full cohort (N=635), predicted TL by
DNAmTL and qPCR measured TL were also
statistically significantly different (median z-score TL
=0.05 vs. -0.17 standard deviations from the mean,
respectively, p=0.03), and showed modest correlation
(r=0.41, p<0.0001; Figure 2B). No statistically
significant differences in the correlations between TL

www.aging-us.com

14677

from DNAmTL and qPCR were noted by sex
(p-interaction=0.31), race (p-interaction=0.10), or age
(p-interaction=0.11).
Bland Altman analysis of DNAmTL compared with flow
FISH TL demonstrated a mean bias of 0.35 kb (standard
deviation [SD]=1.86), and a wide limit of agreement
(LoA = -1.51 to 2.21 kb). DNAmTL resulted in a
narrower range of TL compared with flow FISH with
overestimation of the shortest TL and underestimation of
the longest (Figure 3A). The mean bias was 0.023 (SD=
1.09) for DNAmTL and qPCR TL (Figure 3B).

AGING

We then used classifier matrices to assess the agreement
between DNAmTL or qPCR TL with that of flow FISH
when categorized as long versus short based on the TL
median. DNAmTL correctly classified 72% of the
individuals as having long (TL above median) or short

(TL below the median) with 77% sensitivity and 66%
specificity, relative to flow FISH. Similarly, agreement
between qPCR and flow FISH showed 79% accuracy,
79% sensitivity, and 79% specificity (Figure 4A, 4B).
When the analysis was repeated to evaluate the ability

Figure 1. Unadjusted relationship between DNA methylation telomere length (DNAmTL) and selected participant
characteristics. (A) DNAmTL by age categories. (B) DNAmTL by sex, race, or cytomegalovirus (CMV) serostatus.
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Table 2. Adjusted associations between DNAmTL
and selected participant characteristics.
Variables1
Age
Sex
Male
Female
Race
White
African American
Other
CMV serostatus
Negative
Positive

β
-0.021

p-value
<0.0001

REF
0.116

<0.0001

REF
0.213
0.010

<0.0001
0.68

REF
-0.083

<0.0001

1

All variables in the table were included in the same
model.
Abbreviation: CMV indicates cytomegalovirus.

of DNAmTL or qPCR to correctly classify TL in tertiles
or quartiles, accuracy of both methods decreased. For
DNAmTL, the TL accuracy for the tertile
classifier=57%, and for the quartile classifier =42%.
Similar results were noted with qPCR TL (tertile
accuracy=67%, quartile accuracy=52%). Of note, both
DNAmTL and qPCR TL showed highest agreement
with flow FISH at the longest and shortest TL
categories for both tertiles and quartiles.

DISCUSSION
In this study, we found that DNAmTL detected the
expected variations in TL by age, sex, race, and CMV
serostatus (a marker of chronic infection). However, its
correlation with TL measured by flow FISH or qPCR
was modest and the limits of measurement agreement
were wide. On the binary scale, both DNAmTL and
qPCR correctly classified approximately two-thirds of

Figure 2. Correlation of telomere length (TL) measurement tools. (A) DNA methylation telomere length (DNAmTL) and flow FISH TL
in kilobases (kb); (B) DNAmTL and qPCR in z-scores. Dashed line represents perfect agreement. Solid red line represents regression line.
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Figure 3. Telomere length (TL) measurement agreement between measurment tools. (A) DNA methylation telomere length
(DNAmTL) and flow FISH in kilobases (kb); (B) DNAmTL and qPCR in z-scores.
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the individuals into long or short TL (cutoff at the
median) when tested against flow FISH. The accuracy
of both methods declined when TL was classified into
more than two categories. These results suggest there
may be opportunities for using methylation array data to
explore TL variability in large epidemiological studies

but call for caution in directly comparing DNAmTL
results with standard TL measurement methods because
of its limited accuracy.
The current study showed a modest correlation between
DNAmTL and flow FISH (r=0.56), or qPCR (r=0.41).

Figure 4. Classifier matrices comparing telomere length (TL) categories (above and below median). (A) between flow FISH and
DNA methylation telomere length (DNAmTL); (B) between flow FISH and qPCR.
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A previously published report showed a consistent
correlation between DNAmTL and TRF (N of datasets=4,
N of samples = 4788, range of r= 0.41- 0.5), but the
correlation between DNAmTL and qPCR was variable (N
of datasets=3, N of samples = 2136, range of r= -0.010.38) [22]. This may reflect the known lab-to-lab variation
for qPCR TL assay or be affected by assay
reproducibility. Here, we showed a mean CV for
DNAmTL of 1% indicating a high reproducibility of TL
estimates based on 48 replicates. A previous study
showed a CV of 1.7% for TRF and >5% for qPCR [23].
In line with previous studies using the Bland Altman
analysis comparing agreements between TL measurement
methods [24–26], DNAmTL showed acceptable
agreement with TL measured by qPCR (mean bias ± SD
= 0.023 ± 1.09) or flow FISH assay (mean bias ± SD =
0.35 ± 1.86) with almost all observations falling within
two standard deviations for the limits of agreement.
However, the observed wide limits of agreement (e.g., 1.51 to 2.21 kb in the flow FISH comparison) reflect a
lack of accuracy that may limit the applicability of
DNAmTL. When evaluating the ability of DNAmTL or
qPCR to accurately categorize TL as compared with flow
FISH, the study showed attenuated accuracy as the
number of categories increased. This may highlight the
importance of taking assay measurement error into
account when calculating the minimum required sample
size for new studies to be able to detect significant
differences [27, 28].
Despite the modest correlation between DNAmTL and
measured TL by evaluated assays, DNAmTL showed the
expected negative TL-age correlation. Of note, the
observed DNAmTL correlation with age was stronger (r=
-0.64) than that reported with other TL measurement
assays in this dataset (r = -0.30 for qPCR TL, and r= -0.33
for flow FISH TL) [25]. Additionally, in a meta-analysis
of 124 cross-sectional and 5 longitudinal studies, the
pooled TL-age correlation for TRF was r= -0.34 and for
qPCR r= -0.29 [29]. On the other hand, comparisons of
DNAmTL differences across age groups in the current
cross-sectional study suggested that for every year
increase in age, DNAmTL decreased by 21 bp. This is
slightly lower than other methods in which a decrease of
30-60 bp per year was detected [30]. Notably, the
majority of previous literature on TL dynamics also used
a cross-sectional approach; longitudinal studies with serial
samples are needed to address this question. DNAmTL
also detected known TL relationships with sex, race [31,
32] and chronic infections [33, 34]. Of interest, DNAmTL
in the current study detected greater TL differences by
race and sex than those reported by TRF in a study
including 1510 individuals (of whom 142 were African
Americans and 888 were females) [35]. This may
be influenced by sex- or race-specific methylation
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differences [36]. Yet, it is also possible that the relatively
small sample size of certain subgroups in our study may
have resulted in imprecise estimates. DNAmTL also
demonstrated the expected associations with BMI and
smoking behavior in another study [22]. These
observations, despite modest correlations with other
methods, support that DNAmTL may be capturing a
broader aspect of the biological processes underlying
cellular aging than just telomere shortening. Previously
reported in vitro examination of cultured somatic cells
showed that DNAmTL captured cellular proliferation
independent of telomere attrition and telomerase activity
[22]. Therefore, more robust associations between
DNAmTL and TL-related factors that may themselves be
more strongly linked to cellular aging than to telomere
shortening are biologically plausible and point to the
utility of future studies of DNAmTL in capturing such
variations.
The strengths of the current study included the availability
of TL measurements from multiple assays allowing for a
comprehensive comparison with the new DNAmTL
estimator in a relatively large sample size of healthy
individuals. Flow FISH data provided an accurate TL
measurement comparison with DNAmTL, and qPCR data
allowed us to compare DNAmTL to a method widely
used in epidemiological studies. Our study was limited by
the age range (19-61 years), so our estimates may not be
generalizable to all ages. Additionally, our DNAmTL
associations with TL-known factors were not adjusted for
other possible confounders such as socioeconomic status,
smoking, or BMI, due to lack of information. However,
the association between these factors and TL is not firmly
established [37–40]. In addition, the study population
consisted of pre-screened, healthy, HCT donors, therefore
these factors are unlikely to have significant effects on our
results. Although we measured TL using several assays
(flow FISH and qPCR), we were limited by the absence of
TL measurement by TRF, the gold standard in TL
research. Of note, a strong correlation between TL
measured by flow FISH and TRF has been reported (R2 =
0.73; p < 0.001) [41].
In conclusion, the results of this study suggest that
DNAmTL holds promise as a method for approximating
TL as long as its limitations are understood. In the current
era of genomic data sharing there is an opportunity to use
DNAmTL to explore different avenues of telomere and
aging research using methylation data in the public
domain. The sensitivity of DNAmTL in detecting known
TL associations and its ability to approximate average TL
suggest it may have utility in epidemiologic studies.
However, because DNAmTL correlation and agreement
with other methods is only modest, researchers should
exercise caution when using DNAmTL in contexts where
accuracy is of primary importance. Additional studies are
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needed to better understand what specific aspects of
cellular aging or telomere maintenance are being captured
by DNAmTL.

MATERIALS AND METHODS
Study participants
The study participants were HCT donors in the TOAA
project, a collaboration between NCI and CIBMTR
[42]. Blood samples (frozen whole blood (N=416), or
peripheral blood mononuclear cells (PBMC; N=219)
collected before hematopoietic stem cell donation were
available at the CIBMTR biorepository (https://www
.cibmtr.org/Pages/index.aspx).

samples where >4% of probes failed detection (n=2).
Functional normalization was used to account for
potential batch effects using the “minfi” R package. Fortyeight blinded duplicate samples included to assess within
and across plate differences had a high concordance rate
(Pearson’s r ≥ 0.98). The Horvath DNAmTL was used for
TL estimation as previously published [22]. In the original
study, machine learning techniques were used to identify
CpG sites (cytosine-phosphate-guanine dinucleotides)
predictive of TRF-measured leukocyte TL; this resulted in
the selection of 140 specific CpG sites using data from a
diverse sample of 2,256 individuals. The use of linear
regression models allowed for the transformation of DNA
methylation levels to express TL predictions in kb.
Statistical analysis

Telomere length measurement
For the flow FISH assay, total leukocytes were isolated
from cryopreserved PBMCs. The fluorescence intensity
in total lymphocytes and lymphocyte subsets, defined
by labeled antibodies specific for CD20, CD45RA and
CD57, relative to internal control cells and unstained
controls were measured on a FACSCalibur instrument
(Becton Dickinson) to calculate the median telomere
length from duplicate measurements. For the present
study, we analyzed TL measurements for total
lymphocytes. More detailed description of flow FISH
methods used in this study can be found elsewhere [42].
DNA for qPCR assays was extracted with the QIAamp
Maxi Kit procedure (Qiagen, Inc., Valencia, CA). We
used Telo_RP and Telo_FP primers (for the telomeric
PCR) and 36B4_FP and 36B4_RP primers for the
single-copy gene (36B4). Raw T/S ratio was
standardized by dividing the raw ratio with the average
T/S ratio of internal quality control (QC) calibrator
samples. All samples were measured in triplicate and
averages were used in the final calculations. More
detailed description of the qPCR method used in this
study can be found elsewhere [42]. qPCR analysis was
completed in stages; to ensure comparability between
TOAA sub-cohorts, we standardized TL based on the
TL distribution within the sub-cohorts using z-scores
( Z = x−  ) where X is the observed TL, μ is the mean
TL, and σ is the TL standard deviation. Calculated
z-score is interpreted as the number of standard
deviations from the mean.
Prediction of telomere length using DNA methylation
array data
For DNA methylation profiling, we used TOAA blood
extracted DNA and the Illumina Infinium Methylation
EPIC Bead™ array which covers more than 850,000
methylation sites across the genome. We excluded
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We used Pearson’s correlation coefficient to evaluate
the strength of linear association between DNAmTL
and other TL measurement methods (flow FISH, and
qPCR). A multivariable linear regression model was
used to assess the association between DNAmTL and
participant characteristics (age, sex, race, and CMV
serostatus). All tests were two-sided with statistical
significance defined as p < 0.05.
Bland Altman analysis was used to assess agreement
between TL measurement methods by studying the mean
difference between the two methods and constructing
limits of agreement (defined as area within two standard
deviations of the mean difference). The Y-axis shows the
measurement difference, and the X-axis represents the
average of the two measures. Bias is estimated as the
mean difference between TL measurements in each
comparison, with the zero line representing perfect
agreement [43]. We used a classifier matrix (also known
as confusion matrix) to assess the ability of qPCR and
DNAmTL to accurately classify categories of TL in
comparison with flow FISH using the R package (caret).
Performance metrics included accuracy, sensitivity,
specificity, and negative and positive predictive values.
Data analysis and visualization was performed using
SAS® statistical software, version 9.4 and RStudio,
version 1.3.959.
Data availability
Data from this study are available and can be shared
after fulfilling data sharing requirements; all relevant
data and methods are reported in the article.
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ABSTRACT
DNA methylation (DNAm) age estimators are widely used to study aging-related conditions. It is not yet
known whether DNAm age is associated with the accumulation of stochastic epigenetic mutations (SEMs),
which reflect dysfunctions of the epigenetic maintenance system. Here, we defined epigenetic mutation
load (EML) as the total number of SEMs per individual. We assessed associations between EML and DNAm
age acceleration estimators using biweight midcorrelations in four population-based studies (total n =
6,388). EML was not only positively associated with chronological age (meta r = 0.171), but also with four
measures of epigenetic age acceleration: the Horvath pan tissue clock, intrinsic epigenetic age acceleration,
the Hannum clock, and the GrimAge clock (meta-analysis correlation ranging from r = 0.109 to 0.179). We
further conducted pathway enrichment analyses for each participant’s SEMs. The enrichment result
demonstrated the stochasticity of epigenetic mutations, meanwhile implicated several pathways: signaling,
neurogenesis, neurotransmitter, glucocorticoid, and circadian rhythm pathways may contribute to faster
DNAm age acceleration. Finally, investigating genomic-region specific EML, we found that EMLs located
within regions of transcriptional repression (TSS1500, TSS200, and 1stExon) were associated with faster age
acceleration. Overall, our findings suggest a role for the accumulation of epigenetic mutations in the aging
process.

INTRODUCTION

epigenetic age acceleration) have been linked to a large
number of age-related conditions [6, 7, 13–20].

Epigenetic changes are an important hallmark of aging
[1–3]. DNA methylation analysis provided promising
molecular biomarkers of aging [4], with several
epigenetic aging clocks having been introduced and
used by aging researchers in recent years [5–12]. Ageadjusted epigenetic age estimates (referred to as
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Here we set out to investigate whether DNAm clocks
possibly capture any dysfunction of the epigenetic
maintenance system (EMS) of a cell [5, 13, 21]. Age is
known to greatly increase the variability of DNA
methylation levels and the epigenetic profiles of
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monozygotic twins diverge considerably with age [22,
23]. Gentilini et al [24] proposed that stochastic
epigenetic mutations (SEMs) increase exponentially
with chronological age. The association of SEMs and
aging was for the first time longitudinally assessed in
the Swedish twin cohort [25] which confirmed that
epigenetic mutations accumulate with age in an
individual. In addition, SEMs have recently been
associated with hepatocellular carcinoma staging [26],
exposure to endocrine-disrupting compounds [27],
socioeconomic position, and lifestyle factors [28].
Despite extensive research in this field, to our
knowledge, most previous studies focused on
chronological age rather than epigenetic age and
epigenetic age acceleration. One study found SEM
counts to be positively associated with epigenetic age
acceleration based on both the Horvath and Hannum
clocks [27]. Another recent study focused on Hannum,
GrimAge, and intrinsic epigenetic age estimators within
the Generation Scotland and the Lothian Birth Cohort,
and reported positive associations between SEM counts
and all three epigenetic age measurements [29]. To
address the complexity of the aging process and the
biological mechanisms underlying different epigenetic
clocks, it may be useful to systematically study multiple
clocks at the same time. In addition, biologic pathway
enrichment analysis may help us gain an understanding
of the pathophysiology of accelerated aging.

can be interpreted as alternative measure for the decline
of epigenetic maintenance.

We pooled four population-based studies (total n =
6,388) to systematically investigate whether SEM
counts are associated with epigenetic age acceleration.
We included four DNAm aging clocks that represent
different manifestations of the epigenetic aging
processes, including: the pan-tissue chronological age
estimator by Horvath (2013, Horvath clock) [5]; an
intrinsic epigenetic age measure derived from the
Horvath clock by additionally regressing out cell
compositions (intrinsic clock) [30]; the leukocyte-based
chronological age estimator by Hannum et al. (2013,
Hannum clock) [11]; and the epigenetic mortality risk
predictor developed recently by Lu et al. (2019,
GrimAge clock) [7]. Age-adjusted versions of these
biomarkers are generally being referred to as measures
of epigenetic age acceleration and denoted as
AgeAccelHorvath, intrinsic epigenetic age acceleration
(IEAA), AgeAccelHannum, and AgeAccelGrim,
respectively. We also coined the new term “epigenetic
mutation load (EML)” as representing the total number
of SEMs observed for each individual. In this article,
we will 1) relate EML to different epigenetic age
acceleration measures; 2) functionally annotate mutated
CpG sites; 3) conduct biological pathway enrichment
analysis; 4) relate DNA region-specific EMLs to
epigenetic measures of age acceleration; and 5) compare
SEMs with the Shannon entropy measure as the latter

Epigenetic mutation load is the number of SEMs
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RESULTS
Study population demographics
Our study includes 6,388 individuals from 4 studies: the
Framingham Heart Study (FHS) Offspring Cohort, the
Women’s Health Initiative (WHI), the Jackson Heart
Study (JHS), and the Parkinson’s Environment and
Genes (wave 1) known as the PEG1 study.
The main characteristics of the study populations are
shown in Table 1. Briefly, FHS provided data for 2,326
individuals, with nearly half of them male (n = 1077; 46%)
and all are white. Of the 2,091 female participants from the
WHI, 989 (47%) are non-Hispanic white, 431 (21%)
Hispanic, and 671 (32%) African American. JHS
investigated 1,734 African American individuals with a
majority of female participants (n = 1086; 63%). The 237
PEG1 control study participants were mostly non-Hispanic
white (n = 207; 87%), and half were male (n = 126; 53%).
The age ranges varied with the JHS having the largest
range (22-93; mean = 56.2), and WHI the smallest (50-80;
mean = 65.4). Mean ages of all populations ranged
between 56.2 and 67.4. Additional details on cohorts and
participant characteristics can be found in the Methods.

All DNA methylation data was extracted from blood
samples with the Illumina Infinium platform (450K
array for PEG1, FHS, and WHI studies; EPIC array for
WHI). Following a published and validated approach
[24, 26, 31], a SEM is observed for a given person at a
specific CpG site if an individual’s methylation level is
more than three times the interquartile range (IQR)
lower than the 25th percentile (Q1 – 3 × IQR), or more
than three times the IQR higher than the 75th percentile
(Q3 + 3 × IQR). The 25th and 75th percentile, and
correspondingly the IQR, for each CpG locus was
estimated across all samples. Furthermore, we defined
the epigenetic mutation load (EML) of each study
participant according to the total number of SEMs.
EML was highly variable across people (Supplementary
Table 1), with a mean value ranging from 1647 to 3401
depending on the total number of CpGs measured on
different arrays (FHS: 2433; WHI: 1647; JHS: 3401;
PEG1: 2137). Since EMLs were not normally
distributed, natural log-transformed EML values were
used in all analyses.
EML was not associated with microarray slides
(ANOVA p = 0.135) or position on the array (ANOVA
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Table 1. Distribution of demographics and DNAm aging clocks.
Age
Min
Max
Mean (SD)
Sex
Male (%)
Female (%)
Race/Ethnicity
White (%)
Hispanic (%)
African American (%)
Native American (%)
AgeAccelHorvath
Min
Median
Max
Mean (SD)
IEAA
Min
Median
Max
Mean (SD)
AgeAccelHannum
Min
Median
Max
Mean (SD)
AgeAccelGrim
Min
Median
Max
Mean (SD)

FHS (n = 2326)

WHI (n= 2091)

JHS (n= 1734)

PEG 1 (n = 237)

40
92
66.36 (8.94)

50
80
65.34 (7.10)

22
93
56.21 (12.30)

35
92
67.42 (12.82)

1,077 (46)
1,249 (54)

0 (0)
2,091 (100)

648 (37)
1,086 (63)

126 (53)
111 (47)

2,326 (100)
0 (0)
0 (0)
0 (0)

989(47)
431 (21)
671 (32)
0 (0)

0 (0)
0 (0)
1734 (100)
0 (0)

207 (87)
19 (8)
0 (0)
11 (5)

-16.03
-0.38
41.62
-0.08 (4.81)

-22.56
-0.07
29.35
0.10 (5.18)

-16.57
-0.07
22.81
0.04 (4.45)

-13.44
-0.13
22.98
0.00 (5.31)

-21.83
-0.17
26.93
-0.03 (4.59)

-21.46
-0.05
24.89
0.02 (4.88)

-15.67
0.07
22.40
0.05 (4.34)

-12.17
-0.13
20.28
0.00 (4.92)

-19.25
-0.18
27.97
-0.02 (4.83)

-19.50
0.02
18.19
0.02 (4.80)

-11.59
-0.15
19.35
0.03 (3.49)

-12.92
-0.27
12.53
0.00 (4.42)

-10.92
-0.76
22.51
0.02 (4.86)

-10.03
-0.47
16.35
0.01 (3.80)

-13.66
-0.81
24.94
0.01 (4.81)

-8.74
-0.64
14.62
0.00 (4.50)

p = 0.458). Also, EML was not correlated with the
average intensity of bisulfite conversion controls
(Pearson r = -0.085, p = 0.194). Thus, we concluded
that the EML was independent of batches or other
technical aspects.

Supplementary Figure 1). Meanwhile, the epigenetic
estimate of telomere length, DNAmTL, was negatively
correlated with chronological age and the epigenetic age
estimates (Pearson r ranging from -0.63 to -0.72,
Supplementary Figure 1).

Correlations among DNAm aging clocks

For each clock, we calculated DNA methylation-based
age acceleration based on the residuals of the regression
of DNA methylation age on each participants’
chronological age. Thus, due to this approach, none of
the epigenetic measures of age accelerations are
correlated with chronological age (Pearson r = 0) as can
be seen from Figure 1 and Supplementary Figure 2.
AgeAccelHorvath is highly correlated (Pearson r = 0.93)
with IEAA because both are based on the Horvath pan
tissue clock. AgeAccelHannum was moderately
associated with both AgeAccelHorvath and IEAA
(Pearson r = 0.48 and 0.4 respectively). AgeAccelGrim
showed only weak correlations with the other epigenetic
measures of age acceleration which reflects the fact that

We calculated all DNAm aging estimators including the
Horvath clock, the Hannum clock, the GrimAge clock,
the PhenoAge clock, the SkinBlood clock, as well as an
epigenetic estimate of telomere length (DNAmTL)
using the online DNA Methylation Age Calculator
(https://dnamage.genetics.ucla.edu/).
As expected, chronological age was strongly positively
correlated with all epigenetic age estimators (Pearson r
ranging from 0.79 to 0.93, Supplementary Figure 1),
and these aging clocks were also strongly correlated
with each other (Pearson r ranging from 0.73 to 0.90,

www.aging-us.com

17865

AGING

GrimAge clock is a mortality risk predictor as opposed to
an age estimator. Overall, the moderate pairwise
correlations between the DNAm based biomarkers reflect
different properties: some are highly confounded by
blood cell composition and capture immunosenescence
(Hannum, GrimAge, DNAmTL) while others are not
(Horvath pan tissue, IEAA) [13, 32].
Association between EML and DNAm aging clocks
We estimated the association between EML,
chronological age, cell composition, and DNAm age
acceleration using biweight midcorrelation (bicor) for
each dataset separately and calculated pooled statistics
using Stouffer’s method. Bicor is a median-based
measurement of correlation that is robust to outliers [33].
We adjusted for potential confounders including age, sex,

race/ethnicity, and cell compositions (naïve CD8 cells,
CD8+CD28-CD45RA- T cells, Plasma Blasts, CD4 T
cells, and Granulocytes) by regressing out the effects of
these factors and retaining the residuals only for analysis.
Results for AgeAccelHorvath, IEAA, AgeAccelHannum,
and AgeAccelGrim are shown in Table 2 and Figure 2,
while other clocks can be found in Supplementary Table
2. These analyses show that EML per study participant
was positively correlated with chronological age (meta r =
0.171, meta P-value = 1.64E-42). Furthermore, EML was
negatively correlated with CD4+ T cells (meta r = -0.121,
meta P-value = 4.24E-22), plasmablasts (meta r = -0.085,
meta P-value = 1.14E-11), and granulocytes (meta r = 0.064, meta P-value = 3.70E-07), but positively with
exhausted CD8+ (defined as CD8+CD28-CD45RA-) T
cells. These results are consistent with known age-related
changes in blood cell composition [34, 35].

Figure 1. Heatmap of pairwise correlations of chronological age and epigenetic age accelerations. The heat map color-codes the
pairwise Pearson correlations of chronological age and epigenetic age accelerations in the Framingham Heart Study (N=2326). Age represents
the chronological age. AgeAccelHorvath, IEAA, AgeAccelHannum, and AgeAccelGrim represent measures of epigenetic age acceleration
derived from the Horvath pan tissue clock, the intrinsic clock, the Hannum clock, and the GrimAge clock, respectively. The shades of color
(blue, white, and red) visualize correlation values from -1 to 1. Each square reports a Pearson correlation coefficient.
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Table 2. Biweight midcorrelation analysis of EML.
Outcome = log(EML) **
Age
DNAm Age Acceleration
AgeAccelHorvath
IEAA
AgeAccelHannum
AgeAccelGrim
Cell types
CD8.naive
CD8pCD28nCD45RAn
PlasmaBlast
CD4T
Gran

Meta *
FHS (n = 2326) WHI (n= 2091) JHS (n= 1734) PEG 1 (n = 237)
Meta r Meta P_value Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value
0.171
1.64E-42
0.244 7.15E-33 0.104 1.73E-06 0.145 1.50E-09 0.176 6.45E-03
0.109
0.112
0.179
0.162

3.25E-18
4.04E-19
2.43E-46
2.25E-38

0.106
0.109
0.225
0.173

3.11E-07
1.26E-07
4.12E-28
3.74E-17

0.140
0.144
0.156
0.180

1.34E-10
3.85E-11
6.55E-13
9.91E-17

0.079
0.080
0.148
0.111

9.68E-04
8.50E-04
6.33E-10
3.46E-06

0.071
0.073
0.095
0.224

2.75E-01
2.63E-01
1.46E-01
5.23E-04

-0.021
0.077
-0.085
-0.121
-0.064

9.19E-02
9.23E-10
1.14E-11
4.24E-22
3.70E-07

-0.072
0.085
-0.054
-0.146
-0.075

5.20E-04
3.90E-05
8.94E-03
1.68E-12
2.72E-04

0.020
0.086
-0.070
-0.113
-0.016

3.66E-01
8.16E-05
1.39E-03
2.17E-07
4.74E-01

-0.011
0.052
-0.140
-0.096
-0.091

6.58E-01
2.88E-02
4.89E-09
6.79E-05
1.60E-04

0.042
0.082
-0.110
-0.118
-0.170

5.23E-01
2.07E-01
9.23E-02
6.95E-02
8.67E-03

*

Meta-analysis using Stouffer’s method with weights given by the square root of the number of (non-missing) samples in each
data set.
**
Adjusted for Age, Sex, Race/ethnicity, Cell types.

EML
was
also
positively correlated
with
AgeAccelHorvath, IEAA, AgeAccelHannum, and
AgeAccelGrim, with AgeAccelHannum exhibiting the
strongest correlation (meta r = 0.179; meta P-value =
2.43E-46).
We further distinguished between epigenetic age
acceleration and deceleration to determine correlations
with EML. The correlation between EML and age
acceleration was largely the same as what we presented
originally. Interestingly, the correlation between EML
and age deceleration was much smaller in size and less
statistically significant (see Supplementary Table 3).

loose SEM: defined as a specific CpG site with its
methylation level exceeding two times the interquartile
range (IQR) of the first quartile (Q1 – 2 × IQR) or the
third quartile (Q3 + 2 × IQR) across all subjects; and 2)
stringent SEM: defined as a specific CpG site with its
methylation level exceeding four times the interquartile
range (IQR) of the first quartile (Q1 – 4 × IQR) or the
third quartile (Q3 + 4 × IQR) across all subjects. We
then calculated the total number of SEMs according to
the loose and stringent definition for each person (loose
or stringent EML, respectively). The biweight
midcorrelations between loose or stringent EMLs and
measures of epigenetic age accelerations were very
similar to the original results (Supplementary Table 7).

Sensitivity analyses
We evaluated associations between EML, chronological
age, cell compositions, and age accelerations in males
and females separately (Supplementary Table 4). For
both sexes, EML remained positively correlated with
chronological age, exhausted CD8+ T cells, and age
acceleration suggesting that EML and age acceleration
are independent of sex.
Several sensitivity analyses were conducted to ensure
the reliability and reproducibility of the observed
associations. To address a possibly non-linear
relationship between epigenetic aging and chronological
age, we additionally adjusted for a square term in age,
(age2, Supplementary Table 5). Also, to assess the
potential for additional confounding, we adjusted for
body mass index (Supplementary Table 6). This led to
qualitatively similar results.
In order to explore whether the criteria used to define
SEM will change results, we conducted another
sensitivity analysis using two new SEM measures: 1)
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We also explored the effect of different normalization
methods for the methylation data (Illumina background
correction, functional normalization, Noob, and quantile
normalization). We found that the association between
EML and age acceleration was not influenced by the
normalization method (Supplementary Table 8).
Functional annotations
To test whether individual SEMs were randomly
distributed across the genome or were more likely to be
found in certain genomic regions or biological
pathways, we conducted enrichment analyses to assess
whether SEMs were enriched in clock-CpGs (Horvath
clock, PhenoAge clock, Hannum clock), genomic
regions (transcription start sites (TSS1500, TSS200),
untranslated regions (5’UTR, 3’UTR ), 1st Exon, and
gene body), or regulatory features (i.e., enhancers,
DNase hypersensitive sites, open chromatin regions,
transcription factor binding site, promoters). For each
participant, we first annotated the probes and each
mutation based on the location related to genes (i.e.,

AGING

TSS1500, TSS200, 5’UTR, 1st EXON, gene body,
3’UTR), or regulatory features using the manifest
provided by Illumina. Then we conducted
hypergeometric tests for each region and each subject

separately using a nominal significance threshold of
0.05. Last, for each region, we summarized the number
of individuals for which the test was significant
(Supplementary Tables 9–11).

Figure 2. Correlations between EML and epigenetic age accelerations. Scatter plots of DNAm age acceleration estimators (x-axis;
AgeAccelHorvath, IEAA, AgeAccelHannum, and AgeAccelGrim in each column, respectively) versus natural log-transformed EMLs (y-axis).
Data from FHS, WHI, JHS, and PEG1 are plotted in four rows respectively. Each panel reports a biweight midcorrelation coefficient and
correlation test p-value.
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The results show that for each clock-CpG set or region,
only a small proportion of participants have their SEMs
enriched which illustrating both the stochastic nature
and inter-personal variation of SEMs.
Pathway enrichment analysis
Next, we examined whether, among study participants
who exhibit faster age accelerations, SEMs are enriched
in particular biological pathways. We first conducted
KEGG pathway enrichment analyses for each study
participant. Then for each KEGG pathway, we
calculated the number of people with enriched SEMs
for this particular pathway. Finally, we investigated the
association between SEMs enrichment in a particular
pathway and age accelerations using linear regression.
Additional details can be found in the method section.
Supplementary Tables 12–16 showed the top 10
pathways that were commonly enriched in each study,
and generally we found that SEMs enriched in these
pathways were also statistically significantly associated
with faster age accelerations (AgeAccelHorvath, IEAA,
AgeAccelHannum, and AgeAccelGrim, respectively).
Briefly, in all four study populations, we identified similar
enrichment patterns, and SEMs enriched in signaling
pathways, axon guidance, glutamatergic synapse,
morphine addiction, glucocorticoid pathway (Cushing
syndrome), or circadian rhythm pathways were associated
with faster AgeAccelHorvath, AgeAccelHannum, and
IEAA. Whereas the associations between pathway
enrichment and AgeAccelGrim or AgeAccelPheno were
less strong and not necessarily statistically significant. We
only observed SEMs enriched in neuroactive ligandreceptor interaction was associated with faster
AceAccelGrim and AgeAccelPheno.
Region-specific EML
To address the functionality of SEMs on biological age
acceleration, we calculated the number of SEMs colocated with clock CpGs for each study participant (i.e.,
clock-specific SEMs) and assessed whether there were
any clock-specific EMLs corresponding to age
acceleration (Supplementary Table 17), but we
observed no statistically significant association with the
three clocks tested (Horvath clock: 353 CpGs; Hannum
clock: 71 CpGs; PhenoAge clocks: 513 CpGs).
Next, we divided CpGs into different genomics
region/regulatory feature groups based on the
annotations, and then calculated EMLs within each
region for each study participant (i.e., genomic regionspecific EML; regulatory region-specific EML) (Table
3 and Supplementary Table 18). EMLs in TSS1500,
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TSS200, and the 1stExon regions were related to faster
age accelerations. Also, EML in DNase hypersensitive
regions was positively correlated with faster age
accelerations. In contrast, 3’UTR specific-EML was
associated with younger chronologic age and slower age
acceleration.
The direction of SEM
Based on the direction of the mutation, we separated
SEMs into hypomethylated SEM (Q1 – 3 × IQR) and
hypermethylated SEM (Q3 + 3 × IQR) and calculated
hypomethylated
and
hypermethylated
EMLs
respectively within FHS. We assessed the correlations
between the newly calculated directional EMLs and
epigenetic age acceleration. The results remained
largely the same (See Supplementary Table 19).
Furthermore, consistent with previous studies [29],
hypermethylated SEMs were mainly located in CpG
islands, while hypomethylated SEMs were enriched in
the open seas (see Supplementary Tables 20, 21).
Shannon entropy,
acceleration

EML,

and

DNAm

age

As an alternate measure for a well-functioning EMS
that maintains genomic stability, we calculated the
Shannon entropy of the whole methylome based on the
450K or EPIC array. An increase in entropy means that
the methylome becomes less predictable across the
population of cells, i.e. when the methylation fractions
(beta values) tend towards 50%.
We found the Shannon entropy to be positively correlated
with chronologic age (meta r = 0.046, meta P-value =
2.16E-04), EML (meta r = 0.234, meta P-value = 7.71E78), and all four measures of age accelerations (meta Pvalue: AgeAccelHorvath = 8.79E-09, IEAA = 6.56E-04,
AgeAccelHannum = 1.80E-22, AgeAccelGrim = 1.67E22) (Table 4 and Supplementary Table 22).

DISCUSSION
It has previously been proposed that aging-related
decline in epigenetic maintenance increases the
occurrence of SEMs in individuals [24, 25]. Our data
suggest that the EML per study participant are weakly
but statistically significantly associated with several
widely used measures of epigenetic age acceleration
based on epigenetic clocks.
It has been hypothesized that DNA methylation clocks
may capture the imperfection of the EMS resulting in
epigenetic instability [5, 13, 21]. Our study provides
new evidence for this hypothesis showing that the
accumulation of stochastic epigenetic mutations is
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Table 3. Meta-analysis *: Biweight midcorrelation analysis of genomic region-specific EML.
Outcome = log(RegionEML) **
Age
DNAm Age Acceleration
AgeAccelHorvath
IEAA
AgeAccelHannum
AgeAccelGrim
Cell types
CD8.naive
CD8pCD28nCD45RAn
PlasmaBlast
CD4T
Gran

TSS1500
(50999 CpGs)
Meta
Meta
r
P_value
0.103 1.42E-16

TSS200
(41175 CpGs)
Meta
Meta
r
P_value
0.074 3.39E-09

5'UTR
(23024 CpGs)
Meta
Meta
r
P_value
-0.046 2.44E-04

1stExon
(7669 CpGs)
Meta
Meta
r
P_value
0.126 7.86E-24

Gene Body
(135960 CpGs)
Meta
Meta
r
P_value
-0.122 1.81E-22

3'UTR
(14010 CpGs)
Meta
Meta
r
P_value
-0.085 1.38E-11

0.050
0.058
0.098
-0.001

7.35E-05
3.16E-06
5.06E-15
9.40E-01

-0.004
-0.006
0.076
0.054

7.52E-01
6.52E-01
1.62E-09
1.45E-05

-0.055
-0.052
-0.044
-0.012

9.43E-06
2.94E-05
4.93E-04
3.57E-01

0.074
0.067
0.154
0.082

4.13E-09
9.83E-08
1.00E-34
6.30E-11

-0.060
-0.063
-0.140
-0.053

1.96E-06
4.04E-07
4.87E-29
1.94E-05

-0.064
-0.064
-0.111
-0.073

3.35E-07
2.66E-07
6.74E-19
5.52E-09

-0.048
0.043
0.041
0.043
-0.008

1.23E-04
5.51E-04
1.04E-03
5.19E-04
5.43E-01

-0.035
-0.032
-0.019
-0.066
-0.082

5.18E-03
1.07E-02
1.28E-01
1.34E-07
5.17E-11

-0.023
0.015
-0.019
-0.013
-0.039

6.55E-02
2.25E-01
1.23E-01
2.91E-01
1.85E-03

-0.044
-0.020
-0.022
-0.095
-0.113

4.66E-04
1.08E-01
7.45E-02
2.97E-14
1.82E-19

0.053
0.016
-0.023
0.002
0.067

1.96E-05
2.06E-01
6.96E-02
8.74E-01
9.65E-08

0.037
-0.018
-0.012
0.024
0.065

3.10E-03
1.41E-01
3.32E-01
5.09E-02
1.72E-07

*

Meta-analysis using Stouffer’s method with weights given by the square root of the number of (non-missing) samples in
each data set.
**
Adjusted for Age, Sex, Race/ethnicity, Cell types, Log(total EML).

Table 4. Association between Shannon entropy and age, AgeAccel, EML.
Outcome =Entropy **
Age
DNAm Age Acceleration
AgeAccelHorvath
IEAA
AgeAccelHannum
AgeAccelGrim
EML

Meta r
0.046
0.072
0.043
0.122
0.122
0.234

Meta *
Meta P_value
2.16E-04
8.79E-09
6.56E-04
1.80E-22
1.67E-22
7.71E-78

FHS (n = 2326)
Bicor r
P_value
0.001
9.55E-01
0.081
0.035
0.155
0.077
0.089

9.11E-05
9.02E-02
6.23E-14
1.89E-04
1.63E-05

WHI (n= 2091)
JHS (n= 1734)
PEG 1 (n = 237)
Bicor r
P_value Bicor r P_value Bicor r P_value
0.068
2.01E-03 0.071 2.92E-03 0.117 7.30E-02
0.160
0.131
0.136
0.228
0.294

1.76E-13
1.70E-09
4.60E-10
3.86E-26
6.87E-43

-0.039
-0.052
0.063
0.043
0.325

1.02E-01
3.16E-02
9.10E-03
7.17E-02
7.22E-44

0.006
0.018
0.096
0.164
0.281

9.22E-01
7.83E-01
1.41E-01
1.14E-02
1.10E-05

*

Meta-analysis using Stouffer’s method with weights given by the square root of the number of (non-missing) samples in each
data set.
**
Adjusted for Age, Sex, Race/ethnicity, Cell types.

associated with epigenetic age acceleration according to
four clocks: the Horvath, the intrinsic, the Hannum, and
the GrimAge clock. The first three clocks have been
built to predict chronological age while the GrimAge
clock was designed as a mortality risk predictor that
explicitly uses chronological age as one of its
predictors. We observed statistically significant
associations between EML and age acceleration
measured by all four clocks, with the AgeAccelHannum
and AgeAccelGrim being most strongly associated with
EML. One explanation might be that these clocks have
different relationships to blood cell composition. While
measures of epigenetic age acceleration based on
Horvath's pan tissue clock, AgeAccelHorvath and
IEAA, are at best weakly related to changes in blood
cell
composition,
AgeAccelHannum
and
AgeAccelGrim correlate more strongly with blood cell
counts and markers of immunosenescence. Therefore,
similar to the Hannum and GrimAge clocks, EML also
reflects changes in blood cell composition i.e. the
immune system. Previously, studies showed that DNAm
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biomarkers of aging that capture altered immune cell
composition are better predictors of mortality [7, 13].
Thus, not only the intracellular accumulation of
epigenetic mutations we investigated here, but also
changes in cell composition contribute to EML as part
of the biological aging processes that diverge from
chronological age. This finding is also consistent with
several previous studies [25, 27, 29].
It is worth noting that only the intracellular
accumulation of epigenetic mutations suggests that an
insufficient EMS may be involved in increasing the
EML, thus we ascribe greater weight and importance to
the correlations with the Horvath clock and IEAA. The
relatively weak correlations between EML and
AgeAccelHorvath or IEAA indicate that these DNAm
age estimators also capture other hallmarks of the aging
process apart from a dysfunctional EMS [3]. The size
of the correlations for these age acceleration measures
and EML are comparable to those reported for many
other known risk factors of aging. For example, in the
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WHI cohort, the correlation between BMI and
AgeAccelGrim is 0.14; the correlation between
exercise and AgeAccelGrim is -0.1; and the
correlations for many other risk factors are below +/0.3 (See Lu et al) [7]. Correlations between risk factors
and IEAA are even smaller (r between 0.08 and -0.06,
see Quach et al. Figure 1) [36]. Nevertheless, the fact
that associations between EML and AgeAccelHorvath
or IEAA are, at best, weak reminds us that other
mechanisms and factors apart from EMS also play
important roles in the ageing process. Indeed, future in
vivo or in vitro studies are needed to better understand
the causal relationship between EML and epigenetic
aging.
EML exhibited much stronger correlations with age
acceleration than deceleration. This result suggests that
epigenetic age acceleration and deceleration may have
different biological mechanisms, and that the
maintenance of epigenetic stability plays more of a role
in the acceleration of epigenetic age than the
deceleration.
Our finding that EML is statistically significantly albeit
weakly correlated with various measures of epigenetic
age acceleration is consistent with several previous
studies [27, 29]. In order to understand the biological
foundation for EML contributions to the epigenetic
aging process, we conducted several functional and
pathway enrichment analyses. Functional annotation
and pathway enrichment analysis showed no
predominant regions or biological pathways as being
enriched with SEMs. This is in line with previous
observations that a majority of SEMs are randomly
distributed across the genome and that the locations
necessarily differ between individuals as the name
suggests [27]. Despite this inherent inter-individual
variation, we found that individuals with SEMs
enriched in signaling pathways, neurogenesis,
neurotransmission, glucocorticoid, or circadian rhythm
pathways were more likely to show age acceleration as
measured
by
AgeAccelHorvath,
IEAA,
and
AgeAccelHannum. These non-random patterns – if
confirmed – may very well reflect the accumulation of
SEMs in pathways related to biological mechanisms
that are involved in aging. For example, some signaling
pathways such as oxytocin signaling and MAPK/ERK
signaling pathway have been associated with agerelated muscle maintenance and regeneration [37],
while excess glucocorticoid levels may reflect a lifelong
accumulation of stressors and this pathway plays a key
role in frailty [38] and the aging process [21].
Furthermore, some clock-CpGs are located in
glucocorticoid response elements [39]. We also found
SEMs enriched in several neurogenesis or
neurotransmission-related pathways that may be
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contributing to the ticking rate of clocks. This is
consistent with the previous finding that DNAm age
acceleration is linked to neuropathology [18, 40],
especially Parkinson’s disease [16] and Down syndrome
[15]. Moreover, our finding of SEM enrichment in the
circadian entrainment pathway supports the hypothesis
that the DNAm age estimators are related to the
oscillation of the circadian rhythm [13]. Interestingly,
although patterns were similar, we found less evidence
for pathway enrichment with SEMs and age
acceleration based on the GrimAge and PhenoAge
clocks. This may again underscore that different clocks
indeed capture different aspects of the aging process.
EMLs within TSS1500, TSS200, and especially the
1stExon regions were found to be associated with faster
age accelerations, and for these regions methylation
levels have been shown to be related to gene expression
[41, 42]. Therefore, our result may suggest that the
accumulation of random epigenetic mutations in these
regions may influence biological aging processes
through gene expression regulation. Interestingly, even
though we would also have expected this, we did not
observe such associations for promoter regions. Further
studies are needed to investigate the biologic
consequences of region-specific effects of epigenetic
mutations on aging.
The Shannon Entropy measure reflects higher levels of
entropy such that the methylome becomes less
predictable across the population of cells due to the
failure of DNAm maintenance [11]. Epigenetic
Shannon entropy as well as this measure’s variability
increase with age [10, 11, 43, 44]. In our study, EML
and Shannon entropy was strongly correlated,
confirming that both measure aspects of the EMS, even
though EML and entropy capture different aspects of
epigenetic stability. SEM represents rare methylation
value extremes at a site due to the accumulation of
maintenance failures whereas entropy reflects an
ongoing ‘smoothing’ of the epigenetic landscape such
that beta values tend towards 50% [45].
There are limitations of our study. First, it is possible
that some unmeasured confounders biased our results.
Sensitivity analyses, however, showed that the SEM
measure was not affected by potential technical artifacts
or poor sample quality, and the association between
EML and age acceleration was independent of potential
confounders including chronological age, sex,
race/ethnicity, and BMI. Hence, although technical
effects and confounding are hard to avoid, the observed
associations between EML and age accelerations were
robust to adjustments for a number of covariates.
Second, from all four studies, we only had crosssectional data available. Therefore, we were unable to
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investigate the accumulation of epigenetic mutations
over time within individuals. Finally, DNA methylation
was measured in blood samples only. Therefore,
pathway results need to be interpreted with caution as
many of the identified pathways listed above have no
direct relevance to the function of the blood tissue.
While this seems to support the inherent randomness of
SEMs, stochastic epigenetic mutations may still
accumulate in a non-random pattern within certain
biological pathways if repair mechanisms fail
systematically due to properties related to these
pathways across different tissues. Also, it has been
shown that epigenetic changes in blood may indeed
reflect epigenetic fingerprints of other target tissues [46,
47]. Nevertheless, tissue- and cell-specific analyses are
needed to better understand the relationship between
stochastic epigenetic mutations and aging processes in
different tissues.
In summary, using large datasets from multiple
population-based studies, we were able to show that
EML per study participant is associated with different
epigenetic aging markers (aging clocks) and importantly
with epigenetic age acceleration. Moreover, epigenetic
mutations enriched in particular biological pathways or
genomic regions related to gene expression were
associated with accelerated aging and these may
contribute to the ticking of the epigenetic clock. Our
findings from pathway enrichment analyses also suggest
some interesting biological mechanisms that may
influence the ticking of the epigenetic aging clocks and
drive the acceleration of the biological aging process.

MATERIALS AND METHODS
Study population
Our study is based on data from four studies: the
Framingham Heart Study (FHS) Offspring Cohort, the
Women’s Health Initiative (WHI), the Jackson Heart
Study (JHS), and the Parkinson’s Environment and
Genes (wave 1) known as the PEG1 study.
We used 2,326 individuals from the FHS Offspring cohort
[48]. The FHS cohort is a large-scale longitudinal study
started in 1948, initially investigating the common factors
of characteristics that contribute to cardiovascular disease
(CVD)
(https://www.framinghamheartstudy.org/index.
php). The study at first enrolled participants living in the
town of Framingham, Massachusetts, who were free of
overt symptoms of CVD, heart attack, or stroke at
enrollment. In 1971, the study started FHS Offspring
Cohort to enroll a second generation of the original
participants’ adult children and their spouses (n= 5124)
for conducting similar examinations. The FHS Offspring
Cohort collected medical history and measurement data,
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immunoassays at exam 7, and blood DNA methylation
profiling at exam 8. Participants from the FHS Offspring
Cohort were eligible for our study if they attended both
the seventh and eighth examination cycles and consented
to have their molecular data used for the study. We used
the 2,326 participants from the group of Health/
Medical/Biomedical (IRB, MDS) consent and available
for both Immunoassay array DNA methylation array data.
The FHS data are available in dbGaP (accession number:
phs000363.v16.p10 and phs000724.v2.p9).
The WHI is a national study that enrolled
postmenopausal women aged 50-79 years into the
clinical trials (CT) or observational study (OS) cohorts
between 1993 and 1998 [49, 50]. We included 2,091
WHI participants with available phenotype and DNA
methylation array data from “Broad Agency Award 23”
(WHI BA23). WHI BA23 focuses on identifying
miRNA and genomic biomarkers of coronary heart
disease (CHD), integrating the biomarkers into
diagnostic and prognostic predictors of CHD and other
related phenotypes, and other objectives can be found in
https://www.whi.org/researchers/data/WHIStudies/Stud
ySites/BA23/Pages/home.aspx.
The JHS is a large, population-based observational
study evaluating the etiology of cardiovascular, renal,
and respiratory diseases among African Americans
residing in the three counties (Hinds, Madison, and
Rankin) that make up the Jackson, Mississippi
metropolitan area [51]. The age at enrollment for the
unrelated cohort was 35-84 years; the family cohort
included related individuals >21 years old. Participants
provided extensive medical and social history, had an
array of physical and biochemical measurements and
diagnostic procedures, and provided genomic DNA
during a baseline examination (2000-2004) and two
follow-up examinations (2005-2008 and 2009-2012).
Annual follow-up interviews and cohort surveillance are
ongoing. In our analysis, we used the visits at baseline
from 1,734 individuals as part of project JHS ancillary
study ASN0104, available with both phenotype and
DNA methylation array data.
The PEG1 study was conducted during 2000-2007 to
investigate the causes of Parkinson's disease (PD) in
agricultural regions of the California central valley. We
analyzed blood samples from 238 healthy controls
enrolled from Kern, Tulare, or Fresno counties.
Controls were required to be over the age of 35, having
lived within one of the counties for at least 5 years prior
to enrollment, and do not have a diagnosis of
Parkinsonism. Demographic information, lifestyle
factors, and medication use were collected in
standardized interviews, including lifetime information
of cigarette smoking and coffee/ tea consumption.
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For PEG1, FHS, and WHI, peripheral blood samples
were collected, and bisulﬁte conversion using the
Zymo EZ DNA Methylation Kit (Zymo Research,
Orange, CA, USA) as well as subsequent hybridization
of the HumanMethylation450k Bead Chip (Illumina,
San Diego, CA), and scanning (iScan, Illumina) were
performed according to the manufacturer’s protocols
by applying standard settings. For JHS, DNA
methylation quantification was conducted using
HumanMethylation EPIC Bead Chip (Illumina, San
Diego, CA).

interquartile range above the third quartile or below
the first quartile was identified as a SEM. Toward this
end, we calculated the IQR for each of the 438,050
probes in each dataset (for PEG1, FHS, and WHI) or
the 793,969 probes (for JHS). Then, SEMs were
identified based on extreme methylation levels.
Finally, we summed across the count of all SEMs per
sample and defined the total number of SEMs of each
study participant as epigenetic mutation load (EML).
EML was not normally distributed; therefore, we used
the natural log of the number of SEMs for all
regression analyses.

Preprocess
For PEG1 samples, raw signal intensities were retrieved
using the function read.metharray.exp of the R package
minfi from the Bioconductor open-source software
(http://www.bioconductor.org/), followed by linear dye
bias correction, noob background correction, and
functional normalization using the same R package
[52–55]; -value was used for all the analyses. One
sample was identified as low quality due to low
median methylated and unmethylated signal intensities
across the entire array and thus removed from the
study population. Detection p-values were derived
using the function detectionP as the probability of the
total signal (methylation + unmethylated) being
detected above the background signal level, as
estimated from negative-control probes. All in all,
845 probes with a detection p-value above 0.05 in at
least 5% of samples were removed. Also, 645 probes
with a bead count <3 in at least 5% of samples; 11,334
probes on the X or Y chromosome; 7,306 probes
containing a SNP at the CpG interrogation site and/or
at the single nucleotide extension for 5% maf; and
27,332 cross-reactive probes were also removed. In
total, 438,050 probes were included for downstream
analyses.
For FHS and WHI samples, 11,334 probes on the X or
Y chromosome; 7,306 probes containing a SNP at the
CpG interrogation; and 27,332 cross-reactive probes
were also removed. In total, 439,540 probes were
included for downstream analyses.
For JHS samples, 19,532 probes on the X or Y
chromosome; 53,435 probes containing a SNP at the
CpG interrogation and cross-reactive were also
removed. In total, 793,869 probes were included for
downstream analyses.
SEM calculation
The calculation of SEM was consistent with a
previously published and validated approach [24, 26,
31]. CpG with methylation levels three times the
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In FHS, we separated SEMs into hypermethylated and
hypomethylated SEMs based on the direction of the
mutation. We also defined consistently hypermethylated
or hypomethylated SEMs as a CpG mutated in the same
direction in more than 10 participants.
In order to assess whether the criteria used for SEMs
will change the results, we defined loose SEM and
stringent SEM as described above. We then calculated
the total numbers of loose and stringent SEMs for each
person.
DNA methylation age
We included eight different DNAm aging biomarkers in
this study. Utilizing our online DNA Methylation Age
Calculator (https://dnamage.genetics.ucla.edu/), we
calculated DNA methylation-based ages and the age
accelerations based on the residuals of the regression of
DNA methylation age on each participants’
chronological age for each clock.
Four types of DNA methylation-based biomarkers
were included in the main analyses. Briefly, Horvath
clock was calculated using a linear combination of 353
CpGs that have previously been shown to predict
chronological age in multiple tissues [5]; and the
intrinsic clock was derived from the Horvath clock by
additionally regressing out cell compositions [30];
Hannum clock was calculated using a linear
combination of 71 CpGs to predict chronological age
in blood [11]; and GrimAge clock) was calculated
from a linear combination of 7 DNAm plasma protein
surrogates and a DNAm-based estimator of smoking
pack-years designed to predict mortality [7].
Other DNAm aging biomarkers were included in the
Supplementary analyses, including: the extrinsic clock
[30], PhenoAge clock [6], SkinBlood clock [56],
DNAm based estimator of telomere length [57], each of
the 7 DNAm protein surrogates underlying the
definition of the GrimAge clock [7], as well as DNAm
based estimate of smoking pack-years.
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Cell composition
White blood cell composition was imputed for each
study participant using our online published DNA
Methylation Age Calculator, https://dnamage.genetics.
ucla.edu/. The following imputed blood cell counts
were included in downstream analyses: CD4+ T,
naïve CD8+ T, exhausted cytotoxic CD8+ T cells
(defined as CD8 positive CD28 negative CD45R
negative, CD8+CD28-CD45RA-), plasmablasts, and
granulocytes. Naïve CD8+ T, exhausted cytotoxic
CD8+ T cells, and plasmablasts were calculated based
on the Horvath method [58]. The remaining cell types
were imputed using the Houseman method [59].
Shannon entropy
The formula of Shannon entropy is:

Entropy 

1
N  log 2 ( )
2
N

[  log ( )  (1   )
i

2

i

i

i 1

 log 2 (1  i )]
where βi represents the methylation beta value for the ith
probe (CpG site) in the array, N represents the total
number of probes included in the formula [11].
Statistical analysis
All analyses were conducted using R v3.6.1. We used
Pearson correlations to assess the relations between
different DNAm ages and age accelerations. We
evaluated potential batch effects by assessing the
difference of EMLs in microarray slides or position on
the array with the ANOVA test. To eliminate the
possibility that SEMs are driven by incomplete bisulfite
conversion, Pearson correlations between EMLs and the
average intensity of bisulfite conversion controls were
also calculated. Average intensity of bisulfite
conversion controls was derived using the ENmix R
package [60].
To assess the association between EML and age/age
accelerations/cell compositions, we applied biweight
midcorrelation (bicor) implemented in the WGCNA R
package. We adjusted for potential confounders
including age, sex, race/ethnicity, and cell compositions
(naïve CD8 cells, CD8+CD28-CD45RA- T cells,
Plasma Blasts, CD4 T cells, and Granulocytes) by
regressing out the effects of these factors and retaining
the residuals of log(EML)only for analysis.
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To evaluate the effect of data preprocessing steps,
we repeated the analysis using four different
normalization
methods
(Illumina
background
correction, noob, functional normalization, and quantile
normalization implemented in the minfi package) in the
PEG dataset.
We analyzed each dataset separately, therefore in order
to obtain an overall p-value across all four studies, we
conducted meta-analyses using Stouffer’s method for
meta-analysis estimates of the correlation coefficient
(meta r), and the corresponding two-sided p-values
(meta p-value).

1



We also conducted stratified analyses to evaluate the
associations between EML, chronological age,
epigenetic estimates of cell composition, and
epigenetic age acceleration in males and females
separately for the PEG1, FHS, and JHS studies. To
ensure the reliability and reproducibility of the
associations, several sensitivity analyses were
conducted. In addition to the potential confounders
mentioned above, we adjusted for a quadratic term in
age (age^2) to account for non-linear relationships and
body mass index.
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Functional annotation, region-specific SEMs, and
pathway enrichment analysis
For each participant, we annotated the probes and SEMs
based on the location in relation to genes (TSS1500,
TSS200, 5’UTR, 1st Exon, gene body, and 3’UTR), or
regulatory features (enhancer region, DNase
hypersensitive region, open chromatin region,
transcription factor binding site, and promoter region)
using the manifest provided by Illumina. To test
for region specific enrichment, we conducted
hypergeometric tests for each region and each subject
separately. A p-value less than 0.05 was considered
statistically significant. For biological pathway
enrichment analysis, the enrichKEGG function
implemented in the ClusterProfiler package [61] was
used to assess whether study participant’s SEMs were
enriched in particular KEGG pathways (P-value
threshold = 0.05). For each genomic region or KEGG
pathway, we then summarized how many study
participants had their SEMs enriched. We also
investigated the association between SEMs enrichment
in each KEGG pathway and age accelerations using
linear regression, adjusted for the total number of SEMs
per study participant:
For pathway j : AgeAcceli
  0  1 Enrichij
  2 log (Total EMLi )   i
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where AgeAccel stands for age accelerations
(AgeAccelHorvath,
IEAA,
AgeAccelHannum,
AgeAccelGrim); Enrich stands for enrichment for
pathway j (significant: 1, non-significant: 0); Total
EML stands for log transformed total EML for
participant i.
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SUPPLEMENTARY MATERIALS
Supplementary Figures

Supplementary Figure 1. Heatmap of pairwise correlations of chronological age and epigenetic ages. The heatmap color‐codes
the pairwise Pearson correlations of chronological age and epigenetic age in the Framingham Heart Study (N=2326). Age represents the
chronological age. HorvathAge, HannumAge, GrimAge, PhenoAge, SkinBloodAge represent measures of epigenetic age derived from the
Horvath pan tissue clock, the Hannum clock, the GrimAge clock, the PhenoAge clock, and the SkinBloodAge clock, respectively. DNAmTL
represent DNAm‐based surrogate markers of telomere length. The shades of color (blue, white, and red) visualize correlation values from ‐1
to 1. Each square reports a Pearson correlation coefficient.
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Supplementary Figure 2. Heatmap of pairwise correlations of chronological age and epigenetic age accelerations. The
heatmap color-codes the pairwise Pearson correlations of chronological age and epigenetic age accelerations in the Framingham Heart Study
(N=2326). Age represents the chronological age. AgeAccelHorvath, AgeAccelHannum, IEAA, EEAA, AgeAccelGrim, AgeAccelPheno, and
AgeAccelSkinBlood represent measures of epigenetic age acceleration derived from the Horvath pan tissue clock, the Hannum clock, the
intrinsic clock, the extrinsic clock, the GrimAge clock, the PhenoAge clock, the SkinBloodAge clock, respectively. DNAmTLAdjAge represents
age adjusted DNAm-based surrogate markers of telomere length. The shades of color (blue, white, and red) visualize correlation values from 1 to 1. Each square reports a Pearson correlation coefficient.
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Supplementary Tables
Supplementary Table 1. Distribution of EML for each dataset.
FHS (450K)
264
52783
2433
4183
86%

min(EML)
max(EML)
mean(EML)
sd(EML)
% of probes as SEM

WHI (450K)
213
43768
1647
3937
85%

JHS (EPIC)
1194
56691
3401
4512
77%

PEG1 (450K)
603
11645
2137
1953
45%

Supplementary Table 2. Biweight midcorrelation analysis of EML.
Outcome = log(EML) **

Meta *

FHS (n = 2326)

WHI (n= 2091)

JHS (n= 1734)

PEG 1 (n = 237)

Meta r Meta P_value

Bicor r P_value

Bicor r P_value

Bicor r P_value

Bicor r P_value

Age

0.171

1.64E-42

0.244

7.15E-33

0.104

1.73E-06

0.145

1.50E-09

BMI

0.005

7.94E-01

0.017

4.23E-01

-0.009 6.91E-01

0.176

6.45E-03

AgeAccelHorvath

0.109

3.25E-18

0.106

3.11E-07

0.140

IEAA

0.112

4.04E-19

0.109

1.26E-07

0.144

1.34E-10

0.079

9.68E-04

0.071

2.75E-01

3.85E-11

0.080

8.50E-04

0.073

EEAA (Unadjusted for cell types) 0.236

5.82E-79

0.297

1.12E-48

2.63E-01

0.212

1.31E-22

0.166

3.09E-12

0.211

1.05E-03

AgeAccelHannum

0.179

2.43E-46

0.225

AgeAccelGrim

0.162

2.25E-38

0.173

4.12E-28

0.156

6.55E-13

0.148

6.33E-10

0.095

1.46E-01

3.74E-17

0.180

9.91E-17

0.111

3.46E-06

0.224

DNAmADMAdjAge

0.068

4.75E-08

5.23E-04

0.121

4.58E-09

0.070

1.41E-03

-0.017 4.71E-01

0.157

DNAmB2MAdjAge

0.143

1.58E-02

3.47E-30

0.189

4.69E-20

0.129

3.44E-09

0.074

2.05E-03

0.287

7.20E-06

DNAmCystatinCAdjAge
DNAmGDF15AdjAge

0.153

3.02E-34

0.119

8.71E-09

0.241

6.48E-29

0.081

7.30E-04

0.183

4.64E-03

0.148

3.64E-32

0.167

6.09E-16

0.127

5.80E-09

0.142

3.01E-09

0.162

1.27E-02

DNAmLeptinAdjAge

-0.025

4.65E-02

-0.021 3.19E-01

-0.035 1.11E-01

-0.031 2.03E-01

0.063

3.34E-01

DNAmPACKYRSAdjAge

0.161

8.96E-38

0.166

7.99E-16

0.172

0.137

1.10E-08

0.150

2.13E-02

DNAmPAI1AdjAge

0.031

1.47E-02

0.024

2.49E-01

-0.004 8.59E-01

0.061

1.07E-02

0.173

7.56E-03

DNAmTIMP1AdjAge

0.028

2.35E-02

0.070

7.04E-04

0.010

6.41E-01

-0.001 9.72E-01

AgeAccelPheno

0.123

7.28E-23

0.178

4.45E-18

0.106

1.13E-06

DNAmTLAdjAge

-0.065

1.91E-07

-0.080 1.17E-04

-0.033 1.36E-01

-0.082 6.05E-04

-0.082 2.11E-01

DNAmAgeSkinBloodClockAdjAge

0.047

1.93E-04

0.102

0.022

0.019

-0.080 2.22E-01

DNAm Age Acceleration

8.32E-07

2.23E-15

3.17E-01

0.078

1.20E-03
4.27E-01

-0.010 8.80E-01
0.042

5.22E-01

Biweight midcorrelation analyses of EML with chronological age, BMI, AgeAccelHorvath, IEAA, extrinsic epigenetic age
acceleration (EEAA) derived from the Hannum clock by up-weighting the contribution of age-related blood cell counts,
AgeAccelHannum, AgeAccelGrim, age adjusted DNAm-based surrogate markers of adrenomedullin (DNAmADMAdjAge), beta2 microglobulin (DNAmB2MAdjAge), cystatin C (DNAmCystatinCAdjAge), growth differentiation factor 15
(DNAmGDF15AdjAge), leptin (DNAmLeptinAdjAge), plasminogen activation inhibitor 1 (DNAmPAI1AdjAge), tissue inhibitor
metalloproteinase 1 (DNAmTIMP1AdjAge), smoking pack-years (DNAmPACKYRSAdjAge), AgeAccelPheno, age adjusted
DNAm-based surrogate markers of telomere length (DNAmTLAdjAge), and age adjusted SkinBlood clock.
*
Meta-analysis using Stouffer’s method with weights given by the square root of the number of (non-missing) samples in each
data set.
**
All analyses except EEAA were adjusted for Age, Sex, Race/ethnicity, Cell types; EEAA was not adjusted for cell types.
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Supplementary Table 3. Biweight midcorrelation analysis of EML in FHS, stratified by the direction of acceleration.
Acceleration
Bicor r
P_value
0.178
3.81E-09
0.150
4.09E-07
0.299
4.74E-25
0.239
3.96E-16
0.136
1.64E-05
0.149
5.88E-07
0.130
1.90E-05
0.135
8.79E-06
0.149
1.61E-06
0.015
6.04E-01
0.077
2.43E-02
0.075
1.33E-02
0.092
2.17E-03
0.206
4.49E-12
0.064
2.51E-02
0.168
1.40E-08

Outcome = log(EML) *
AgeAccelHorvath
IEAA
EEAA (Unadjusted for cell types)
AgeAccelHannum
AgeAccelGrim
DNAmADMAdjAge
DNAmB2MAdjAge
DNAmCystatinCAdjAge
DNAmGDF15AdjAge
DNAmLeptinAdjAge
DNAmPACKYRSAdjAge
DNAmPAI1AdjAge
DNAmTIMP1AdjAge
AgeAccelPheno
DNAmTLAdjAge
DNAmAgeSkinBloodClockAdjAge

Deceleration
Bicor r
P_value
-0.039
1.71E-01
-0.064
2.66E-02
0.089
2.20E-03
0.085
3.12E-03
0.060
2.77E-02
0.029
3.14E-01
0.070
1.34E-02
-0.026
3.54E-01
0.078
4.90E-03
0.068
2.26E-02
0.049
6.15E-02
-0.035
2.25E-01
-0.058
4.30E-02
0.036
2.08E-01
-0.127
2.27E-05
-0.023
4.17E-01

* Adjusted for Age, Sex, Cell types.

Supplementary Table 4. Stratification analysis: biweight midcorrelation analysis of EML, stratified by sex.
PEG 1
Outcome =
log(EML) *
Age

Male (n = 126)

FHS

WHI

JHS

Female

Male

Female

Femal

Male

Female

(n = 111)

(n = 1077)

(n = 1249)

(n= 2091)

(n = 648)

(n = 1086)

Bicor r

P_value

Bicor r

P_value

Bicor r P_value

Bicor r

P_value

Bicor r P_value

Bicor r P_value

Bicor r

P_value

0.201

2.40E-02

0.200

3.53E-02

0.225 7.53E-14

0.259

1.54E-20

0.104 1.73E-06

0.134 5.98E-04

0.150

7.24E-07

0.026 3.90E-01

0.025

3.75E-01

-0.009 6.91E-01

BMI
DNAm Age
Acceleration
AgeAccelHorvath

0.105

2.43E-01

0.041

6.71E-01

0.086 4.69E-03

0.126

7.67E-06

0.140 1.34E-10

0.068 8.27E-02

0.082

6.87E-03

IEAA

0.110

2.21E-01

0.033

7.32E-01

0.108 4.02E-04

0.116

4.06E-05

0.144 3.85E-11

0.076 5.19E-02

0.086

4.63E-03

0.205

2.13E-02

0.245

9.45E-03

0.305 1.27E-24

0.315

3.35E-30

0.212 1.31E-22

0.180 4.20E-06

0.155

2.90E-07

AgeAccelHannum

0.080

3.73E-01

0.106

2.66E-01

0.215 9.77E-13

0.257

3.02E-20

0.156 6.55E-13

0.158 5.16E-05

0.144

2.05E-06

AgeAccelGrim

0.192

3.13E-02

0.299

1.43E-03

0.218 4.20E-13

0.167

2.71E-09

0.180 9.91E-17

0.082 3.79E-02

0.134

9.43E-06

DNAmADMAdjAge

0.100

2.67E-01

0.223

1.88E-02

0.207 6.85E-12

0.091

1.35E-03

0.070 1.41E-03

-0.024 5.37E-01

0.011

7.06E-01

DNAmB2MAdjAge

0.300

6.40E-04

0.230

1.50E-02

0.238 2.16E-15

0.147

1.94E-07

0.129 3.44E-09

0.063 1.08E-01

0.077

1.13E-02

0.195

2.86E-02

0.187

4.89E-02

0.181 2.42E-09

0.075

7.81E-03

0.241 6.48E-29

0.039 3.25E-01

0.105

5.43E-04

0.129

1.49E-01

0.172

7.03E-02

0.211 2.85E-12

0.134

2.06E-06

0.127 5.80E-09

0.097 1.37E-02

0.167

2.91E-08

-0.073

4.19E-01

0.138

1.49E-01

0.071 1.94E-02

-0.037

1.89E-01

-0.035 1.11E-01

0.043 2.75E-01

0.046

1.27E-01

0.184

3.89E-02

0.120

2.10E-01

0.161 1.06E-07

0.179

2.09E-10

0.172 2.23E-15

0.113 4.05E-03

0.147

1.19E-06

0.026

7.70E-01

0.362

9.25E-05

0.028 3.66E-01

0.039

1.65E-01

-0.004 8.59E-01

0.053 1.76E-01

0.065

3.21E-02

-0.038

6.72E-01

0.031

7.50E-01

0.100 1.07E-03

0.060

3.41E-02

0.010 6.41E-01

-0.031 4.27E-01

0.016

5.97E-01

AgeAccelPheno

0.123

1.68E-01

-0.080

4.02E-01

0.211 2.66E-12

0.152

6.90E-08

0.106 1.13E-06

0.079 4.47E-02

0.080

8.40E-03

DNAmTLAdjAge

-0.052

5.64E-01

-0.166

8.26E-02

-0.061 4.61E-02

-0.101

3.63E-04

-0.033 1.36E-01

-0.088 2.56E-02

-0.069

2.21E-02

-0.029

7.45E-01

-0.141

1.40E-01

0.105 5.37E-04

0.102

2.90E-04

0.022 3.17E-01

-0.010 7.99E-01

0.032

2.88E-01

EEAA (Unadjusted
for cell types)

DNAmCystatinCAdj
Age
DNAmGDF15AdjAg
e
DNAmLeptinAdjAge
DNAmPACKYRSAd
jAge
DNAmPAI1AdjAge
DNAmTIMP1AdjAg
e

DNAmAgeSkinBloo
dClockAdjAge
Cell types
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CD8.naive

0.043

6.32E-01

0.044

6.47E-01

-0.076 1.27E-02

-0.068

1.62E-02

0.020 3.66E-01

-0.008 8.30E-01

-0.010

7.32E-01

0.018

8.44E-01

0.179

6.00E-02

0.076 1.26E-02

0.096

7.00E-04

0.086 8.16E-05

0.068 8.43E-02

0.030

3.28E-01

PlasmaBlast

-0.089

3.19E-01

-0.125

1.92E-01

-0.012 6.90E-01

-0.088

1.81E-03

-0.070 1.39E-03

-0.148 1.60E-04

-0.139

4.57E-06

CD4T

-0.134

1.35E-01

-0.133

1.65E-01

-0.150 7.97E-07

-0.143

4.03E-07

-0.113 2.17E-07

-0.049 2.17E-01

-0.120

7.55E-05

Gran

-0.182

4.18E-02

-0.128

1.80E-01

-0.065 3.37E-02

-0.084

2.81E-03

-0.016 4.74E-01

-0.065 9.80E-02

-0.111

2.57E-04

CD8pCD28nCD45R
An

*

All analyses except EEAA were adjusted for Age, Sex, Race/ethnicity, Cell types; EEAA was not adjusted for cell types.

Supplementary Table 5. Sensitivity analysis: biweight midcorrelation analysis of EML, additionally adjusted for age2.
PEG 1 (n = 237)
Outcome = log(EML)

Model 1 *

Model 2**

FHS (n = 2326)
Model 1 *

Model 2**

WHI (n= 2091)
Model 1 *

Model 2**

JHS (n= 1734)
Model 1 *

Model 2**

Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value

AgeAccelHorvath

0.071

2.75E-01 0.089 1.72E-01 0.106 3.11E-07 0.106 3.08E-07 0.140 1.34E-10 0.141 9.63E-11 0.079 9.68E-04 0.100 2.84E-05

IEAA

0.073

2.63E-01 0.091 1.61E-01 0.109 1.26E-07 0.109 1.23E-07 0.144 3.85E-11 0.144 3.19E-11 0.080 8.50E-04 0.102 2.18E-05

0.211

1.05E-03 0.225 4.80E-04 0.297 1.12E-48 0.298 7.40E-49 0.212 1.31E-22 0.210 2.35E-22 0.166 3.09E-12 0.168 2.13E-12

AgeAccelHannum

0.095

1.46E-01 0.111 8.81E-02 0.225 4.12E-28 0.225 3.79E-28 0.156 6.55E-13 0.156 8.30E-13 0.148 6.33E-10 0.158 3.69E-11

AgeAccelGrim

0.224

5.23E-04 0.219 7.01E-04 0.173 3.74E-17 0.173 3.87E-17 0.180 9.91E-17 0.180 1.09E-16 0.111 3.46E-06 0.118 8.87E-07

DNAmADMAdjAge

0.157

1.58E-02 0.156 1.63E-02 0.121 4.58E-09 0.121 4.65E-09 0.070 1.41E-03 0.069 1.56E-03 -0.017 4.71E-01 -0.019 4.34E-01

DNAmB2MAdjAge

0.287

7.20E-06 0.288 6.61E-06 0.189 4.69E-20 0.188 4.84E-20 0.129 3.44E-09 0.128 4.33E-09 0.074 2.05E-03 0.072 2.75E-03

DNAmCystatinCAdjAge

0.183

4.64E-03 0.182 4.96E-03 0.119 8.71E-09 0.119 8.84E-09 0.241 6.48E-29 0.240 8.64E-29 0.081 7.30E-04 0.075 1.69E-03

DNAmGDF15AdjAge

0.162

1.27E-02 0.162 1.26E-02 0.167 6.09E-16 0.167 6.12E-16 0.127 5.80E-09 0.126 7.40E-09 0.142 3.01E-09 0.143 2.11E-09

DNAmLeptinAdjAge

0.063

3.34E-01 0.061 3.46E-01 -0.021 3.19E-01 -0.021 3.23E-01 -0.035 1.11E-01 -0.034 1.20E-01 -0.031 2.03E-01 -0.031 2.02E-01

DNAmPACKYRSAdjAge

0.150

2.13E-02 0.144 2.64E-02 0.166 7.99E-16 0.166 8.60E-16 0.172 2.23E-15 0.173 1.67E-15 0.137 1.10E-08 0.148 6.41E-10

DNAmPAI1AdjAge

0.173

7.56E-03 0.170 8.84E-03 0.024 2.49E-01 0.024 2.48E-01 -0.004 8.59E-01 -0.001 9.57E-01 0.061 1.07E-02 0.067 5.03E-03

DNAmTIMP1AdjAge

-0.010

8.80E-01 -0.008 9.08E-01 0.070 7.04E-04 0.070 7.11E-04 0.010 6.41E-01 0.008 7.01E-01 -0.001 9.72E-01 -0.002 9.42E-01

AgeAccelPheno

0.042

5.22E-01 0.051 4.36E-01 0.178 4.45E-18 0.178 4.22E-18 0.106 1.13E-06 0.107 9.47E-07 0.078 1.20E-03 0.083 5.33E-04

DNAmTLAdjAge

-0.082

2.11E-01 -0.087 1.84E-01 -0.080 1.17E-04 -0.080 1.16E-04 -0.033 1.36E-01 -0.033 1.30E-01 -0.082 6.05E-04 -0.093 1.08E-04

-0.080

2.22E-01 -0.045 4.91E-01 0.102 8.32E-07 0.102 7.97E-07 0.022 3.17E-01 0.024 2.79E-01 0.019 4.27E-01 0.047 5.25E-02

EEAA (Unadjusted for cell
types)

DNAmAgeSkinBloodClockAdj
Age

* Adjusted (Age, Sex, Race/ethnicity, Cell types)
** Adjusted (Age, Age2, Sex, Race/ethnicity, Cell types)

Supplementary Table 6. Sensitivity analysis: biweight midcorrelation analysis of EML, additionally adjusted for BMI.
FHS (n = 2326)
*

Outcome = log(EML)
AgeAccelHorvath
IEAA
EEAA (Unadjusted for cell types)
AgeAccelHannum
AgeAccelGrim
DNAmADMAdjAge
DNAmB2MAdjAge
DNAmCystatinCAdjAge
DNAmGDF15AdjAge
DNAmLeptinAdjAge
DNAmPACKYRSAdjAge
DNAmPAI1AdjAge
DNAmTIMP1AdjAge
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Model 1
Bicor r
P_value
0.106
3.11E-07
0.109
1.26E-07
0.297
1.12E-48
0.225
4.12E-28
0.173
3.74E-17
0.121
4.58E-09
0.189
4.69E-20
0.119
8.71E-09
0.167
6.09E-16
-0.021
3.19E-01
0.166
7.99E-16
0.024
2.49E-01
0.070
7.04E-04

17884

WHI (n= 2091)
**

Model 2
Bicor r P_value
0.110 1.16E-07
0.113 4.37E-08
0.298 1.29E-48
0.226 3.19E-28
0.172 8.56E-17
0.123 2.93E-09
0.190 2.84E-20
0.117 1.51E-08
0.165 1.37E-15
-0.021 3.21E-01
0.164 1.88E-15
0.021 3.16E-01
0.068 1.03E-03

Model 1 *
Bicor r P_value
0.140 1.34E-10
0.144 3.85E-11
0.212 1.31E-22
0.156 6.55E-13
0.180 9.91E-17
0.070 1.41E-03
0.129 3.44E-09
0.241 6.48E-29
0.127 5.80E-09
-0.035 1.11E-01
0.172 2.23E-15
-0.004 8.59E-01
0.010 6.41E-01

Model 2 **
Bicor r P_value
0.144 4.13E-11
0.148 1.36E-11
0.216 2.92E-23
0.157 5.85E-13
0.181 1.02E-16
0.074 7.79E-04
0.130 2.44E-09
0.244 1.31E-29
0.127 7.21E-09
-0.029 1.93E-01
0.169 1.09E-14
0.007 7.34E-01
0.016 4.71E-01
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AgeAccelPheno
DNAmTLAdjAge
DNAmAgeSkinBloodClockAdjAge
*

0.178
-0.080
0.102

4.45E-18
1.17E-04
8.32E-07

0.180 2.10E-18
-0.079 1.47E-04
0.104 5.72E-07

0.106 1.13E-06
-0.033 1.36E-01
0.022 3.17E-01

0.111 4.26E-07
-0.033 1.35E-01
0.024 2.71E-01

Adjusted (Age, Sex, Race/ethnicity, Cell types)
Adjusted (Age, Sex, Race/ethnicity, Cell types, BMI)

**

Supplementary Table 7. Sensitivity analysis: Biweight midcorrelation analysis of EML in FHS using different SEM
cutoffs in FHS.
Outcome = log(EML) *
Age
BMI
DNAm Age Acceleration
AgeAccelHorvath
IEAA
EEAA (Unadjusted for cell types)
AgeAccelHannum
AgeAccelGrim
DNAmADMAdjAge
DNAmB2MAdjAge
DNAmCystatinCAdjAge
DNAmGDF15AdjAge
DNAmLeptinAdjAge
DNAmPACKYRSAdjAge
DNAmPAI1AdjAge
DNAmTIMP1AdjAge
AgeAccelPheno
DNAmTLAdjAge
DNAmAgeSkinBloodClockAdjAge
Cell types
CD8.naive
CD8pCD28nCD45RAn
PlasmaBlast
CD4T
Gran

EML (3IQR)
Bicor r
P_value
0.244
7.15E-33
0.017
4.23E-01

EML (2IQR) **
Bicor r
P_value
0.223
1.02E-27
0.006
7.60E-01

EML (4IQR) ***
Bicor r
P_value
0.247
1.13E-33
0.019
3.49E-01

0.106
0.109
0.297
0.225
0.173
0.121
0.189
0.119
0.167
-0.021
0.166
0.024
0.070
0.178
-0.080
0.102

3.11E-07
1.26E-07
1.12E-48
4.12E-28
3.74E-17
4.58E-09
4.69E-20
8.71E-09
6.09E-16
3.19E-01
7.99E-16
2.49E-01
7.04E-04
4.45E-18
1.17E-04
8.32E-07

0.073
0.077
0.281
0.224
0.147
0.084
0.178
0.116
0.157
-0.019
0.142
0.005
0.068
0.173
-0.068
0.072

4.38E-04
2.00E-04
1.89E-43
5.97E-28
1.03E-12
4.41E-05
3.79E-18
2.03E-08
2.52E-14
3.62E-01
5.64E-12
8.17E-01
9.46E-04
3.96E-17
1.04E-03
5.20E-04

0.112
0.135
0.293
0.204
0.180
0.133
0.180
0.111
0.161
-0.027
0.176
0.037
0.071
0.164
-0.073
0.116

5.44E-08
5.28E-11
2.46E-47
1.98E-23
1.75E-18
1.31E-10
2.28E-18
6.85E-08
4.38E-15
1.97E-01
1.05E-17
7.75E-02
6.02E-04
1.37E-15
4.37E-04
1.77E-08

-0.072
0.085
-0.054
-0.146
-0.075

5.20E-04
3.90E-05
8.94E-03
1.68E-12
2.72E-04

-0.038
0.112
-0.096
-0.176
-0.074

6.97E-02
6.64E-08
3.13E-06
9.14E-18
3.37E-04

-0.084
0.038
-0.021
-0.149
-0.066

4.77E-05
6.37E-02
3.10E-01
5.34E-13
1.52E-03

*

Adjusted for age, sex, cell types.
SEMs (2IQR) were defined as DNA methylation mutations that were greater than 2 times the IQR above the upper quartile
of a given CpG or less than 2 times the IQR below the lower quartile of a given CpG.
***
SEMs (4IQR) were defined as DNA methylation mutations that were greater than 4 times the IQR above the upper quartile
of a given CpG or less than 4 times the IQR below the lower quartile of a given CpG.
**
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Supplementary Table 8. Sensitivity analysis: biweight midcorrelation analysis of EML derived from methylation data
with various normalization methods (Illumina, Noob and Quantile normalization).

Outcome = log(EML)
Adjusted (Age, Sex,
Race/ethnicity, Cell types)
AgeAccelHorvath
IEAA
AgeAccelHannum
AgeAccelGrim
Cell types
CD8.naive
CD8pCD28nCD45RAn
PlasmaBlast
CD4T
Gran

Illumina
Bicor r
P_value

PEG 1 (n = 237)
Functional
Noob
Bicor r P_value
Bicor r P_value

Quantile
Bicor r P_value

0.075
0.080
0.109
0.203

2.49E-01
2.17E-01
9.29E-02
1.71E-03

0.070
0.067
0.093
0.213

2.82E-01
3.07E-01
1.52E-01
9.69E-04

0.077
0.074
0.104
0.241

2.40E-01
2.59E-01
1.10E-01
1.82E-04

0.021
0.029
0.036
0.134

7.50E-01
6.55E-01
5.86E-01
3.93E-02

0.070
0.063
-0.104
-0.080
-0.152

2.84E-01
3.34E-01
1.11E-01
2.20E-01
1.90E-02

0.042
0.082
-0.110
-0.118
-0.170

5.23E-01
2.07E-01
9.23E-02
6.95E-02
8.67E-03

0.029
0.097
-0.111
-0.115
-0.163

6.52E-01
1.36E-01
8.91E-02
7.66E-02
1.21E-02

0.066
0.074
-0.068
0.018
-0.013

3.10E-01
2.58E-01
2.98E-01
7.85E-01
8.48E-01

Supplementary Table 9. SEMs enriched within clock CpGs.
Clock
HorvathClock (353 CpGs)
Significant
Non-Significant
PhenoClock (513 CpGs)
Significant
Non-Significant
HannumClock (71 CpGs)
Significant
Non-Significant

FHS (n = 2326)
N

WHI (n= 2091)
N

JHS (n= 1734)
N

PEG 1 (n = 237)
N

46
2280

34
2057

22
1712

4
233

151
2175

97
1994

121
1613

19
218

26
2300

10
2081

19
1715

5
232

Supplementary Table 10. SEMs enriched within gene regions
Genomic region
TSS1500
Significant
Non-Significant
TSS200
Significant
Non-Significant
5'UTR
Significant
Non-Significant
1stExon
Significant
Non-Significant
Gene Body
Significant
Non-Significant
3'UTR
Significant
Non-Significant
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FHS (n = 2326)
N

WHI (n= 2091)
N

JHS (n= 1734)
N

PEG 1 (n = 237)
N

545
1781

110
1981

229
1505

23
214

908
1418

385
1706

372
1362

142
95

213
2113

71
2020

64
1670

8
229

595
1731

346
1745

322
1412

84
153

296
2030

693
1398

357
1377

24
213

110
2216

276
1815

179
1555

6
231

17886
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Supplementary Table 11. SEMs enriched within regulatory regions.
Genomic region
Enhancer from FANTOM5
Significant
Non-Significant
DNase hypersensitive from ENCODE
Significant
Non-Significant
Open chromatin from ENCODE
Significant
Non-Significant
Transcription factor binding site from ENCODE
Significant
Non-Significant
Promoter from Methylation Consortium
Significant
Non-Significant

JHS (n= 1734)
N
54
1680
284
1450
436
1298
383
1351
165
1578

Supplementary Table 12. Top SEMs enriched KEGG pathways significantly associated with faster AgeAccelHorvath.
KEGG
Pathway

FHS
(n = 2326)

WHI
(n= 2091)

JHS
(n= 1734)

hsa05165
hsa04360
hsa05032
hsa04713
hsa05033
hsa04510
hsa04080
hsa04724
hsa04934
hsa04727
hsa00053
hsa04514
hsa04724
hsa04360
hsa04713
hsa05166
hsa05032
hsa04934
hsa04921
hsa04020
hsa05032
hsa04713
hsa04921
hsa04020
hsa04512
hsa04727
hsa04934
hsa04014
hsa05412
hsa04261
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Description
Human papillomavirus infection
Axon guidance
Morphine addiction
Circadian entrainment
Nicotine addiction
Focal adhesion
Neuroactive ligand-receptor interaction
Glutamatergic synapse
Cushing syndrome
GABAergic synapse
Ascorbate and aldarate metabolism
Cell adhesion molecules (CAMs)
Glutamatergic synapse
Axon guidance
Circadian entrainment
Human T-cell leukemia virus 1 infection
Morphine addiction
Cushing syndrome
Oxytocin signaling pathway
Calcium signaling pathway
Morphine addiction
Circadian entrainment
Oxytocin signaling pathway
Calcium signaling pathway
ECM-receptor interaction
GABAergic synapse
Cushing syndrome
Ras signaling pathway
Arrhythmogenic right ventricular
cardiomyopathy (ARVC)
Adrenergic signaling in cardiomyocytes

17887

Number of
people with
SEMs enriched
355
347
346
341
339
332
326
300
297
294
312
237
231
229
208
193
189
171
167
165
402
395
372
327
317
282
249
245

AgeAccel
_Coef *

AgeAccel_Pv
alue

1.664
1.726
2.138
1.796
2.239
1.684
2.487
2.412
2.041
2.419
0.800
1.255
1.220
2.071
2.083
-1.660
2.541
1.504
1.445
2.235
1.167
0.830
0.798
1.258
1.032
1.093
1.370
0.957

7.62E-07
8.53E-07
1.13E-11
4.97E-08
4.33E-13
1.25E-06
2.84E-15
7.38E-13
1.15E-08
7.00E-13
1.88E-02
8.19E-04
5.95E-03
8.38E-06
4.77E-06
5.10E-05
1.45E-08
3.23E-03
6.29E-03
8.79E-06
9.84E-04
2.73E-02
3.33E-02
8.01E-04
1.44E-02
9.28E-03
1.00E-03
3.90E-02

227

1.690

1.44E-04

226

1.006

2.95E-02
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PEG 1
(n = 237)

*

hsa04360
hsa04713
hsa05224
hsa05165
hsa05032
hsa05226
hsa04934
hsa04390
hsa04724
hsa04015

Axon guidance
Circadian entrainment
Breast cancer
Human papillomavirus infection
Morphine addiction
Gastric cancer
Cushing syndrome
Hippo signaling pathway
Glutamatergic synapse
Rap1 signaling pathway

59
52
46
45
44
44
43
39
39
37

0.319
0.226
0.586
2.202
0.182
0.868
0.907
0.916
1.630
-0.390

9.06E-01
9.06E-01
8.45E-01
3.04E-01
9.21E-01
7.78E-01
7.78E-01
7.78E-01
5.97E-01
8.94E-01

Age acceleration residual as dependent variable, significant enrichment as independent variable, adjusted for nlog(EML)

Supplementary Table 13. Top SEMs enriched KEGG pathways significantly associated with faster AgeAccelHannum
KEGG
Pathway

FHS
(n = 2326)

WHI
(n= 2091)

JHS
(n= 1734)

hsa05165
hsa04360
hsa05032
hsa04713
hsa05033
hsa04510
hsa04080
hsa04724
hsa04934
hsa00053
hsa04724
hsa04360
hsa04713
hsa05166
hsa05032
hsa04934
hsa04921
hsa04020
hsa04510
hsa04024
hsa04360
hsa05032
hsa04713
hsa04020
hsa04512
hsa04727
hsa05165
hsa04934
hsa04024
hsa05412

PEG 1
(n = 237)

hsa04360
hsa04713
hsa05224
hsa05165
hsa05032
hsa05226
hsa04934
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Description
Human papillomavirus infection
Axon guidance
Morphine addiction
Circadian entrainment
Nicotine addiction
Focal adhesion
Neuroactive ligand-receptor interaction
Glutamatergic synapse
Cushing syndrome
Ascorbate and aldarate metabolism
Glutamatergic synapse
Axon guidance
Circadian entrainment
Human T-cell leukemia virus 1 infection
Morphine addiction
Cushing syndrome
Oxytocin signaling pathway
Calcium signaling pathway
Focal adhesion
cAMP signaling pathway
Axon guidance
Morphine addiction
Circadian entrainment
Calcium signaling pathway
ECM-receptor interaction
GABAergic synapse
Human papillomavirus infection
Cushing syndrome
cAMP signaling pathway
Arrhythmogenic right ventricular
cardiomyopathy (ARVC)
Axon guidance
Circadian entrainment
Breast cancer
Human papillomavirus infection
Morphine addiction
Gastric cancer
Cushing syndrome

17888

Number of
AgeAccel_Co AgeAccel_Pval
people with
ef *
ue
SEMs enriched
355
1.143
1.14E-03
347
0.792
3.98E-02
346
2.222
1.67E-12
341
1.959
2.24E-09
339
2.083
1.69E-11
332
1.074
3.35E-03
326
2.262
1.13E-12
300
2.029
1.84E-09
297
2.283
1.57E-10
296
0.917
5.61E-03
231
1.461
5.59E-04
229
1.477
1.19E-03
208
1.987
7.57E-06
193
-1.133
5.13E-03
189
2.373
5.72E-08
171
2.160
9.38E-06
167
1.330
9.42E-03
165
1.844
1.77E-04
145
-1.175
4.02E-02
137
2.147
3.52E-05
451
0.630
3.43E-02
402
0.927
5.24E-04
395
0.582
3.85E-02
327
0.898
1.62E-03
317
0.841
6.33E-03
282
1.503
4.07E-08
277
0.685
3.43E-02
249
1.445
9.84E-07
239
0.906
7.88E-03
227

0.865

1.91E-02

59
52
46
45
44
44
43

0.418
1.182
-0.554
0.654
0.060
0.345
0.820

8.86E-01
7.74E-01
8.86E-01
8.68E-01
9.81E-01
8.86E-01
8.66E-01
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hsa04390
hsa04724
hsa04015
*

Hippo signaling pathway
Glutamatergic synapse
Rap1 signaling pathway

39
39
37

0.524
1.877
-0.117

8.86E-01
6.22E-01
9.61E-01

Age acceleration residual as dependent variable, significant enrichment as independent variable, adjusted for nlog(EML)

Supplementary Table 14. Top SEMs enriched KEGG pathways significantly associated with faster IEAA.

FHS
(n = 2326)

WHI
(n= 2091)

KEGG Pathway

Description

hsa05165
hsa05032
hsa04713
hsa05033
hsa04080
hsa04724
hsa04934
hsa04727
hsa04020
hsa05224
hsa04724
hsa04360
hsa04713
hsa05166
hsa05032
hsa04921
hsa04020
hsa04015
hsa04024
hsa05033
hsa05032
hsa04934

Human papillomavirus infection
Morphine addiction
Circadian entrainment
Nicotine addiction
Neuroactive ligand-receptor interaction
Glutamatergic synapse
Cushing syndrome
GABAergic synapse
Calcium signaling pathway
Breast cancer
Glutamatergic synapse
Axon guidance
Circadian entrainment
Human T-cell leukemia virus 1 infection
Morphine addiction
Oxytocin signaling pathway
Calcium signaling pathway
Rap1 signaling pathway
cAMP signaling pathway
Nicotine addiction
Morphine addiction
Cushing syndrome
Arrhythmogenic right ventricular
cardiomyopathy (ARVC)
Nicotine addiction
Gastric cancer
Neuroactive ligand-receptor interaction
Dilated cardiomyopathy (DCM)
Synaptic vesicle cycle
Hypertrophic cardiomyopathy (HCM)
Maturity onset diabetes of the young
Axon guidance
Circadian entrainment
Breast cancer
Human papillomavirus infection
Morphine addiction
Gastric cancer
Cushing syndrome
Hippo signaling pathway
Glutamatergic synapse
Rap1 signaling pathway

hsa05412
JHS
(n= 1734)

PEG 1
(n = 237)

*

hsa05033
hsa05226
hsa04080
hsa05414
hsa04721
hsa05410
hsa04950
hsa04360
hsa04713
hsa05224
hsa05165
hsa05032
hsa05226
hsa04934
hsa04390
hsa04724
hsa04015

Number of
people with
SEMs enriched
355
346
341
339
326
300
297
294
292
291
231
229
208
193
189
167
165
163
137
135
402
249

AgeAccel_ AgeAccel_Pvalu
Coef *
e
0.887
1.055
0.939
1.560
1.678
1.392
1.055
1.400
1.850
1.021
1.048
1.439
1.645
-1.187
2.108
1.072
1.789
1.306
2.296
2.201
0.884
1.005

2.56E-02
3.76E-03
1.50E-02
3.24E-06
1.16E-06
2.08E-04
1.22E-02
2.06E-04
7.65E-07
1.53E-02
1.74E-02
2.09E-03
2.88E-04
4.08E-03
3.21E-06
4.54E-02
3.44E-04
1.63E-02
1.60E-05
1.11E-05
3.66E-02
4.40E-02

227

1.322

8.85E-03

222
166
164
155
115
108
81
59
52
46
45
44
44
43
39
39
37

1.367
1.293
2.127
1.893
2.110
2.627
1.958
-0.324
-0.461
-0.076
2.479
-0.302
0.063
0.413
0.472
1.412
-1.111

3.57E-03
2.91E-02
2.41E-05
2.23E-04
2.54E-04
1.26E-05
8.00E-03
9.32E-01
9.10E-01
9.81E-01
1.66E-01
9.32E-01
9.81E-01
9.32E-01
9.10E-01
7.33E-01
8.06E-01

Age acceleration residual as dependent variable, significant enrichment as independent variable, adjusted for nlog(EML)
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Supplementary Table 15. Top SEMs enriched KEGG pathways significantly associated with faster AgeAccelGrim.
KEGG
Pathway

FHS
(n = 2326)

WHI
(n= 2091)

JHS
(n= 1734)

PEG 1
(n = 237)

*

hsa04360
hsa04510
hsa04080
hsa04390
hsa04151
hsa05205
hsa05226
hsa04512
hsa04550
hsa04010
hsa04510
hsa04010
hsa05033
hsa04080
hsa04072
hsa04310
hsa04152
hsa04911
hsa04014
hsa04144
hsa04724
hsa04360
hsa04725
hsa04510
hsa05032
hsa00053
hsa04713
hsa04015
hsa00040
hsa04080
hsa04360
hsa04713
hsa05224
hsa05165
hsa05032
hsa05226
hsa04934
hsa04390
hsa04724
hsa04015

Description
Axon guidance
Focal adhesion
Neuroactive ligand-receptor interaction
Hippo signaling pathway
PI3K-Akt signaling pathway
Proteoglycans in cancer
Gastric cancer
ECM-receptor interaction
Signaling pathways regulating pluripotency
of stem cells
MAPK signaling pathway
Focal adhesion
MAPK signaling pathway
Nicotine addiction
Neuroactive ligand-receptor interaction
Phospholipase D signaling pathway
Wnt signaling pathway
AMPK signaling pathway
Insulin secretion
Ras signaling pathway
Endocytosis
Glutamatergic synapse
Axon guidance
Cholinergic synapse
Focal adhesion
Morphine addiction
Ascorbate and aldarate metabolism
Circadian entrainment
Rap1 signaling pathway
Pentose and glucuronate interconversions
Neuroactive ligand-receptor interaction
Axon guidance
Circadian entrainment
Breast cancer
Human papillomavirus infection
Morphine addiction
Gastric cancer
Cushing syndrome
Hippo signaling pathway
Glutamatergic synapse
Rap1 signaling pathway

Number of
AgeAccel_C AgeAccel_Pval
people with
oef *
ue
SEMs enriched
347
-0.798
4.97E-02
332
-0.855
3.24E-02
326
-0.742
4.31E-02
284
-1.431
5.72E-04
265
-0.956
2.56E-02
263
-1.454
8.02E-04
256
-1.399
1.04E-03
252
-0.865
3.81E-02
249
240
145
135
135
130
129
117
111
102
95
91
573
451
437
413
402
400
395
391
374
164
59
52
46
45
44
44
43
39
39
37

-1.598

1.57E-04

-1.168
-1.069
-1.251
0.969
1.157
-1.556
-1.251
-1.792
1.178
-1.463
-1.763
-0.148
0.254
0.164
-0.163
0.352
0.093
0.240
0.228
-0.038
1.793
-0.468
-0.521
-2.263
-1.114
-0.895
-1.497
0.378
-0.786
0.526
-1.882

9.80E-03
2.69E-02
1.37E-02
2.45E-02
8.32E-03
1.20E-03
1.72E-02
4.40E-04
1.86E-02
1.03E-02
1.12E-03
9.05E-01
8.92E-01
9.05E-01
9.07E-01
7.97E-01
9.38E-01
8.92E-01
8.95E-01
9.62E-01
9.56E-03
9.20E-01
9.20E-01
4.84E-01
8.36E-01
9.20E-01
6.67E-01
9.20E-01
9.20E-01
9.20E-01
6.67E-01

Age acceleration residual as dependent variable, significant enrichment as independent variable, adjusted for nlog(EML)
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Supplementary Table 16. Top SEMs enriched KEGG pathways significantly associated with faster AgeAccelPheno.

FHS
(n = 2326)

WHI
(n= 2091)

KEGG
Pathway
hsa05165
hsa04360
hsa05032
hsa04713
hsa05033
hsa04510
hsa04080
hsa04724
hsa04934
hsa00053
hsa04940
hsa05330
hsa05332
hsa00053
hsa00040
hsa05416
hsa00860
hsa05320
hsa04612
hsa00980

JHS
(n= 1734)

PEG 1
(n = 237)

*

hsa04724
hsa04360
hsa04725
hsa04510
hsa05032
hsa00053
hsa04713
hsa04080
hsa05414
hsa05410
hsa04360
hsa04713
hsa05224
hsa05165
hsa05032
hsa05226
hsa04934
hsa04390
hsa04724
hsa04015

Description
Human papillomavirus infection
Axon guidance
Morphine addiction
Circadian entrainment
Nicotine addiction
Focal adhesion
Neuroactive ligand-receptor interaction
Glutamatergic synapse
Cushing syndrome
Ascorbate and aldarate metabolism
Type I diabetes mellitus
Allograft rejection
Graft-versus-host disease
Ascorbate and aldarate metabolism
Pentose and glucuronate interconversions
Viral myocarditis
Porphyrin and chlorophyll metabolism
Autoimmune thyroid disease
Antigen processing and presentation
Metabolism of xenobiotics by cytochrome
P450
Glutamatergic synapse
Axon guidance
Cholinergic synapse
Focal adhesion
Morphine addiction
Ascorbate and aldarate metabolism
Circadian entrainment
Neuroactive ligand-receptor interaction
Dilated cardiomyopathy (DCM)
Hypertrophic cardiomyopathy (HCM)
Axon guidance
Circadian entrainment
Breast cancer
Human papillomavirus infection
Morphine addiction
Gastric cancer
Cushing syndrome
Hippo signaling pathway
Glutamatergic synapse
Rap1 signaling pathway

Number of people with AgeAccel_C AgeAccel_Pv
SEMs enriched
oef *
alue
355
0.003
1.00E+00
347
-1.074
2.14E-01
346
0.409
8.14E-01
341
0.078
9.62E-01
339
0.300
8.43E-01
332
0.049
9.74E-01
326
0.120
9.13E-01
300
-0.022
9.84E-01
297
-0.255
8.99E-01
296
0.168
9.02E-01
493
-0.525
4.15E-01
337
-0.167
8.74E-01
313
-0.344
6.60E-01
312
0.285
7.38E-01
305
0.127
9.19E-01
299
-0.086
9.67E-01
272
0.048
9.81E-01
272
-0.228
8.32E-01
257
-0.228
8.32E-01
253

-0.017

9.88E-01

573
451
437
413
402
400
395
164
155
108
59
52
46
45
44
44
43
39
39
37

0.029
0.290
0.150
-0.604
0.785
0.464
1.052
2.014
2.054
2.306
-0.606
0.351
-1.177
0.292
-0.684
0.589
0.075
-2.425
1.064
-0.464

9.58E-01
8.08E-01
8.98E-01
5.25E-01
3.30E-01
5.82E-01
1.57E-01
3.77E-02
3.77E-02
4.22E-02
9.29E-01
9.53E-01
9.29E-01
9.62E-01
9.29E-01
9.29E-01
9.86E-01
7.03E-01
9.29E-01
9.29E-01

Age acceleration residual as dependent variable, significant enrichment as independent variable, adjusted for nlog(SEM)
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Supplementary Table 17. Association between Clock region-specific EML and corresponding DNAm AgeAccel.
Outcome = log(clock EML)
Model *
HorvathClock (353 CpGs) v. AgeAccel
PhenoClock (513 CpGs) v. AgeAccelPheno
HannumClock (71CpGs) v. AgeAccelHannum
*

PEG 1 (n = 237) FHS (n = 2326) WHI (n= 2091)
JHS (n= 1734)
Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value
0.008 9.07E-01 0.020 8.35E-01 0.034 1.23E-01 0.180 4.16E-14
0.008 9.03E-01 0.013 5.29E-01 0.058 8.26E-03 0.064 7.57E-03
0.071 2.77E-01 -0.030 1.51E-01 0.017 4.28E-01 0.044 6.84E-02

Adjusted for Age, Sex, Cell types, Race/ethnicity, Log(total EML)

Supplementary Table 18. Biweight midcorrelation analysis of regulatory region-specific EML in JHS.

Outcome = log(Region
EML) *
Age
DNAm Age Acceleration
AgeAccelHorvath
IEAA
AgeAccelHannum
AgeAccelGrim
Cell types
CD8.naive
CD8pCD28nCD45RAn
PlasmaBlast
CD4T
Gran
*

Enhancer
(CpGs = 26395)

Open
TFBS
Promoter
Chromatin
(CpGs =
(CpGs =
(CpGs =
122647)
110008)
108758)
Bicor r P_value Bicor r P_value Bicor r P_value Bicor r P_value
0.169 1.24E-12 0.019 4.34E-01 -0.065 7.11E-03 -0.027 2.58E-01
DNAse
(CpGs =
466862)

Bicor r
-0.045

P_value
6.01E-02

-0.027
-0.027
-0.059
0.022

2.66E-01
2.64E-01
1.36E-02
3.66E-01

0.129
0.132
0.236
0.098

6.75E-08
3.26E-08
2.08E-23
4.01E-05

0.026
0.025
0.002
0.018

2.73E-01
3.04E-01
9.26E-01
4.56E-01

-0.012
-0.023
-0.089
-0.038

6.14E-01
3.34E-01
1.94E-04
1.17E-01

-0.003
-0.002
-0.029
-0.013

8.94E-01
9.32E-01
2.35E-01
5.99E-01

-0.004
0.016
-0.020
-0.012
-0.067

8.69E-01
5.10E-01
3.98E-01
6.05E-01
5.15E-03

-0.101
0.073
-0.011
-0.090
-0.181

2.40E-05
2.33E-03
6.41E-01
1.79E-04
3.39E-14

0.029
-0.004
0.038
0.086
0.106

2.20E-01
8.57E-01
1.11E-01
3.33E-04
8.95E-06

0.027
-0.024
0.016
0.109
0.151

2.67E-01
3.21E-01
4.99E-01
5.20E-06
2.47E-10

-0.029
0.038
-0.040
0.016
-0.049

2.23E-01
1.12E-01
9.44E-02
5.03E-01
4.21E-02

Adjusted for Age, Sex, Cell types, Log(total EML).

Supplementary Table 19. Biweight midcorrelation analysis of EML in FHS, stratified by the direction of SEM.
Outcome = log(EML) *
Age
BMI
DNAm Age Acceleration
AgeAccelHorvath
IEAA
EEAA (Unadjusted for cell types)
AgeAccelHannum
AgeAccelGrim
DNAmADMAdjAge
DNAmB2MAdjAge
DNAmCystatinCAdjAge
DNAmGDF15AdjAge
DNAmLeptinAdjAge
DNAmPACKYRSAdjAge
DNAmPAI1AdjAge
DNAmTIMP1AdjAge
AgeAccelPheno
DNAmTLAdjAge
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All EML
Bicor r P_value
0.244 7.15E-33
0.017 4.23E-01
0.106
0.109
0.297
0.225
0.173
0.121
0.189
0.119
0.167
-0.021
0.166
0.024
0.070
0.178
-0.080

3.11E-07
1.26E-07
1.12E-48
4.12E-28
3.74E-17
4.58E-09
4.69E-20
8.71E-09
6.09E-16
3.19E-01
7.99E-16
2.49E-01
7.04E-04
4.45E-18
1.17E-04

17892

Hypermethylated EML
Bicor r
P_value
0.271
1.81E-40
0.016
4.49E-01
0.101
0.100
0.268
0.225
0.167
0.121
0.197
0.125
0.181
-0.003
0.142
0.056
0.083
0.168
-0.088

1.19E-06
1.34E-06
1.20E-39
3.85E-28
5.80E-16
4.26E-09
7.10E-22
1.39E-09
1.58E-18
8.74E-01
5.10E-12
6.70E-03
5.69E-05
3.52E-16
1.99E-05

Hypomethylated EML
Bicor r
P_value
0.139
1.53E-11
0.012
5.53E-01
0.092
0.107
0.286
0.192
0.125
0.076
0.088
0.031
0.093
-0.047
0.172
-0.053
0.021
0.133
-0.057

9.46E-06
2.22E-07
7.07E-45
1.05E-20
1.29E-09
2.62E-04
2.26E-05
1.29E-01
7.75E-06
2.23E-02
7.31E-17
1.12E-02
3.06E-01
1.14E-10
5.93E-03

AGING

DNAmAgeSkinBloodClockAdjAge
Cell types
CD8.naive
CD8pCD28nCD45RAn
PlasmaBlast
CD4T
Gran
*

0.102

8.32E-07

0.127

7.26E-10

0.044

3.36E-02

-0.072
0.085
-0.054
-0.146
-0.075

5.20E-04
3.90E-05
8.94E-03
1.68E-12
2.72E-04

-0.071
0.045
-0.043
-0.138
-0.106

5.91E-04
2.83E-02
3.92E-02
2.08E-11
3.10E-07

-0.040
0.104
-0.060
-0.096
-0.017

5.38E-02
5.07E-07
3.98E-03
3.89E-06
4.15E-01

Adjusted for age, sex, cell types.

Supplementary Table 20. FHS: Distribution of hype- and hypomethylated SEMs in relation to CpG island.
Open Sea
Island
N_Shelf
N_Shore
S_Shelf
S_Shore

Constantly Hypermethylated SEM *
8403
45807
711
11205
619
8483

Constantly Hypomethylated SEM **
41533
5366
5101
6769
4913
5233

*

Constantly hypermethylated SEMs were defined as DNA methylation mutations identified in more than 10 participants that
were greater than three times the IQR above the upper quartile of a given CpG.
**
Constantly hypomethylated SEMs were defined as DNA methylation mutations identified in more than 10 participants that
were less than three times the IQR above the lower quartile of a given CpG.

Supplementary Table 21. FHS: Distribution of hype- and hypomethylated SEMs in relation to genomic region.
TSS1500
TSS200
5'UTR
1st Exon
Gene body
3' UTR

Constantly Hypermethylated SEM *
11769
13399
4536
2160
12757
559

Constantly Hypomethylated SEM **
5841
1639
3350
628
26197
3442

*

Constantly hypermethylated SEMs were defined as DNA methylation mutations identified in more than 10 participants that
were greater than three times the IQR above the upper quartile of a given CpG.
**
Constantly hypomethylated SEMs were defined as DNA methylation mutations identified in more than 10 participants that
were less than three times the IQR above the lower quartile of a given CpG.
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Supplementary Table 22. Association between Shannon entropy and age, AgeAccel, EML.
Outcome =Entropy *
Age
DNAm Age Acceleration
AgeAccelHorvath
IEAA
EEAA (Unadjusted for cell types)
AgeAccelHannum
AgeAccelGrim
DNAmADMAdjAge
DNAmB2MAdjAge
DNAmCystatinCAdjAge
DNAmGDF15AdjAge
DNAmLeptinAdjAge
DNAmPACKYRSAdjAge
DNAmPAI1AdjAge
DNAmTIMP1AdjAge
AgeAccelPheno
DNAmTLAdjAge
DNAmAgeSkinBloodClockAdjAge
SEM
*

FHS (n = 2326)
WHI (n= 2091)
JHS (n= 1734)
Bicor r P_value Bicor r P_value Bicor r P_value
0.001 9.55E-01 0.068 2.01E-03 0.071 2.92E-03

PEG 1 (n = 237)
Bicor r P_value
0.117 7.30E-02

0.081
0.035
0.038
0.155
0.077
0.001
0.033
0.110
0.095
-0.023
0.091
-0.036
0.015
0.079
0.002
-0.025
0.089

0.006
0.018
0.123
0.096
0.164
0.075
0.157
0.200
0.076
-0.034
0.112
0.099
-0.113
-0.018
0.010
-0.072
0.281

9.11E-05
9.02E-02
6.39E-02
6.23E-14
1.89E-04
9.62E-01
1.12E-01
9.87E-08
4.70E-06
2.68E-01
1.17E-05
8.02E-02
4.73E-01
1.35E-04
9.36E-01
2.35E-01
1.63E-05

0.160
0.131
0.090
0.136
0.228
0.205
0.057
0.422
0.226
-0.060
0.125
0.009
-0.041
0.069
0.042
-0.063
0.294

1.76E-13
1.70E-09
3.60E-05
4.60E-10
3.86E-26
2.80E-21
9.76E-03
5.62E-91
1.53E-25
6.11E-03
9.64E-09
6.68E-01
5.96E-02
1.68E-03
5.41E-02
4.18E-03
6.87E-43

-0.039
-0.052
0.017
0.063
0.043
-0.022
-0.019
0.075
0.230
0.031
0.054
-0.007
-0.085
-0.008
0.017
-0.001
0.325

1.02E-01
3.16E-02
4.73E-01
9.10E-03
7.17E-02
3.49E-01
4.19E-01
1.67E-03
2.54E-22
2.01E-01
2.46E-02
7.78E-01
4.17E-04
7.47E-01
4.78E-01
9.81E-01
7.22E-44

9.22E-01
7.83E-01
5.93E-02
1.41E-01
1.14E-02
2.53E-01
1.59E-02
1.93E-03
2.45E-01
6.05E-01
8.44E-02
1.30E-01
8.17E-02
7.88E-01
8.80E-01
2.67E-01
1.10E-05

Adjusted for Age, Sex, Race/ethnicity, Cell types.
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ABSTRACT
DNA methylation has fundamental roles in gene programming and aging that may help predict mortality.
However, no large-scale study has investigated whether site-specific DNA methylation predicts all-cause
mortality. We used the Illumina-HumanMethylation450-BeadChip to identify blood DNA methylation sites
associated with all-cause mortality for 12, 300 participants in 12 Cohorts of the Heart and Aging Research in
Genetic Epidemiology (CHARGE) Consortium. Over an average 10-year follow-up, there were 2,561 deaths
across the cohorts. Nine sites mapping to three intergenic and six gene-specific regions were associated with
mortality (P < 9.3x10-7) independently of age and other mortality predictors. Six sites (cg14866069,
cg23666362, cg20045320, cg07839457, cg07677157, cg09615688)—mapping respectively to BMPR1B,
MIR1973, IFITM3, NLRC5, and two intergenic regions—were associated with reduced mortality risk. The
remaining three sites (cg17086398, cg12619262, cg18424841)—mapping respectively to SERINC2, CHST12,
and an intergenic region—were associated with increased mortality risk. DNA methylation at each site
predicted 5%–15% of all deaths. We also assessed the causal association of those sites to age-related chronic
diseases by using Mendelian randomization, identifying weak causal relationship between cg18424841 and
cg09615688 with coronary heart disease. Of the nine sites, three (cg20045320, cg07839457, cg07677157)
were associated with lower incidence of heart disease risk and two (cg20045320, cg07839457) with smoking
and inflammation in prior CHARGE analyses. Methylation of cg20045320, cg07839457, and cg17086398 was
associated with decreased expression of nearby genes (IFITM3, IRF, NLRC5, MT1, MT2, MARCKSL1) linked to
immune responses and cardiometabolic diseases. These sites may serve as useful clinical tools for mortality
risk assessment and preventative care.

www.aging-us.com

14093

AGING

INTRODUCTION
The human epigenome contains DNA methylation marks
that progressively change as we age. DNA methylation
can influence gene expression and manifests in response
to both environmental and hereditary factors [1, 2].
Biological age estimations, constructed from DNA
methylation marks and referred to as “epigenetic aging
clocks”, have been associated with environmental
exposures, morbidities, and mortality [9–13]. As these
clocks were designed to track chronological age, not to
predict mortality, further study is necessary to fully
elucidate indicators of all-cause mortality. To date, no
large-scale analysis has been conducted to identify
variations in DNA methylation at individual 5’-cytosinephosphate-guanosine-3’ (CpG) sites associated with
future mortality risk. Here, we present an epigenomewide methylation analysis of 12,300 participants and 2,
561 (21%) deaths from 12 American and European
cohorts to determine whether site-specific DNA
methylation predicts all-cause mortality, independent of
age, lifestyle factors, and clinical predictors of mortality
including comorbidities. We also assessed the causal
relationship of identified sites with age-related chronic

diseases using Mendelian randomization approaches, and
we related the sites to epigenetic aging clocks and a
mortality risk score, an epigenetic indicator of mortality
previously created and validated with DNA methylation
arrays in two European cohorts.

RESULTS
Cohorts
Across studies in the Cohorts of the Heart and Aging
Research in Genetic Epidemiology (CHARGE)
Consortium, mortality rates ranged from 3%–70% of all
participants, and the average time to death or censoring
ranged from 4.4–16.6 years (Supplementary Table 1).
Each study conducted epigenome-wide mortality
analyses, adjusting for two sets of harmonized risk
factors and confounders, and shared results for metaanalysis (Figure 1).
Meta-analysis
Inverse variance-weighted fixed-effects meta-analysis of
426, 724 CpGs identified 51 Bonferroni-significant and

Figure 1. Workflow of the study.
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257 FDR-significant (P < 3.03x10-5) CpGs in a basic
model adjusting for age, sex, technical covariates, and
white blood cell proportions (Figure 2A and
Supplementary Table 2). We also identified three
Bonferroni-significant and nine FDR-significant (P <
9.3x10-7) CpGs in a fully-adjusted model also adjusting
for education, smoking status, pack-years smoked, body
mass index, recreational physical activity, alcohol
consumption, hypertension, diabetes, and history of
cancer and coronary heart disease (Figures 2B, 3A
and Supplementary Table 3). For 188 (73%) basicadjusted FDR-significant CpGs and six (67%) fullyadjusted CpGs, higher blood DNA methylation was
associated with lower all-cause mortality (Figure 2 and
Supplementary Tables 2, 3).
All nine fully-adjusted FDR-significant CpGs had
similar magnitude of associations with mortality in the
basic model, although only five were also FDRsignificant in the basic model (Figure 3B). Hazard ratios
(HRs) of the nine fully-adjusted FDR-significant CpGs
ranged 0.53–1.26 per 10% increase in DNA methylation

levels, where 1 represents 100% methylation
(Supplementary Table 4). Six sites (cg14866069,
cg23666362, cg20045320, cg07839457, cg07677157,
cg09615688) were associated with reduced mortality
risk, while the remaining three sites (cg17086398,
cg12619262, cg18424841) were associated with
increased mortality risk (Figure 3A and Supplementary
Tables 3, 4). Three fully-adjusted CpGs (cg07677157,
cg09615688, cg18424841) were in intergenic regions; the
remaining six (cg17086398, cg14866069, cg23666362,
cg12619262, cg20045320, cg07839457) were within
10,000 bp of a gene, with two CpGs (cg07839457,
cg23666362) mapped respectively to nucleotide-binding
oligomerization domain-like receptor caspase recruitment
domain containing 5 (NLRC5) and microRNA 1973
(MIR1973) within 1,500 bp of transcription start sites,
and one (cg17086398) in the serine incorporator 2
(SERINC2) gene body (Supplementary Table 3).
Meta-analysis results did not appear to suffer from
systematic bias due to unmeasured confounding, as
assessed by genomic inflation (basic model: λ = 1.12,

Figure 2. Quantile-Quantile plots, Manhattan and Volcano for the basic model (Panel A) and for the fully adjusted model (Panel B).
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fully adjusted model λ = 0.94, Figure 2 and
Supplementary Table 5). Cohort-specific inflation was
also minimal, with lambdas close to one for most cohorts.
Volcano plots showed symmetry in the direction of the
associations with all-cause mortality (Figure 2). All
nine fully-adjusted FDR-significant CpGs showed
low/medium heterogeneity (Supplementary Tables 7) and
consistent magnitude of the estimated HRs across studies
(Figure 3A). We further validated our results by
excluding cohorts with high proportion of deaths (30%)
and inflation (λ > 1.5). In these sensitivity analyses, HRs
for the nine FDR-significant CpGs were consistent with
main results in terms of direction, magnitude, and
statistical significance (Supplementary Figure 1 and
Supplementary Tables 8, 9).
Three of the nine fully-adjusted FDR-significant
CpGs (cg20045320, cg07677157, cg07839457) were
associated with lower incidence of coronary heart
disease rates (P < Bonferroni threshold of 0.005)
(Figure 4 and Supplementary Table 10).
Miettinen’s population attributable factor, epigenetic
aging clocks, and mortality risk score
To assess the extent that methylation levels of each CpG
predict all-cause mortality, we calculated Miettinen’s

population attributable fraction on data from the
Normative Aging Study (NAS) and the Women Health
Initiative-Epigenetic Mechanisms of Particulate MatterMediated Cardiovascular Disease (WHI-EMPC) for
European and African American ancestries. DNA
methylation levels above the average at each CpG
predicted, individually and independently of other
factors, 5%–15% of all deaths (Figure 3C and
Supplementary Table 11). In the same datasets, all nine
CpGs were associated with age, cumulative smoking,
body mass index, and physical activity (P < 0.05). Seven
out of nine CpGs (cg17086398, cg14866069,
cg23666362, cg20045320, cg7677157, cg07839457,
cg09615688) had negative relationships with age
(Supplementary Table 12). Seven CpGs were strongly
associated with epigenetic aging clocks and mortality
risk scores; all significant associations had the same
direction and similar magnitude across the four
epigenetic aging clocks (Supplementary Table 13), even
if none of those sites was included in any of the clocks.
Those CpGs had consistent and independent association
with all-cause mortality when adjusted for epigenetic
aging clocks and mortality risk scores (Supplementary
Tables 14, 15). In overall meta-analysis, we identified 57
out of 58 CpGs of the risk score, and those sites had low
to moderate association with DNA methylation levels at
our FDR-significant CpGs with a balance between

Figure 3. (A) Forest Plots for the association of methylation levels of the FDR-significant fully-adjusted CpGs with risk of all-cause mortality in
the CHARGE consortium. (B) Sensitivity analysis. Comparison of the hazard ratio of the basic-adjusted and the fully-adjusted fixed effect
meta-analysis. (C) Attributable factor. Predicted Contribution (%) of increased methylation levels (above the mean) of each CpG to the allcause mortality associations in NAS, WHI-EMPC (EA) and WHI-EMPC (AA). (D) Functional Mapping and Annotation results in order to examine
tissue specificity of the genes mapped to the FDR-significant fully-adjusted CpGs.
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positive and negative correlations (Supplementary
Figure 2A, 2B). In overall meta-analysis, the association
between all-cause mortality and DNA methylation levels
at the majority (34 out of 58) of mortality risk score
CpGs had consistent direction with previous results.
Among those CpGs, only two (cg25193885 and
cg19859270) showed nominally significant association
with mortality (Supplementary Figure 2A, 2B).
Pathways analyses and DNA methylation integration
with quantitative trait loci analysis (meQTL) and
with gene expression (eQTM)
Extended genome-wide enrichment analysis showed that
two of the CpGs (cg07839457 and cg17086398) mapped
to genes (NLRC5 and SERINC2, respectively) previously
associated with high-density lipoprotein cholesterol
levels (FDR P = 0.02) and alcohol dependence (FDR
P = 0.004) in genome-wide association studies (GWAS)
analyses (Supplementary Table 16) [14]. We confirmed
these results using Database for Annotation,
Visualization and Integrated Discovery (DAVID) and
KEGG, identifying and testing for enriched underlying
biological processes in publicly available gene ontology
databases (Supplementary Tables 17, 18).
To characterize the functional relevance of FDRsignificant CpGs, we performed covariate-adjusted
methylation quantitative trait locus (meQTL) analyses
using available unique single-nucleotide-polymorphism
(SNP)–CpG combinations from 713 participants
in the Cooperative Health Research in the Region
Augsburg (KORA) study [15]. We identified
nine Bonferroni-significant unique cis-regulatory
polymorphisms associated with two 1000 bp-distant
CpGs (cg09615688, cg18424841) (Supplementary
Figure 3A and Supplementary Table 19). None of the
nine identified polymorphisms overlapped with
previous genetic results from the National Human
Genome Research Institute-EBI GWAS Catalog
(Supplementary Table 16).

We also evaluated expression quantitative trait
methylation (eQTM) associations using 998 KORA
participants. We identified three CpGs with FDRsignificant associations with decreased leukocyte
expression levels of nearby genes, among the 13, 351
unique associations between gene-expression and DNA
methylation levels at FDR-significant fully-adjusted
CpGs. Namely, DNA methylation levels of cg07839457
(in NLRC5) were associated with NLRC5 expression as
well as with that of a ~300 Mb-distant set of
metallothionein (MT) 1 and 2 genes, which are linked to
oxidative stress and immune responses [16, 17]. DNA
methylation of cg17086398 in SERINC2 was inversely
associated with myristoylated alanine-rich C-kinase
substrate like 1 (MARCKSL1) expression, which is
involved in migration of cancer cells [18]. DNA
methylation at cg20045320 in IFITM3 was associated
with lower expression of IFITM3 and IRF, which have a
critical role in immune responses (Supplementary
Figure 3B and Supplementary Table 20) [6, 19].
We finally used functional mapping and annotation to
examine tissue-specific expression. Genes identified in
the fully-adjusted model showed universal expression at
varying levels across tissues. IFITM3 was highly
expressed in all tissues; BMPR1B showed low
expression across all tissues, except for moderate
expression in the prostate and tibial nerve. Remaining
genes had moderate or low expression in a wide range
of tissues, except for SERINC2, which showed high
expression in the liver, kidney, salivary gland, and
esophagus. MIR1973 was not represented in the dataset
(Figure 3D).
Mendelian randomization
To evaluate the causal relationship of FDR-significant
CpGs to mortality-related risk factors and diseases, we
included two sets of Mendelian randomization analysis
using methQTL data from KORA and publicly available
ARIES data. Only two FDR-significant CpGs

Figure 4. Forest Plots for the association of methylation levels of the FDR-significant fully-adjusted CpGs with risk of future
incident coronary heart disease in the CHARGE consortium.
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(cg18424841 and cg09615688) overlapped with
methQTLs in either KORA or ARIES and with SNPs
associated with coronary heart disease (CHD) or kidney
function. A GWAS assessing longevity and age-related
chronic diseases (CHD and kidney function) [34–38]
showed no overlap with KORA and ARIES methQTLs
even when using a moderate threshold for proxy variants
(proxy r2 > 0.75). In KORA, cg09615688 showed
evidence of a positive causal effect on CHD (OR = 1.51;
95% CI = 1.02, 2.23; Wald ratio method), directionally
consistent with the association of overall meta-analysis
on mortality. However, this causal estimate at this site
was not represented in ARIES methQTL data.
Cg18424841 had multiple variants in KORA methQTL
data and a single variant in ARIES methQTL data. We
did not observe consistent evidence of a causal effect of
cg18424841 on CHD. Indeed, weak evidence for a
causal effect of cg18424841 on CHD was observed in
ARIES using the Wald ratio method but not in KORA
using pleiotropy-robust, multi-variant, or Wald ratio
methods. We did not find evidence for a causal effect of
cg18424841 on kidney function in either KORA or
ARIES (Supplementary Table 21).
Cell-type fractions and all-cause mortality
Cell-type fractions, mostly neutrophil–lymphocyte ratio
(NLR), have been often associated with comorbidities
and mortality and have been recognized to influence
DNA methylation levels [20–22]. We identified that
NLR was significantly associated with all-cause
mortality only when data were not adjusted for
Houseman cell proportions using NAS data
(Supplementary Table 22). Interestingly, NLR had no
significant association with all-cause mortality when we
adjusted for DNA methylation levels at cg07839457,
mapped to immune-related gene NLRC5. However, the
contribution of NLR on mortality at that specific site
may be minimized due to adjustment of prior history of
cancer and comorbidities in all models.

DISCUSSION
This study is the largest to date investigating sitespecific DNA methylation and all-cause mortality. We
identified new whole blood DNA methylation marks
that predict all-cause mortality risk, independent from
chronological age, lifestyle habits, and morbidity. These
newly identified sites may be useful in developing
clinical tools for risk assessment and mortality
preventive intervention strategies.
All nine FDR-significant CpGs demonstrated novel
association with all-cause mortality and were not part of
epigenetic aging clocks or mortality risk scores [9, 11–
13]. Further, the CpGs were associated with mortality
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independent from epigenetic aging and mortality
signatures. All-cause mortality was associated with a
mortality risk score in a model including seven FDRsignificant CpGs, although those associations may be
driven by the inclusion of CpGs related to our FDRsignificant sites. This suggests that whole blood DNA
methylation levels at FDR-significant CpGs may be
sentinels for epigenetic disruptions leading to aging
acceleration and contributing to mortality. In addition,
the association between DNA methylation levels at
FDR-significant CpGs with chronological aging may
suggest that those CpGs are stronger independent
biomarkers of aging than other epigenetic aging
signatures.
In previous CHARGE meta-analyses [3, 4], DNA
methylation of two of the newly-identified CpGs,
cg20045320 and cg07839457 (mapping to interferon
induced transmembrane protein 3 [IFITM3] and NLRC5)
were respectively associated with smoking and
cardiovascular-related chronic inflammation, both
factors of mortality. Cardiovascular disease, especially
CHD, is a major contributor to mortality [23]. The
direction of association with incident heart disease was
consistent with that of all-cause mortality. Thus, DNA
methylation at these CpGs may contribute to
development and progression of CHD and,
consequently, to risk of death. To validate this idea, we
used a Mendelian randomization approach and identified
one site, cg09615688, with a causal effect on CHD in
KORA data and weak evidence for the causal effect of
cg18424841 on CHD in ARIES data.
Expression of several genes mapped to the fullyadjusted FDR-significant CpGs has been associated
with mortality predictors and mortality. Elevated and
persistent gene expression levels of NLRC5, a master
regulator of the immune response [16], has
demonstrated an inverse correlation with familial
longevity and mortality predictors, such as elevated
blood pressure, arterial stiffness, chronic levels of
inflammatory cytokines, metabolic dysfunction, and
oxidative stress [5]. In addition, expression of IFITM3
provides an essential barrier to influenza A virus
infection in vivo and in vitro. Absence of IFITM3 leads
to uncontrolled viral replication and a predisposition to
morbidity and subsequent mortality [6]. Further,
expression of BMPR1B enhances cancer cell migration,
and approaches targeting BMPR1B inhibit metastatic
activity in breast cancer [7]. Finally, expression of
MIR1973, part of a family of microRNAs, increases
resistant lung adenocarcinoma cells, with subsequent
low apoptosis intensity [8]. This body of evidence may
suggest an active role of DNA methylation levels in
regulating relevant gene expression and reducing allcause mortality risk.
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The overall meta-analyses included 12 cohorts with
varying biological age and mortality. There was a
balance between six studies with long (≥10 years) and
six cohorts with short (<10 years) average time to
follow-up or death. All cohorts showed consistency in
magnitudes and directionality for the association with
mortality of four CpGs (cg12619262, cg20045320,
cg07839457, cg18424841). Two studies (FHS study 1
and KORA) showed non-significant opposing
directionality when compared with the rest of the
cohorts for several CpGs (FHS-Study 1: cg14866069,
cg23666362, cg09615688; KORA: cg17086398,
cg14866069, cg23666362). However, both cohorts had
among the shortest average time-to-death (FHS-Study
1: 6.1 years; KORA: 4.4 years) and youngest average
population age (FHS-Study 1: 65 years; KORA: 61
years). Both cohorts also had limited contribution in our
meta-analysis due to reduced number of deaths (FHSStudy 1: 62; KORA: 42). Our results may indicate that
DNA methylation levels at these select CpGs were
relevant for mortality risk prediction of longer time-todeath in both adults and older-age adults.
Cell-type fractions, including NLR, as related to cancer
and systemic inflammation have been related to
mortality in different populations [20–22]. When we
excluded Houseman cell proportions, NLR was strongly
associated with mortality at all CpGs except
cg07839457, which is mapped to the immune-related
gene NLRC5. This may suggest that the contribution of
NLR on mortality is minimized when controlled for
prior history of cancer and related comorbidities.
In summary, we identified nine CpGs with a novel
association with all-cause mortality, responsive to
several external stimuli including alcohol consumption
and smoking, and more than 10 years before death.
These sites thus may be considered sentinels for
epigenetic disruptions leading to age-related disease,
such as cardiovascular disease, and contributing to
mortality. Further studies have to confirm these
associations in other tissues and in different populations.

MATERIALS AND METHODS
Participating cohort studies
Our meta-analysis included 12,300 participants from 12
population-based cohorts of the Heart and Aging
Research in Genetic Epidemiology Consortium
(CHARGE; Supplementary material): Atherosclerosis
Risk In Communities (ARIC), two studies from the
Framingham Heart Study (FHS), Invecchiare in Chianti
(InChianti), Kooperative Gesundheitsforschung in der
Region Augsburg (KORA), Lothian Birth Cohort 1921
(LBC1921) and 1936 (LBC1936), Normative Aging
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Study (NAS), UK Adult Twin Registry (TwinsUK), and
three studies from the Women’s Health Initiative
(WHI), including Broad Agency Announcement 23
(WHI-BAA23) and Epigenetic Mechanisms of PMMediated CVD Risk (WHI-EMPC), both European
(WHI-EMPC-EA) and African American ancestries
(WHI-EMPC-AA). For each participant, we derived
years of follow-up using time between the blood draw
used for DNA methylation analysis and death or last
follow-up. Each cohort excluded participants with
diagnosed leukemia (ICD-9: 203–208) or undergoing
chemotherapy treatment, which both modify bloodderived data [24, 25]. All participating cohorts shared
cohort descriptive statistics and results files from prespecified in-house mortality analyses (Figure 1). Further
information about death ascertainment, covariates
measurement and harmonization, protocols, and
methods of each cohort are included in the
Supplemental Materials. The institutional review
committees of each cohort approved this study, and all
participants provided written informed consent. Data
and analytical codes that support our findings are
available from the corresponding author upon request.
Blood DNA methylation measurements and quality
control
Each cohort independently conducted laboratory DNA
methylation measurements and internal quality control.
All samples underwent bisulfite conversion via the
EZ-96 DNA Methylation kit (Zymo Research) and
were processed with the Illumina Infinium
HumanMethylation450 (450K) BeadChip (Illumina) at
Illumina or in cohort-specific laboratories. Quality
control of samples included exclusion on the basis of
Illumina’s detection P-value, low sample DNA
concentration, sample call rate, CpG specific percentage
of missing values, bisulfite conversion efficiency, gender
verification with multidimensional scaling plots, and
other quality control metrics specific to cohorts. Each
cohort used validated statistical methods for normalizing
methylation data on untransformed methylation beta
values (ranging 0–1). Some cohorts also made
independent probe exclusions. Further details are
provided in the Supplemental Material. For metaanalysis, additional probe exclusions were made across
all cohorts. In detail, we also excluded control probes,
non-CpG sites, probes that mapped to allosomal
chromosomes, cross-reactive CpGs, probes with
underlying SNPs within 10 bp of the CpG sequence,
non-varying CpGs defined by interquartile range of
<0.1%, CpGs with ≥10% of missing information, and
CpGs with non-converging results [26–28]. We included
only CpGs that were available in more than three
cohorts. A total of 426, 724 CpGs were included in the
meta-analysis (Supplementary Table 5).
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The official gene name of each CpG site was noted via
Illumina’s genome coordinate. We used the name
provided by Illumina with the UCSC Genome Browser
and annotation data in Bioconductor. All annotations use
the human February 2009 (GRCh37/hg19) assembly.
Cohort-specific statistical analyses
Each cohort independently ran a common pre-specified
statistical analysis in R.version 3.5.1. We estimated the
association between locus-by-locus blood DNA
methylation levels and all-cause mortality in each cohort
using a Cox-regression model. Proportional hazard
assumptions were confirmed for each model in all
cohorts. Familial relationship was also accounted for,
when appropriate, in the model; FHS analyses included
cluster for family structure, and TwinsUK analyses used
random intercepts for zygosity and family structure. To
avoid non-convergent results, cohorts with low deaths
(KORA and TwinsUK) used a two-step analysis, in
which covariates were first linearly regressed on each
probe, and then residuals were used to perform a Cox
mortality analysis.
Each cohort adjusted for harmonized covariates in the
basic model: age (categories for decades), sex, and
technical covariates (plate, chip, row, and column). A
second set of fully-adjusted analyses adjusted for this
initial list of covariates in addition to education level,
self-reported recreational physical activity, smoking
status, cumulative smoking (pack-years), body mass
index, alcohol intake, hypertension, diabetes, and any
personal history of cancer. Cohorts independently
estimated cell type proportions using the reference-based
Houseman method, which was subsequently extended by
Horvath. Cell type correction was applied by including
estimated cell type proportions (CD4T, NK cells,
monocytes, granulocytes, plasma B cells, CD8T naïve,
and memory and effector T cells) as covariates in cohortspecific statistical models. Each cohort underwent
statistical validation of Cox-proportional hazard
assumptions before being included in the meta-analysis.
Meta-analysis
We performed inverse variance-weighted fixed-effects
meta-analysis. Due to the variability of available CpG
sites across cohorts after quality-control steps, we
included only CpG sites that were available in three or
more cohorts. We accounted for multiple testing by
controlling at 5% both the Bonferroni correction and
false discovery rate (FDR) using the BenjaminiHochberg procedure.
For FDR-significant CpGs, we confirmed robustness of
the models and results in additional analyses using the
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leave-one-out cohort validation method, by excluding
one cohort at a time and then comparing model
estimates for each CpG. We compared effect hazard
ratio (HR) and 95% confidence interval (95% CI) for
the model to estimates for our models to evaluate the
consistency of our findings. For each CpG, we
evaluated goodness of the meta-analysis model using
the I² statistic measure of inter-study variability from
random-effect meta-analyses.
Enrichment analysis
We enriched our results using a publicly available
catalog of all published GWAS relating genetic variants
with human diseases (National Human Genome
Research Institute-EBI GWAS Catalog) to elucidate
potential associations [14]. Enrichment analysis was
performed in R using one-sided Fisher exact test. We
controlled for false positives with the FDR procedure.
We evaluated whether CpG sites associated with
mortality were enriched with genomic features
provided in the Illumina annotation file (version 1.2;
http://support.illumina.com/array/array_kits/infinium_hu
manmethylation450_beadchip_kit/downloads.html) to
identify CpG location relative to the gene (i.e., body,
first exon, 3’-UTR, 5’-UTR, within 200 bp of
transcriptional start site [TSS200]), and within 1500 bp
of transcriptional start site [TSS1500]) and relation of
the CpG site to a CpG island, northern shelf, northern
shore, southern shelf, and southern shore.
We also tested each gene mapped to the newly
identified CpGs for tissue-specific expression using data
from the Genotype Tissue Expression (GTEx) project as
integrated by the Functional Mapping and Annotation
(FUMA) tool [29], which allowed us to extract and
interpret relevant biological information from publicly
available repositories and provide interactive figures for
prioritized genes. As a result, we obtained a heatmap of
genes with normalized gene expression values (reads
per kilo base per million). To obtain differentially
expressed gene sets for each of 53 tissue types in the
database, we used two-sided Student’s t-tests on
normalized expression per gene per tissue against all
other tissues. We controlled for multiple comparison
with Bonferroni correction. Finally, we distinguished
between genes upregulated and downregulated in a
specific tissue compared to other tissues by accounting
for sign of the t-score [29].
Pathway analyses
To functionally interpret the genomic information
identified from FDR-significant CpGs, we used the
Kyoto Encyclopedia of Genes and Genomes (KEGG)
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pathway database, which links genomic information
with higher-order functional information. Genomic
information stored in the GENES database is a
collection of gene catalogs for all completely sequenced
genomes and some partial genomes with up-to-date
annotation of gene functions. Higher-order functional
information stored in the PATHWAY database contains
graphical representations of cellular processes, such as
metabolism, membrane transport, signal transduction,
and cell cycle [30]. We controlled our results for
multiple comparisons with the FDR approach. We
finally confirmed our results with the Database for
Annotation, Visualization and Integrated Discovery
(DAVID). We tested for enrichment in gene ontology
biological processes and applied the BenjaminiHochberg procedure to control for false positivity. We
mapped each CpG significantly associated with mortality
to genes on the basis of the 450K BeadChip annotation
file. We excluded CpGs lacking annotated genes within
10 Mb (n = 3). Using topGO in R, we tested for gene
enrichment over the background array (16, 119 unique
annotated Entrez Gene IDs) by using Fisher’s exact tests
with a minimum of two genes per node.
Integrating DNA methylation with quantitative trait
loci analysis (meQTL)
A subset of 713 KORA samples was genotyped on an
Affymetrix Axiom array. We removed variants with a
call rate of <0.98, Hardy-Weinberg equilibrium P <
5x10-6, and minor allele frequency < 0.01. We
considered only variants with an information score > 3.
Imputation was performed using the 1000 Genomes
Project phase I version 3 reference panel with IMPUTE
2.3.0. Phasing of data was performed using SHAPEIT
v2. We retained approximately 10,000,000 variants for
analyses. In each model, we used DNA methylation
beta values as independent variables and SNPs as
dependent variables. We adjusted each model for age,
sex, body mass index, and white blood cell proportions.
We used OmicABEL [31] for the analyses and genotype
probabilities for each variant. Due to large size
of the output, we retained only variants with P < 1x10-4.
We considered genome-wide significant results at
P < 1x10-14. We reported only associations with CpGs
significant in the epigenome-wide association study.
Integrating DNA methylation with gene expression
(eQTM)
In KORA, 998 individuals had both valid methylation
and blood gene expression data, which we used to
assess whether DNA methylation was correlated with
gene expression. Gene expression data (Illumina
HumanHT-12 v3 Expression BeadChip) was quality
controlled with GenomeStudio, and samples with

www.aging-us.com

14101

<6,000 detected genes were excluded from analysis. All
samples were log2-transformed and quantile-normalized
using the Bioconductor package lumi [32]. A total of
48,803 expression probes passed quality control. We
used R (version 3.3.1) to run a linear mixed effects
model adjusting for covariates (age, sex, blood cell
proportions, and technical variables of RNA integrity
number, sample storage time, and RNA amplification
batch) and a random intercept for RNA amplification
batch. Models were run for each of the nine newlyidentified CpGs associated with mortality. We filtered
results to report only CpG-expression probe pairs
located on the same chromosome. Start and end sites for
each gene were determined according to the Illumina
HT annotation file. A cutoff of 500,000 bp was used to
differentiate cis- vs. trans-eQTMs.
Miettinen’s population attributable factor and
mendelian randomization analysis
To assess the contribution of methylation levels of each
CpG to all-cause mortality, we calculated Miettinen’s
population attributable fraction on data from the inhouse Normative Aging Study (NAS) and Women
Health Initiative-Epigenetic Mechanisms of Particulate
Matter-Mediated Cardiovascular Disease (WHI-EMPC)
for European and African American ancestries.
Population attributable fraction takes into account
strength of association between the risk factor (DNA
methylation higher than the mean in specific CpG sites)
and outcome (mortality) as well as prevalence of the
risk factor in the population [33]. This metric provides
estimates of the public health importance of risk factors,
ascertaining what proportion of the outcome is due to
exposure to the risk factor, and distinguishes between
etiologic fraction attributable to or related to the given
risk factor depending on whether all or just some
confounding by extraneous factors was under control
[33]. To support information about the population
attributable factor, we also included two Mendelian
randomization approaches.
We identified the causal effect on all-cause mortality of
FDR-significant CpGs by using two sample Mendelian
randomization analyses and summary statistics from
published GWAS for chronic diseases and longevity [34]
and chronic diseases, including CHD [35], kidney
function (serum creatinine), [36] blood pressure, [37] and
type 2 diabetes [38]. We extracted GWAS information
with MR-base [14]. We also extracted SNP-methylation
association summary statistics from both KORA and
publicly available ARIES [39] methQTL data; for
ARIES, we used MR-base [40]. To account for multiple
variants and pleiotropy, we used multiple Mendelian
randomization methods—when only one variant was
present, we used the Wald Ratio method [41]; when we
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had multiple variants, we used MR Egger [42],
weighted median [43], and weighted mode [44], as
these three methods use different assumptions to
provide consistent causal effect estimates even with
invalid instruments arising from horizontal pleiotropy, a
primary source of bias in multi-variant Mendelian
randomization analyses.
FDR-significant CpGs, DNA methylation-related
aging measures, and mortality risk score
PhenoAge, a composite measure of CpG sites
representing phenotypic age, captures differences
between lifespan and health span. The Horvath clock is
a linear combination of sites identifying the cumulative
effect of an epigenetic maintenance system [1, 45].
Among the 513 CpGs comprising PhenoAge, 41 are
shared with the Horvath clock. While both aging
measures correlate strongly with age in every tissue and
cell type tested, and both captured risks for mortality
across multiple tissues and cells, PhenoAge is highly
predictive of nearly every morbidity [1, 10]. Blood
PhenoAge outperformed the Horvath clock with regard
to predictions for a variety of aging outcomes, including
all-cause mortality. The mortality risk score instead was
based on results using discovery cohort ESTHER (61
years old on average) and both ESTHER and KORA for
validation [11].
To investigate whether the association of FDRsignificant CpGs with mortality was independent of
DNA methylation aging measures and risk score, we
included acceleration of PhenoAge and Horvath clock,
defined respectively as discrepancies between age with
PhenoAge and Horvath clock age and the risk score. We
also identified the correlation between each CpG
included in the risk score and our FDR-significant
CpGs, and we compared our pooled meta-analysis
results with previous findings.
Cell-type fractions and all-cause mortality
Cell-type fractions, mostly NLR, influence DNA
methylation levels and have been associated with
comorbidities and mortality [20–22]. To elucidate which
cell proportions were associated with mortality when
adjusting for DNA methylation at FDR-significant CpGs,
we included NLR, which has been associated with lung
cancer risk and mortality [21] as well was cardiovascular
disease and mortality in prospective studies [22]. NLR
computation was performed using DNA methylation data
via Koestler et al. [46]
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SUPPLEMENTARY MATERIALS
Supplementary material - cohort description
The atherosclerosis risk in communities (ARIC) study
ARIC cohort description
The ARIC Study is a population-based prospective
cohort study of cardiovascular disease risk in four US
communities [1]. Between 1987 and 1989, 7,082 men
and 8,710 women aged 45–64 years were enrolled in
Forsyth County, North Carolina; Jackson, Mississippi
(African Americans only); suburban Minneapolis,
Minnesota; and Washington County, Maryland. The
ARIC Study protocol was approved by the institutional
review board of each participating university, and
participants provided written informed consent.
Participants underwent a baseline clinical examination
(Visit 1) and four subsequent follow-up clinical exams
(Visits 2–5). The present analysis is restricted to African
Americans from Jackson and Forsyth County centers.
Baseline for mortality follow-up is either Visit 2 (1990–
1992) or Visit 3 (1993–1995), when the DNA used for
methylation quantification was collected. Covariates were
measured at the time of blood draw, unless otherwise
specified. Data on education, smoking status, smoking
pack-years, alcohol intake, and physical activity were
obtained by self-report at Visit 1. Trained technicians
took fasting blood samples and measured height and
weight using standard protocols. Diabetes was defined as
a fasting blood glucose level of ≥126 mg/dL, non-fasting
blood glucose level of ≥200 mg/dL, self-reported
physician diagnosis of diabetes, or use of antidiabetic
medication in the past 2 weeks. Hypertension was
defined as systolic blood pressure ≥140 mm Hg, diastolic
blood pressure ≥90 mm Hg, or self-reported use of
antihypertensive medication in the past 2 weeks. History
of cancer was defined by self-report or incident cancer
cases found between Visit 1 and time of blood draw
found through cancer registry and hospital linkage.
History of coronary heart disease (CHD) was defined as
self-reported history at baseline or an adjudicated event
(Myocardial infarction (MI), silent MI, coronary artery
bypass surgery, or angioplasty) found between Visit 1
and time of blood draw.
ARIC death ascertainment
Deaths among cohort participants were identified through
December 2012 via annual telephone calls and by
surveillance of local death certificates and obituaries. If a
participant was lost to telephone follow-up, a National
Death Index search was conducted.
ARIC DNA methylation quantification
Genomic DNA was extracted from peripheral blood
leukocyte samples using the Gentra Puregene Blood Kit
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(Qiagen; Valencia, CA, USA) according to the
manufacturer’s instructions (https://www.qiagen.com).
Bisulfite conversion of 1 μg genomic DNA was
performed using the EZ-96 DNA Methylation Kit (Deep
Well Format) (Zymo Research; Irvine, CA, USA)
according
to
the
manufacturer’s
instructions
(https://www.zymoresearch.com). Bisulfite conversion
efficiency was determined by PCR amplification of
converted DNA before proceeding with methylation
analyses on the Illumina platform using Zymo
Research’s Universal Methylated Human DNA Standard
and Control Primers. The Illumina Infinium
HumanMethylation450K Beadchip array (HM450K)
was used to measure DNA methylation (Illumina, Inc.;
San Diego, CA, USA). Background subtraction was
conducted with the GenomeStudio software using builtin negative control bead types on the array. Positive and
negative controls and sample replicates were included on
each 96-well plate assayed. After exclusion of controls,
replicates, and samples with integrity issues or failed
bisulfite conversion, a total of 2,841 study participants
had HM450K data available for further quality control
(QC) analyses. We removed poor-quality samples with
pass rate of <99% (i.e., if the sample had at least 1% of
CpG sites with detection P-value > 0.01 or missing),
indicative of lower DNA quality or incomplete bisulfite
conversion, and samples with a possible gender
mismatch based on evaluation of selected CpG sites on
the Y chromosome. Additional details have been
published elsewhere [2 , 3].
Framingham heart study offspring cohort (FHS)
FHS study participants
The FHS Offspring Cohort began enrollment in 1971
and included 5,124 offspring of the FHS original
cohort as well as spouses of the offspring. Participants
were eligible for the current study if they attended the
eighth examination cycle (2005–2008) and consented
to have their DNA used for genetic research. All
participants provided written informed consent at the
time of each examination visit. The study protocol
was approved by the Institutional Review Board at
Boston University Medical Center (Boston, MA). FHS
data are available in dbGaP (accession number:
phs000724.v2.p9).
FHS death ascertainment
Deaths among FHS participants that occurred before
January 1, 2013 were ascertained using multiple
strategies, including routine contact with participants
for health history updates, surveillance at the local
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hospital, obituaries in the local newspaper, and queries
to the National Death Index. Death certificates, hospital
and nursing home records before death, and autopsy
reports were requested. When cause of death was
undeterminable, the next of kin were interviewed. The
date and cause of death were reviewed by an endpoint
panel of three investigators.
FHS DNA methylation quantification
Peripheral blood samples were collected at the 8th
examination. Genomic DNA was extracted from buffy
coats using the Gentra Puregene DNA extraction kit
(Qiagen) and bisulfite converted using the EZ DNA
Methylation kit (Zymo Research). DNA methylation
quantification was conducted in two laboratory batches
using the Illumina Infinium HumanMethylation450
array. Methylation beta values were generated using the
Bioconductor minfi package with background
correction. Sample exclusion criteria included poor SNP
matching of control positions, missing rate >1%,
outliers from multi-dimensional scaling, and sex
mismatch. In addition, we excluded individuals with
leukemia and those who received chemotherapy.
Additional sample exclusions included those with
mismatches in their reported sex and methylationpredicted sex as well as methylation-predicted
tissues that were not blood. Lastly, samples with
correlation with our reference population of r < 0.80
were excluded. Predicted sex, tissues, correlation
with reference population, and DNA methylationpredicted ages were computed using our online age
calculator (http://labs.genetics.ucla.edu/horvath/dnamage).
Background subtraction was applied using the
preprocessIllumina command in the minfi Bioconductor
package [4]. In total, 2,635 samples and 443,304 CpG
probes remained for analysis.
Invecchiare in chianti (InCHIANTI) study
InChianti study participants
The InCHIANTI Study is a population-based
prospective cohort study of residents ≥20 years old from
two areas in the Chianti region of Tuscany, Italy.
Sampling and data collection procedures have been
described elsewhere [5]. Briefly, 1,326 participants
donated a blood sample at baseline (1998–2000), of
which 784 also donated a blood sample at 9-year
follow-up (2007–2009). DNA methylation was assayed
using the Illumina Infinium HumanMethylation450
platform in DNA samples corresponding to participants
with sufficient DNA at both baseline and Year
9 visits (n = 499). All participants provided written
informed consent to participate in this study. The
study complied with the Declaration of Helsinki.
The Italian National Institute of Research and Care on
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Aging Institutional Review Board approved the study
protocol.
InChianti death ascertainment
Vital status was ascertained using data from the
Tuscany Regional Mortality General Registry. Deaths
were assessed until December 1, 2014.
InChianti DNA methylation quantification
Genomic DNA was extracted from buffy coat samples
using an AutoGen Flex and quantified on a
Nanodrop1000 spectrophotometer before bisulfite
conversion. Genomic DNA was bisulfite converted using
the Zymo EZ-96 DNA Methylation Kit (Zymo Research)
per the manufacturer’s protocol. CpG methylation status
of 485, 577 CpG sites was determined using the Illumina
Infinium HumanMethylation450 BeadChip per the
manufacturer’s protocol, as previously described [6].
Initial data analysis was performed using GenomeStudio
2011.1 (Model M Version 1.9.0, Illumina Inc.).
Threshold call rate for inclusion of samples was 95%.
Quality control of sample handling included comparison
of clinically reported sex versus sex of the same samples
determined by analysis of methylation levels of CpG sites
on the X chromosome [6]. Background subtraction was
applied using the preprocessIllumina command in the
minfi Bioconductor package [4].
Cooperative health research in the region of
augsburg (KORA) F4 cohort
KORA cohort description
The KORA study is an independent population-based
cohort from Augsburg, Southern Germany. Whole
blood samples of the KORA F4 survey (examination
2006–2008), a seven-year follow-up study of the
KORA S4 cohort, were used. Out of 4,621 participants
for the KORA S4 baseline study, 3,080 participants
participated in the KORA F4 follow-up study [7].
Participants provided written informed consent, and
the study was approved by the local ethics committee
(Bayerische Landesärztekammer). For 1,799 subjects,
methylation data as well as information about
death ascertainment was available. Before analyses,
all individuals with a detection P-value > 0.05 for >1%
of probes were removed (375 individuals). Sex
checks performed during calculation of DNAmAge
resulted in the removal of another 167 individuals, 137
of whom had an “unsure” gender. This left 1,257
individuals for analysis. At the KORA F4 follow-up
examination, all individuals completed questionnaires
and physical examinations conducted by trained
staff covering demographics, lifestyle, and medical
history since the KORA S4 examination. Collected
information included age, sex, years of education,
smoking status (current regular, current irregular,
former, never), pack-years, alcohol consumption
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(g/day), physical activity (active, inactive), diabetes
status, hypertension status, self-reported cancer
diagnosis, and body mass index (BMI), among other
clinical variables [7].
KORA mortality ascertainment
The vital status of all F4 participants was ascertained
through the population registries inside and outside
the study area in 2011 (cut-off date: December 31,
2011). Record linkage was based on name, sex, date of
birth, and address. If the person died, the time and
location of death was assessed via population
registries, and a copy of the death certificate was
obtained from the Regional Health Department. If the
person moved out of the study area, time of the move
and information on the new address was typically
available. Vital status could not be assessed for those
who had moved to a foreign country or to an unknown
location in the country. Causes of death were ICD-9
revision coded. There were a total of 42 deaths,
including 16 from cardiovascular disease and 17 from
cancer.
KORA DNA methylation measures
Whole blood was drawn into serum gel tubes. We
bisulfite-converted 1 µg of genomic DNA using the EZ96 DNA Methylation Kit (Zymo Research) according to
the manufacturer’s procedure, with the alternative
incubation conditions recommended when using the
Illumina Infinium Methylation Assay. Genome-wide
DNA methylation was analyzed in 1,799 subjects using
the Illumina Infinium HumanMethylation450 BeadChip
Array. Raw methylation data were extracted using the
Illumina Genome Studio (version 2011.1) with the
methylation module (version 1.9.0). Preprocessing was
performed with R (version 3.0.1). Probes with signals
from less than three functional beads and probes with a
detection P-value > 0.01 were defined as lowconfidence probes. Probes that covered SNPs (MAF in
Europeans > 5%) were excluded from the data set. A
color bias adjustment was performed with the R
package lumi (version 2.12.0) by smooth quantile
normalization and background correction based on
negative control probes present on the Infinium
HumanMethylation BeadChip. This was performed
separately for the two-color channels and chips. βvalues corresponding to low-confidence probes were set
to missing. A 95% call rate threshold was applied on
samples and CpG sites. Beta-mixture quantile
normalization (BMIQ) was applied by using the R
package wateRmelon, version 1.0.3. Plate and batch
effects were investigated by principle component
analysis and eigenR2 analysis, because KORA F4
samples were processed on 20 96-well plates across
nine different batches.
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Probes with a detection P > 0.05 for > 1% of samples
were removed as well as all “ch” and “rs” probes,
leaving a total of 431, 217 probes for analysis. Although
raw beta values were used in Dr. Horvath’s online
calculator to determine cell counts, normalized data was
used for the final analyses.
To reduce non-biological variability between
observations, data were normalized using quantile
normalization on raw signal intensities. Precisely,
quantile normalization was stratified to six probe
categories based on probe type and color channel (i.e.,
Infinium I signals from beads targeting methylated CpG
sites obtained through red and green color channels,
Infinium I signals from beads targeting unmethylated
CpG sites obtained through red and green color
channels, and Infinium II signals obtained through red
and green color channels [8]) using the R package
limma, version 3.16.5 [9]. Further, to correct the shift in
the distribution of methylation values observed for the
two different assay designs (Infinium I and Infinium II)
on the BeadChip, BMIQ was applied [10] using the R
package wateRmelon, version 1.0.3 [11].
Lothian birth cohorts of 1921 and 1936 (LBC1921
and LBC1936)
LBC cohort description
LBC1921 and LBC1936 are two longitudinal studies of
aging [12, 13] that derive from the Scottish Mental
Surveys of 1932 and 1947, respectively, when nearly
all 11-year-old children in Scotland completed a
test of general cognitive ability [14]. Survivors living in
the Lothian area of Scotland were recruited in late-life
at a mean age of 79 years for LBC1921 (n = 550)
and mean age of 70 years for LBC1936 (n = 1,091).
Follow-up took place at ages 70, 73, and 76 years in
LBC1936 and ages 79, 83, 87, and 90 years in
LBC1921. Collected data include genetic information,
longitudinal epigenetic information, longitudinal brain
imaging (LBC1936), numerous blood biomarkers, and
anthropomorphic and lifestyle measures. Post-QC,
DNA methylation data were available for 920 LBC1936
participants at age 70 years and for 446 LBC1921
participants at age 79 years. At each in-person visit,
participants completed questionnaires regarding
demography, lifestyle, and medical history. They
reported chronological age, years of education, smoking
status (never, former, current), pack-years consumption
(continuous), alcohol consumption (light, moderate, and
heavy drinkers), self-reported type 2 diabetes, cancer,
and hypertension. BMI was computed from
anthropometric measures. Participants were asked to
remove their shoes before a SECA stadiometer was
used to assess height in centimeters. Weight (after
removing shoes and outer clothing) was measured in

AGING

kilograms using a digital readout from electronic SECA
scales.
LBC mortality ascertainment
For both LBC1921 and LBC1936, mortality status was
obtained via data linkage from the National Health
Service Central Register, provided by the General
Register Office for Scotland (now National Records of
Scotland). Participant deaths and cause of death are
routinely flagged to the research team about every 12
weeks. The last update available for the current project
was 26th November 2014.
LBC DNA methylation measures
Detailed information about collection and QC steps on
LBC methylation data have been reported previously
[12,
15].
Briefly,
the
Illumina
Infinium
HumanMethylation450 BeadChip was used to measure
DNA methylation in whole blood of consenting
participants. Background correction was performed, and
QC was used to remove probes with a low detection
rate, low quality (manual inspection), and low call rate
as well as samples with a poor match between
genotypes and SNP control probes or incorrect
predicted sex. Additional QC was performed to remove
samples and probes in which >1% of probes or samples,
respectively, had a detection P > 0.05. The working set
included 442, 227 CpG probes.
Normative aging study (NAS)
NAS cohort description
The ongoing longitudinal US Department of Veterans
Affairs NAS was established in 1963 and included men
21–80 years old and free of known chronic medical
conditions at entry [16]. Participants were invited to
medical examinations every three to five years. At each
visit, men provided information on medical history,
lifestyle, and demographic factors and underwent
physical examinations and laboratory tests. DNA
samples were collected from 675 active participants
between 1999–2007 [16]. We excluded participants
who were non-white or who reported leukemia at the
time of DNA extraction, leaving a total of 646
individuals with a single observation each. Participants
provided written informed consent at each visit. The
NAS study was approved by the institutional review
boards of participating institutions. At each in-person
visit, participants completed questionnaires regarding
demography, lifestyle, and medical history. They
reported chronological age, years of education, smoking
status (never, former, current), pack-years consumption
(continuous), alcohol consumption (<2, ≥2 drinks/day),
physical activity (<12, 12–30, ≥30 metabolic equivalent
hours [MET-h] per week), type 2 diabetes (self-reported
diagnosis and/or use of diabetes medications), diagnosis
of CHD (validated on medical records, ECG, and
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physician exams), diagnosis of malignant cancer in the
five years prior the visit (diagnosed with ICD-9 code).
High blood pressure was defined as antihypertensive
medication use, systolic blood pressure ≥140 mmHg, or
diastolic blood pressure ≥90 mmHg at study visit. BMI
was computed from anthropometric measures,
performed with participants in undershorts and
socks [17].
NAS mortality ascertainment
Official death certificates were obtained for decedents
from the appropriate state health departments and were
reviewed by a physician. An experienced research nurse
coded the cause of death using ICD-9. Both participant
deaths and causes of death were routinely updated by
the research team, and the last update available was
December 31, 2013 [12].
NAS DNA methylation measures
DNA was extracted from buffy coats using the QIAamp
DNA Blood Kit (Qiagen). We used 500 ng of DNA for
bisulfite conversion using the EZ-96 DNA Methylation
Kit (Zymo Research). To reduce chip and plate effects,
we used a two-stage age-stratified algorithm to
randomize samples and ensure similar age distributions
across chips and plates; 12 samples that were sampled
across all age quartiles were randomized to each chip,
and then chips were randomized to plates (8
chips/plate).
QC analysis was performed to remove samples and
probes, where >1% of probes or samples, respectively,
had a detection P > 0.05. Remaining samples were
preprocessed using the Illumina-type background
correction [18] and normalized with dye-bias [19] and
BMIQ [20] adjustments, which were used to generate
beta methylation values. The working set included 477,
928 CpG probes. DNA methylation age was computed
using the Horvath calculator from background-corrected
methylation data, and QC analysis was performed only
on samples, leaving 485, 512 CpG and CpH probes in
the working set.
TwinsUK
TwinsUK study participants
The TwinsUK cohort was established in 1992 and
recruited both monozygotic and dizygotic same-sex
twins in the United Kingdom. The majority of
participants are female, Caucasian, and mostly diseasefree at time of ascertainment. There are >13, 000 twin
participants in the cohort, of which 805 were included
in the current study. Whole blood samples were
collected during participants’ clinical visits, along with
questionnaire data on phenotype and lifestyle factors.
All subjects provided written informed consent [21].
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Information on physical activity, smoking pack-years,
plate number, and chip position number were not
available for subjects in the TwinsUK dataset and
therefore were not adjusted as covariates in all analyses.
TwinsUK death ascertainment
Mortality data were collected using two approaches: 1)
during routine contact for standard clinical visits in
TwinsUK, and 2) using queries to the National Death
Register. Date and cause of death were recorded.
TwinsUK DNA methylation quantification
DNA samples were extracted from whole blood using
the DNeasy kit (Qiagen). DNA was bisulfite converted
using the EZ DNA methylation kit (Zymo Research).
Methylation levels were profiled using the Illumina
Infinium HumanMethylation450 array, and methylation
betas were generated using the R package minfi with
background correction. Raw beta levels were subjected
to BMIQ dilation to correct for technical effects. Probe
exclusion criteria included probes that mapped to
multiple locations in the reference sequence and probes
in which >1% of subjects had detection P > 0.05.
Individuals with >5% missing probes, with mismatched
sex, and with mismatched genotypes were also excluded.
Methylation-predicted sex, methylation-predicted
blood cell types, correlations with the reference
population, and DNA methylation-predicted age were
computed using the online epigenetic age calculator
(http://labs.genetics.ucla.edu/horvath/dnamage).
Women’s health initiative–broad agency
announcement 23 (WHI-BAA23)
WHI-BAA23 cohort description
Subjects included a subsample of participants of the
WHI study, a national study that began in 1993 and
enrolled postmenopausal women 50–79 years of age
into one of three randomized clinical trials. Women
were selected from one of two WHI large sub-cohorts
that had previously undergone genome-wide genotyping
as well as profiling for 7 cardiovascular disease-related
biomarkers, including total cholesterol, high-density
lipoprotein, low-density lipoprotein, triglycerides, Creactive protein (CRP), creatinine, insulin, and glucose
through two core WHI ancillary studies [22]. The first
cohort is the WHI SNP Health Association Resource
(SHARe) cohort of minorities that includes >8,000
African American (AA) women and >3,500 Hispanic
women. Women were genotyped through the WHI
core study M5-SHARe (www.whi.org/researchers/data/
WHIStudies/StudySites/M5) and underwent biomarker
profiling through WHI Core study W54-SHARe
(...data/WHIStudies/StudySites/W54). The second cohort
consists of a combination of European Americans
(EA) from two hormonal therapy trials selected
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for GWAS and biomarkers in core studies W58 (.../
data /WHIStudies/StudySites/W58) and W63 (.../data/
WHIStudies/StudySites/W63). From these two cohorts,
two sample sets were formed. Sample Set 1 is a sample
set of 637 CHD cases and 631 non-CHD cases as of Sept
30, 2010. Sample Set 2 is a non-overlapping sample of
432 cases of CHD and 472 non-CHD cases as of
September 17, 2012. The ethnic groups differed in terms
of age distribution, as Caucasian women tended to be
older. We acknowledge a potential for selection bias
using the above-described sampling scheme in WHI but
suspect that if such bias is present, it is minimal. First,
selection bias is introduced by restricting our methylation
profiling at baseline to women with GWAS and
biomarker data from baseline as well, given the
requirement that these subjects must have signed the
WHI supplemental consent for broad sharing of genetic
data in 2005. However, we believe that selection bias at
this stage is minimized by inclusion of subjects who died
between time of start of the WHI study and time of
supplemental consent in 2005, which excluded only
~6%–8% of all WHI participants. Subjects unable or
unwilling to sign consent in 2005 may not represent a
random subset of all participants who survived to 2005.
Second, some selection bias may also occur if similar
gross differences exist in the characteristics of
participants who consented to be followed in the two
WHI extension studies beginning in 2005 and 2010
compared to non-participants at each stage. We believe
these selection biases, if present, have minimal effects on
our effect estimates. Data are available from this page:
https://www.whi.org/researchers/Stories/June%202015
%20WHI%20Investigators’%20Datasets%20Released.
aspx, as well as https://www.whi.org/researchers/data/
Documents/WHI%20Data%20Preparation%20and%20
Use.pdf
WHI-BAA23 death ascertainment
We used the variable "DEATHALL" from form
124/120 that incorporated any report of death (as of
August 2015).
WHI-BAA23 DNA methylation quantification
In brief, bisulﬁte conversion using the Zymo EZ DNA
Methylation Kit (Zymo Research) as well as subsequent
hybridization of the Illumina HumanMethylation450k
Bead Chip and scanning (iScan, Illumina) were
performed according to the manufacturer’s protocols by
applying standard settings. DNA methylation levels
(β values) were determined by calculating the ratio of
intensities between methylated (signal A) and unmethylated (signal B) sites. Specifically, β value was
calculated from the intensity of methylated (M
corresponding to signal A) and un-methylated
(U corresponding to signal B) sites, as the ratio of
fluorescent signals β = Max(M,0)/[Max(M,0)+Max
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(U,0)+100]. Thus, β values range from 0 (completely
un-methylated) to 1 (completely methylated).
Women’s health initiative—epigenetic mechanisms
of PM-Mediated CVD risk (WHI-EMPC)
WHI-EMPC cohort description
WHI-EMPC is an ancillary study of epigenetic
mechanisms underlying associations between ambient
particulate matter (PM) air pollution and cardiovascular
disease in the WHI clinical trials (CT) cohort. It is
funded by the National Institute of Environmental
Health Sciences (R01-ES020836).
The WHI-EMPC study population is a stratified, random
sample of 2,200 WHI CT participants who were
examined in 1993–2001; had available buffy coats, core
analytes, electrocardiograms, and ambient concentrations
of PM; and were not taking anti-arrhythmic medications
at the time.
As such, WHI-EMPC is representative of the larger,
multiethnic WHI CT population from which it was
sampled: 68 ,132 participants aged 50–79 years who
were randomized to hormone therapy, calcium/vitamin
D supplementation, and/or dietary modification in 40
U.S. clinical centers at baseline exam (1993–1998) and
re-examined in the fasting state one, three, six, and nine
years later [23, 24]. During participant visits, data on
age, race/ethnicity, education, smoking status (current,
former, never), pack-years of smoking, alcohol
consumption (drinks per week), recreational physical
activity (MET-hours/week), weight/height/BMI,
systolic and diastolic blood pressure, medication use,
CHD, type 2 diabetes, and cancer diagnosis were
obtained.
Hypertension status was based on systolic blood
pressure ≥140 mmHg or diastolic blood pressure
≥90 mmHg or antihypertensive medication use
(angiotensin converting enzyme inhibitors, angiotensin
II receptor antagonists, beta blockers, calcium
channel blockers, thiazides). CHD was defined by a
history of myocardial infarction (acute, hospitalized,
definite or probable events supported by cardiac
pain, electrocardiogram, and biomarker data) or
revascularization procedure (coronary artery bypass
graft, percutaneous coronary angioplasty, stent) and
was self-reported at baseline and confirmed by
physician-review, classification, and local/central
adjudication of medical records during follow-up.
Type 2 diabetes was defined by a self-reported
history of physician-treated diabetes, fasting glucose
≥126 mg/dL, non-fasting glucose ≥200 mg/dL,
or anti-diabetic medication use. Cancer was defined by
a diagnosis of any cancer, excluding leukemia
and other hematologic malignancies (Hodgkin’s
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lymphoma, non-Hodgkin’s lymphoma, multiple
myeloma).
Current analyses involve information collected at the
first available visit with available DNA methylation
data and stratification by race/ethnicity [European
(WHI-EMPC-EA) and African American (WHI-EMPCAA) ancestries].
WHI-EMPC mortality ascertainment
All-cause mortality and sub-classification of the
underlying cause of death to cardiovascular or cancer
mortality were based on WHI physician review of death
certificates, medical records, and autopsy reports.
Cardiovascular disease mortality was defined as death
due to definite or possible CHD, cerebrovascular
disease, or other or unknown cardiovascular disease.
Cancer mortality was defined as death due to any
cancer. Participants affected by leukemia or other
hematologic malignancies (i.e., Hodgkin’s lymphoma,
non-Hodgkin’s lymphoma, multiple myeloma) were
excluded due to known effects on red cell, white cell,
and platelet counts.
WHI-EMPC DNA methylation quantification
Genome-wide DNA methylation at CpG sites was
measured using the Illumina 450K Infinium
Methylation BeadChip, quantitatively represented by
beta (percentage of methylated cytosines over the sum
of methylated and unmethylated cytosines) and qualitycontrolled using the following filters: detection P > 0.01
in >10% of samples, detection P > 0.01 or missing in
>1% of probes, and probes with a coefficient of
variation <5%, yielding values of beta at 293,171 sites.
DNA methylation data were normalized using BMIQ
[25] and stage-adjusted using ComBat [10]. Modeled
epigenome-wide associations also adjusted for cell
subtype proportions (CD8-T, CD4-T, B cell, natural
killer, monocyte, and granulocyte) [26] and for technical
covariates, including plate, chip, row, and column.
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Supplementary Figures

Supplementary Figure 1. Sensitivity analysis comparing hazard ratios of the fully-adjusted meta-analysis, including all
cohorts, all excluding ARIC, or all excluding WHI-BAA23.
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Supplementary Figure 2. (A) All-cause mortality association of 57 out of 58 CpGs identified with mortality in Zhang et al. (black dots) and
all-cause mortality association of the same CpGs in the pooled meta-analysis (white dots with 95% confidence intervals). (B) Association of
methylation levels of 57 out of 58 CpGs identified with mortality in Zhang et al. and our FDR-significant CpGs in all cohorts.
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Supplementary Figure 3. (A) Methylation quantitative trait loci (meQTL) analysis and (B) expression quantitative quantitative trait
methylation (eQTM) analysis in KORA.
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Supplementary Tables
Please browse Full Text version to see the data of Supplementary Tables 1, 2, 6, 10, 12, 17.

Supplementary Table 1. Covariates included in the analysis of each cohort (*variables that differ across cohorts due
to type of cutoff used in data collection) SD = standard deviation; CHD = coronary heart disease.
Supplementary Table 2. CpG loci where blood DNA methylation was associated (FDR<0.05) with all-cause mortality
in fixed-effect meta-analysis from the basic model (i.e., age, gender, technical covariates, and white cell subtypes ).
Supplementary Table 3. CpG loci where blood DNA methylation was associated (FDR<0.05) with all-cause mortality
in the fixed-effect meta-analysis from the fully adjusted model.
Distance
to nearest
gene (bp)

Nearest
gene
(10 Mp)a

Gene
group
Body

Probe name

CHR

cg17086398

1

0

SERINC2

cg14866069

4

579

BMPR1B

cg23666362

4

516

MIR1973

cg12619262

7

6276

CHST12

cg20045320

11

116

IFITM3

cg07677157

12

cg07839457

16

cg09615688

16

NAa

20

NAa

cg18424841

Relation
to CpG HRb
Island

NLRC5

p

FDRsignificant
in basic
model

Methylation
level
(Mean±SD)

1

0.29 ± 0.06

1.25 (1.15;1.36) 4.86E-07

0.29

0.66 (0.56;0.78) 4.85E-07

0.85

0.85 ± 0.05

0.69

8.00E-07

0.82

0.81 ± 0.04

1.26 (1.16;1.37) 1.76E-07

0.75

0.85

4.06E-09

0.54

0.79 (0.72;0.86) 2.00E-07

0.16

TSS1500 N_Shore 0.87 (0.84;0.91) 2.40E-09

0.46

0.53 (0.41;0.68) 9.32E-07

0.91

1.2

0.7

TSS1500
S_Shore

NAa
435

95% CI

Mean
Bonferroni
methylation
significance
level

Island

(0.59;0.8)
(0.8;0.9)

(1.13;1.28) 2.80E-08

0.75 ± 0.07
1
1

1

1

0.54 ± 0.09

1

0.18 ± 0.06

1

0.45 ± 0.11

1

0.90 ± 0.03
0.69 ± 0.09

a

Nearest gene was far more than 10 Mp.
Effect estimates represent hazard ratio per 10% increase in DNA methylation. CHR = chromosome; HR = hazard ratio; 95% CI
= 95% confidence interval; p = p-value; SD = standard deviation.
b

Supplementary Table 4. Hazard ratios for FDR-significant fully-adjusted CpGs in basic and fully adjusted models CHR
= chromosome; HR = hazard ratio; 95% CI = 95% confidence interval; p = p-value; SD = standard deviation.
Probe name

CHR

cg17086398

Fully adjusted model

Basic model

HR

95% CI

p

HR

95% CI

p

1

1.25

(1.15; 1.36)

4.86E-07

1.37

(1.28; 1.47)

5.32E-20

cg14866069

4

0.66

(0.56; 0.78)

4.85E-07

0.84

(0.75; 0.94)

2.21E-03

cg23666362

4

0.69

(0.59; 0.8)

8.04E-07

0.81

(0.72; 0.9)

2.02E-04

cg12619262

7

1.26

(1.15; 1.38)

1.76E-07

1.13

(1.05; 1.21)

6.77E-04

cg20045320

11

0.85

(0.80; 0.90)

4.06E-09

0.82

(0.78; 0.86)

2.61E-16

cg07677157

12

0.79

(0.72; 0.86)

2.00E-07

0.78

(0.72; 0.84)

1.31E-10

cg07839457

16

0.87

(0.84; 0.91)

2.40E-09

0.88

(0.85; 0.92)

3.40E-11

cg09615688

16

0.53

(0.41; 0.68)

9.32E-07

0.60

(0.51; 0.72)

8.96E-09

cg18424841

20

1.20

(1.13; 1.28)

2.80E-08

1.10

(1.05; 1.15)

2.00E-04

www.aging-us.com

14118

AGING

Supplementary Table 5. Summary of models.

Model used

Maximum #
probes
considered

Cox Regression
Cox Regressionb
Cox Regressionb
Cox Regression
Cox Regressiona
Cox Regression

406712
417934
407580
407179
330133
393529

Cox Regression
Cox Regression
Cox Regression a,c
Cox Regression
Cox Regressiond
Cox Regressiond
Fixed effect meta-analysise

385450
395005
426,120
419176
250537
218018
426724

Cohorts
ARIC
FHS Study 1
FHS Study 2
InChianti
KORA
LBC 1921
LBC 1936
NAS
TwinsUK
WHI-BAA23
WHI-EMPC-EA
WHI-EMPC-AA
All cohorts

Basic model
FDRLambda
significant
CpGs
2.46
226
0.94
3
1.32
17
1.41
0
0.96
4
1.15
0
1.04
0.86
1.02
1.7
1.23
0.92
1.12

0
0
0
14
9
0
257

Fully adjusted model
FDRLambda
significant
CpGs
1.63
5
1.04
0
1.16
1
1.44
0
0.94
0
1.22
0
1
0.9
0.98
2.02
0.93
1.09
0.94

0
0
0
1
0
0
9

a

Cohort used as predictor of residuals from linear regression analysis between each probe and sets of covariates.
Cohort included cluster for family structure.
c
Cohort included random intercepts for zygosity and family structure.
d
Cohort considered only CpGs with coefficient of variation >5%.
e
Analysis of each CpG site included results of at least three cohorts.
Basic model: adjusted for age (categories), gender, technical variables, white blood cell count.
Fully adjusted model: adjusted for age (categories), gender, technical variables, white blood cell count, education level,
physical activity, smoking status, smoking consumption (packyears), body mass index (categories), alcohol consumption, prior
coronary heart disease (y/n), diabetes (y/n), hypertension (y/n), cancer (y/n).
b

Supplementary Table 6. I2 measure of heterogeneity from random-effect meta-analysis in each FDR-significant basicadjusted CpG.
Supplementary Table 7. I2 measure of heterogeneity from random-effect meta-analysis in each FDR-significant fullyadjusted CpG.
Probe name

CHR

cg17086398
cg14866069
cg23666362
cg12619262
cg20045320
cg07677157
cg07839457
cg09615688
cg18424841

1
4
4
7
11
12
16
16
20

Distance to nearest
gene (bp)
0
579
516
6276
116
435

Nearest gene
(10 Mp)a
SERINC2
BMPR1B
MIR1973
CHST12
IFITM3
NAa
NLRC5
NAa
NAa

Gene group

Relation to
CpG island

I2

S_Shore

0.02
0
0.01
0.01
53.53
0
0
29.9
2.65

Body
TSS1500

TSS1500

N_Shore
Island

a

Nearest gene was far more than 10 Mp.
Effect estimates represent hazard ratio per 10% increase in DNA methylation.
CHR = chromosome; HR = hazard ratio; 95% CI = 95% confidence interval; p = p-value; SD = standard deviation.
b
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Supplementary Table 8. FDR-significant fully-adjusted CpGs in fixed effect meta-analysis with exclusion of ARIC.
Probe name

CHR

Distance to
nearest gene
(bp)

cg17086398

1

0

SERINC2

cg14866069

4

579

BMPR1B

cg23666362

4

516

MIR1973

cg12619262

7

6276

CHST12

cg20045320

11

116

IFITM3

cg07677157

12

cg07839457

16

cg09615688
cg18424841

Nearest gene
Gene group
(10 Mp)a

Relation to
CpG island

Body
TSS1500
S_Shore

a

NA
435

NLRC5

TSS1500

N_Shore

a

16

NA

a

20

NA

Island

HR

95% CI

p

Mean DNA
methylation
level

1.25

(1.11; 1.41)

3.80E-04

0.29

0.65

(0.52; 0.8)

6.86E-05

0.84

0.74

(0.62; 0.89)

1.35E-03

0.8

1.27

(1.12; 1.45)

3.31E-04

0.74

0.88

(0.82; 0.95)

8.76E-04

0.54

0.76

(0.66; 0.87)

4.78E-05

0.19

0.86

(0.81; 0.92)

3.70E-06

0.45

0.53

(0.41; 0.68)

9.32E-07

0.89

1.17

(1.08; 1.27)

1.90E-04

0.68

a

Nearest gene was far more than 10 Mp.
Effect estimates represent hazard ratio per 10% increase in DNA methylation.
CHR = chromosome; HR = hazard ratio; 95% CI = 95% confidence interval; p = p-value; SD = standard deviation.
b

Supplementary Table 9. FDR-significant fully-adjusted CpGs in fixed effect meta-analysis with exclusion of WHIStudy 1.
Distance to
nearest
gene (bp)

Nearest gene
(10 Mp)a

Gene group

1

0

SERINC2

Body

4

579

BMPR1B

4

516

MIR1973

7

6276

CHST12

cg20045320

11

116

IFITM3

cg07677157

12

cg07839457

16

cg09615688

16

NAa

20

a

Probe name

CHR

cg17086398
cg14866069
cg23666362
cg12619262

cg18424841

Relation to
CpG island

TSS1500
S_Shore

NAa
435

NLRC5

TSS1500

NA

N_Shore
Island

HR

95% CI

p

Mean DNA
methylation
level

1.26

(1.15; 1.38)

4.30E-07

0.29

0.67

(0.56; 0.79)

2.23E-06

0.85

0.68

(0.58; 0.79)

1.16E-06

0.81

1.23

(1.13; 1.35)

5.93E-06

0.74

0.86

(0.81; 0.91)

2.94E-07

0.54

0.79

(0.72; 0.87)

2.57E-06

0.17

0.87

(0.84; 0.92)

1.30E-08

0.45

0.53

(0.4; 0.69)

2.57E-06

0.9

1.21

(1.13; 1.3)

1.53E-08

0.69

a

Nearest gene was far more than 10 Mp.
Effect estimates represent hazard ratio per 10% increase in DNA methylation.
CHR = chromosome; HR = hazard ratio; 95% CI = 95% confidence interval; p = p-value; SD = standard deviation.
b

Supplementary Table 10. Fixed effects meta-analysis results on incident coronary heart disease from the CHARGE
Consortium.
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Supplementary Table 11. Miettinen’s population attributable factor for NAS, WHI-EMPC-EA, and WHI-EMPC-AA as
well as weighted combination (average).
CpG
cg17086398
cg14866069
cg23666362
cg12619262
cg20045320
cg07677157
cg07839457
cg09615688
cg18424841

NAS
6.47
-17.20
-15.19
7.33
-5.34
-7.29
-4.08
.
5.97

WHI-EMPC-EA
5.55
-6.77
.
-1.18
-0.67
-9.43
-3.07
1.43
3.51

WHI-EMPC-AA
3.57
-20.09
.
4.27
-1.42
-27.86
-3.43
.
4.91

Mean
5.20
-14.69
-15.19
3.48
-2.48
-14.86
-3.53
1.43
4.80

SD
1.21
5.72
0.00
3.52
2.05
9.23
0.42
0.00
1.01

Supplementary Table 12. Standardized betas identifying the linear relationship between FDR-significant fullyadjusted CpGs and conventional risk factors.
Supplementary Table 13. Standardized betas identifying the linear relationship between FDR-significant fullyadjusted CpGs and epigenetic aging clock in NAS, after adjusting all conventional risk factors.
cg17086398

cg14866069

Est (p)

Est (p)

Horvath epigenetic aging clock (years)

-0.09(0.1)

Hannum epigenetic aging clock (years)

-0.07(0.24)

cg23666362 cg12619262

cg20045320

cg07677157

cg07839457

cg18424841

Est (p)

Est (p)

Est (p)

Est (p)

Epigenetic age
Est (p)

Est (p)

0.03(0.51)

0.01(0.78)

0.23(0)

-0.27(0)

-0.13(0.02)

-0.19(0)

0.11(0.03)

-0.17(0)

-0.14(0.01)

0.36(0)

-0.08(0.23)

-0.06(0.34)

-0.28(0)

0.18(0)

Weidener epigenetic aging clock (years)

0.02(0.69)

-0.03(0.39)

-0.01(0.72)

0.08(0.1)

-0.07(0.11)

-0.04(0.46)

-0.04(0.41)

0.06(0.16)

PhenoAge (years)

-0.04 (0.5)

-0.11 (0.01)

-0.11 (0.02)

0.02 (0.76)

-0.27 (0)

0 (0.93)

-0.19 (0)

0.13 (0.01)

Mortality risk score

0.04 (0.44)

-0.22 (0)

-0.19 (0)

0.34 (0)

-0.19 (0)

-0.49 (0)

-0.03 (0.57)

-0.07 (0.22)

Est = estimate; p = p-value.

Supplementary Table 14. Association with all-cause mortality and DNA methylation levels at FDR-significant CpGs,
adjusting for epigenetic acceleration ages in the Normative Aging Study (NAS).
Association with
mortality
cg17086398
cg14866069
cg23666362
cg12619262
cg20045320
cg07677157
cg07839457
cg18424841

www.aging-us.com

CpG alone
HR (95% CI)
1.03 (0.83-1.27)
0.44 (0.30-0.70)
0.80 (0.52-1.23)
1.08 (0.88-1.33)
0.94 (0.81-1.09)
0.70 (0.52-0.94)
0.87 (0.78-0.97)
1.09 (0.94-1.26)

CpG + DNAmAge acceleration
DNAmAge
CpG
acceleration
HR (95% CI)
HR (95% CI)
1.02 (0.82-1.27)
0.99 (0.97-1.03)
0.44 (0.30-0.69)
0.99 (0.97-1.02)
0.80 (0.52-1.23)
1.00 (0.97-1.03)
1.09 (0.89-1.34)
0.99 (0.97-1.02)
0.93 (0.81-1.08)
0.99 (0.97-1.02)
0.70 (0.52-0.94)
0.99 (0.97-1.02)
0.86 (0.77-0.96)
0.99 (0.97-1.02)
1.07 (0.92-1.25)
1.00 (0.97-1.02)

14121

CpG + PhenoAge acceleration
PhenoAge
CpG
acceleration
HR (95% CI)
HR (95% CI)
1.02 (0.82-1.26)
1.01 (0.98-1.03)
0.44 (0.28-0.70)
1.00 (0.98-1.03)
0.78 (0.50-1.20)
1.01 (0.99-1.03)
1.09 (0.88-1.33)
1.01 (0.98-1.03)
0.94 (0.82-1.09)
1.01 (0.98-1.03)
0.70 (0.52-0.94)
1.00 (0.98-1.03)
0.87 (0.78-0.97)
1.01 (0.98-1.03)
1.09 (0.94-1.26)
1.01 (0.98-1.03)

AGING

Supplementary Table 15. Association with all-cause mortality and DNA methylation levels at FDR-significant CpGs
adjusting for mortality risk score in the Normative Aging Study (NAS).
Association with mortality

CpG + mortality risk score
CpG
Mortality risk score
HR (95% CI)
HR (95% CI)
1.12 (0.89-1.41)
1.68 (1.15-2.47)
0.45 (0.28-0.74)
1.39 (0.95-2.04)
0.87 (0.55-1.36)
1.55 (1.06-2.27)
1.01 (0.81 – 1.26)
1.60 (1.08-2.35)
0.96 (0.82-1.12)
1.57 (1.08-2.28)
0.74 (0.55-1.01)
1.46 (1.00-2.14)
0.88 (0.79-0.99)
1.51 (1.05-2.18)
1.07 (0.92-1.24)
1.59 (1.10-2.30)

CpG alone
HR (95% CI)
1.03 (0.83-1.27)
0.44 (0.30-0.70)
0.80 (0.52-1.23)
1.08 (0.88-1.33)
0.94 (0.81-1.09)
0.70 (0.52-0.94)
0.87 (0.78-0.97)
1.09 (0.94-1.26)

cg17086398
cg14866069
cg23666362
cg12619262
cg20045320
cg07677157
cg07839457
cg18424841

Supplementary Table 16. Enrichment analysis for genes identified in GWAS of death-related factors.
Disease
Alcohol dependence
HDL cholesterol

Gene
SERINC2
NLRC5

Enrichment p-value
0.002
0.022

Enrichment_FDR
0.004
0.022

p = p-value; FDR = false discovery rate.

Supplementary Table 17. KEGG pathways for FDR-significant CpGs in the basic model.
Supplementary Table 18. Pathways analysis with DAVID.
Gene
NLRC5

Official gene name
NLR family CARD
domain containing 5

BMPR1B

Bone morphogenetic
protein receptor type
1B

CHST12

Carbohydrate
sulfotransferase 12
Interferon induced
transmembrane
protein 3

IFITM3

www.aging-us.com

Diseases
Chronic renal failure, kidney failure, chronic
coronary disease, erythrocyte count, type 2
diabetes
Alcoholism, attention deficit disorder with
hyperactivity, bone mineral density, cleft lip, cleft
palate, hypertension, increased ovulation rate,
juvenile polyposis, obesity, premature ovarian
failure, polycystic ovarian syndrome, primary
ovarian insufficiency, puberty (delayed), puberty
(precocious), thrombophilia, tobacco use disorder
Malaria, placenta diseases, pregnancy
complications, parasitic
Ulcerative colitis

14122

Disease class
CARDIOVASCULAR,
HEMATOLOGICAL,
METABOLIC, RENAL
CARDIOVASCULAR,
CHEMDEPENDENCY,
DEVELOPMENTAL,
METABOLIC,
OTHER, PSYCH,
REPRODUCTION

p
>0.05

INFECTION

>0.05

IMMUNE

>0.05

>0.05

AGING

Supplementary Table 19. Association between fully-adjusted FDR-significant CpGs and SNPs (meQTL analysis) in
KORA.
Fully-adjusted FDR-significant CpGs
Name
CHR
Position
cg09615688
16
80982506
cg18424841
20
61315444
cg18424841
20
61315444
cg18424841
20
61315444
cg18424841
20
61315444
cg18424841
20
61315444
cg18424841
20
61315444
cg18424841
20
61315444
cg18424841
20
61315444

Name
rs8052401
rs2427380
rs2427381
rs118042746
rs6010861
rs2427382
rs6062825
rs4809278
rs6122386

SNP
CHR
16
20
20
20
20
20
20
20
20

Position
80983487
61314740
61314785
61314972
61315002
61315199
61315436
61315545
61316386

Est.

SE

p

-0.005
0.020
0.014
-0.039
0.024
0.015
0.016
0.020
0.015

0.001
0.002
0.003
0.007
0.003
0.002
0.003
0.002
0.002

3.81E-08
2.27E-16
2.50E-08
2.47E-09
9.67E-17
6.91E-10
2.37E-06
6.81E-16
6.20E-10

CHR = chromosome; Est = estimate; SE = standard error; p = p-value.

Supplementary Table 20. Association between fully-adjusted FDR-significant CpGs and gene expression (eQTM
analysis) in KORA.
Probe name

CHR

cg17086398
cg20045320
cg20045320
cg07839457
cg07839457
cg07839457
cg07839457
cg07839457
cg07839457

1
11
11
16
16
16
16
16
16

Distance to
nearest gene
(bp)
0
116
116
435
435
435
435
435
435

Nearest gene

Influenced
gene name

Est

SE

p

FDR

SERINC2
IFITM3
IFITM3
NLRC5
NLRC5
NLRC5
NLRC5
NLRC5
NLRC5

MARCKSL1
IFITM3
IRF7
MT2A
MT1E
MT1A
MT1G
MT1IP
NLRC5

-0.75
-3.45
-0.76
-1.48
-0.66
-1.11
-0.25
-0.39
-0.70

0.20
0.43
0.17
0.24
0.19
0.20
0.07
0.10
0.15

1.77E-04
3.19E-15
8.78E-06
7.92E-10
5.17E-04
1.98E-08
6.70E-04
1.64E-04
3.67E-06

5.92E-03
7.48E-13
4.11E-04
9.27E-08
1.34E-02
1.54E-06
1.57E-02
5.92E-03
2.15E-04

CHR = chromosome; Est = estimate; SE = standard error; p = p-value; FDR = false discovery rate.
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Disease

Supplementary Table 21. Causal association between coronary heart disease, kidney function (serum creatinine),
and methylation at FDR-significant CpGs in KORA and ARIES.
Methylation locus

OR

cg09615688
cg18424841
cg18424841
cg18424841
cg18424841
cg09615688
cg18424841
cg18424841
cg18424841
cg18424841

1.508
1.0058
0.8506
1.01
1.0007
0.8816
1.0014
0.9279
0.9903
0.9939

95% LCI 95% UCI
1.0199
0.9994
0.7292
0.9218
0.9399
0.7449
0.9989
0.8297
0.957
0.9637

2.2297
1.0122
0.9922
1.1068
1.0656
1.0435
1.0039
1.0377
1.0246
1.025

P

methQTL cohort

N SNPs

MR method

0.0395
0.0743
0.0944
0.8375
0.9814
0.1429
0.2771
0.4148
0.6305
0.6969

KORA
ARIES
KORA
KORA
KORA
KORA
ARIES
KORA
KORA
KORA

1
1
7
7
7
1
1
3
3
3

Wald ratio
Wald ratio
MR Egger
Weighted mode
Weighted median
Wald ratio
Wald ratio
MR Egger
Weighted mode
Weighted median

Odds ratio (OR), lower 95% confidence interval (LCI), and upper 95% confidence interval (UCI) given per 10% higher
methylation. Associations for coronary heart disease taken from (PMC4589895) and association for serum creatinine taken
from (PMC4735748). Associations for ARIES methQTLs extracted from MR-base (PMC5976434) using middle age estimates
for methQTLs from ARIES cohort (PMC4818469). MR = mendelian randomization; N SNPs = number of SNPs (instruments)
used for the MR analyses; P = p-value.

Supplementary Table 22. Association of neutrophil–lymphocyte ratio (NLR) with all-cause mortality, with and
without adjustment for cell type proportion in Normative Aging Study.
NLR association with mortality

Without adjusting for cell proportions

Adjusting for cell proportions

without any CpG inclusion
cg17086398

HR (95% CI)
1.08 (1.00 – 1.17)
1.08 (1.00 – 1.17)

p
0.04
0.045

HR (95% CI)
1.06 (0.92 – 1.21)
1.06 (0.93 – 1.21)

p
0.43
0.41

cg14866069
cg23666362

1.13 (1.05 – 1.22)
1.10 (1.02 – 1.19)

0.002
0.017

1.03 (0.90 – 1.18)
1.04 (0.90 – 1.20)

0.68
0.61

cg12619262
cg20045320

1.08 (1.00 – 1.17)
1.08 (1.00 – 1.17)

0.042
0.042

1.05 (0.92 – 1.21)
1.05 (0.92 – 1.20)

0.45
0.46

cg07677157
cg07839457

1.09 (1.01 – 1.18)
1.07 (0.99 – 1.15)

0.034
0.06

1.06 (0.93 – 1.21)
1.00 (0.88 – 1.15)

0.39
0.97

cg18424841

1.10 (1.02 – 1.19)

0.02

1.06 (0.93 – 1.21)

0.38
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ABSTRACT
Telomere length is associated with age-related diseases and is highly heritable. It is unclear, however, to what
extent epigenetic modifications are associated with leukocyte telomere length (LTL). In this study, we
conducted a large-scale epigenome-wide association study (EWAS) of LTL using seven large cohorts (n=5,713) –
the Framingham Heart Study, the Jackson Heart Study, the Women’s Health Initiative, the Bogalusa Heart
Study, the Lothian Birth Cohorts of 1921 and 1936, and the Longitudinal Study of Aging Danish Twins. Our
stratified analysis suggests that EWAS findings for women of African ancestry may be distinct from those of
three other groups: males of African ancestry, and males and females of European ancestry. Using a metaanalysis framework, we identified DNA methylation (DNAm) levels at 823 CpG sites to be significantly
associated (P<1E-7) with LTL after adjusting for age, sex, ethnicity, and imputed white blood cell counts.
Functional enrichment analyses revealed that these CpG sites are near genes that play a role in circadian
rhythm, blood coagulation, and wound healing. Weighted correlation network analysis identified four comethylation modules associated with LTL, age, and blood cell counts. Overall, this study reveals highly
significant relationships between two hallmarks of aging: telomere biology and epigenetic changes.

INTRODUCTION
Telomeres are the (TTAGGG)n repeats located at the ends
of each chromosome. Their broad function is to prevent
genomic instability [1]. Telomeres in adult germ cells [2],
bone marrow [3, 4] and embryonic stem cells [5] are
largely maintained by telomerase. After birth, however,
telomeres in somatic cells gradually shorten because of
the repressed activities of telomerase [3–6]. In cultured
cells, when telomeres become critically short, the cell
reaches replicative senescence [1, 7]. Telomere length
(TL) is reported to be shorter in leukocytes of men than
women, but this sex difference may depend on the
measurement method [8]. In their meta-analysis of data
from 36 cohorts with a total of 36,230 participants,
Gardner and colleagues found longer telomeres in women
only for the terminal restriction fragments (TRF) Southern
blot method [8]. By contrast, no sex effect was detected
for the other TL measurement methods including the
widely used quantitative real-time polymerase chain
reaction (qPCR) protocol originally described by
Cawthon [9]. TL is also shorter in leukocytes of
individuals of European ancestry than individuals of
African ancestry [10, 11]. Further, leukocyte telomere
length (LTL) is associated with the two disease categories
that largely define longevity in contemporary humans—
cancer and cardiovascular disease [12–14].
High heritability estimates for LTL have been reported
irrespective of the methods used for measuring LTL;
reported heritability estimates are between 36% and 82%
based on Southern blot [15–18], and between 51% and
76% based on qPCR [19, 20]. Genome-wide association
studies (GWAS) conducted in large observational cohorts
have identified 11 loci associated with LTL [21–24].
A subset of these loci harbor telomere maintenance

www.aging-us.com

5877

genes. These loci, however, explain only a small
proportion of the genetic variance in LTL. Similarly,
relatively little is known about epigenetic changes and
LTL. Here, we focus on the relationship between LTL
and DNA methylation levels in leukocytes. Epigenomewide association studies (EWAS) have emerged as a
powerful tool for evaluating genome-wide changes in
DNAm for a given phenotype of interest [25]. Previous
studies have explored the association between DNAm
and LTL [26–28], but these studies were somewhat
limited due to moderate sample sizes or the focus on
specific regions in the genome. Here, we conduct the
largest EWAS of LTL to date in different groups defined
by sex and ethnicity.

RESULTS
Epigenome-wide association study of leukocyte
telomere length
We considered two sets of adjustments for LTL
confounders: 1) partially adjusted LTL for age, sex, and
ethnicity and 2) fully adjusted LTL for age, sex,
ethnicity, and imputed white blood cell counts (CD4+
naïve, CD8+ naïve and exhausted cytotoxic T cell). We
conducted a large-scale multi-ancestry EWAS of the
partially and fully adjusted LTL using seven cohorts –
the Framingham Heart Study (FHS, n=874), the Jackson
Heart Study (JHS, n=1,637), the Women’s Health
Initiative (WHI, n=818), the Bogalusa Heart Study
(BHS, n=831), the Lothian Birth Cohorts (LBC1921 and
LBC1936, n=403 and n=906, respectively), and the
Longitudinal Study of Aging Danish Twins (LSADT,
n=244). The analysis flow is depicted in Figure 1. We
note that adjustment in this script indicates a mixture of
data stratification and regression adjustment.

AGING

Overall, 8,716 CpG sites were significantly (P<1E-07)
associated with the partially adjusted LTL in the global
meta-analysis. The top four genes with the largest
number of significant CpGs were VARS (16 CpGs),
PRDM16 (15 CpGs), MAGI2 (14 CpGs) and MSI2 (13
CpGs). In the group-specific meta-analyses, we found
87 significant CpGs in men of European ancestry, 14
significant CpGs in men of African ancestry, 298
significant CpGs in women of European ancestry, and

20 significant CpGs in women of African ancestry
(Supplementary File 1).
We identified 823 significant (P<1E-07) CpG sites
associated with the fully adjusted LTL through the global
meta-analysis. Our statistical significance threshold
(1E-07) corresponds to a 5% family-wise error for 450K
array studies [29]. Table 1 presents the top 30 CpGs
among the 823 significant CpGs and groups them by

Figure 1. Analysis flow chart.
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Table 1. The top 30 most significant CpG sites associated with the fully adjusted LTL.
Relation to
Chr
UCSC
CpG island

Meta-Analysis

UCSC
RefGene
group

Global meta
Z (P)
n=5,713

European
male Z (P)
n=1,389

African
male Z (P)
n=697

European
African
female Z female Z (P)
(P) n=2,095
n=1,532

CpG

Gene

cg08899667

VARS

6

N_Shelf

Body

-10.1 (4E-24)

-5.2 (3E-07)

-6.0 (2E-09)

-5.1 (4E-07) -4.2 (3E-05)

cg02980249

VARS

6

N_Shelf

Body

-8.7 (2E-18)

-5.8 (5E-09)

-4.0 (6E-05)

-4.8 (2E-06) -3.4 (7E-04)

cg02597894

VARS

6

N_Shelf

Body

-8.1 (4E-16)

-4.8 (2E-06)

-4.2 (3E-05)

-5.2 (2E-07) -2.7 (6E-03)

cg04368724

VARS

6

N_Shelf

Body

-8.0 (9E-16)

-3.0 (2E-03)

-5.0 (5E-07)

-4.2 (3E-05) -4.0 (8E-05)

cg04018738

VARS

6

N_Shelf

Body

-8.0 (2E-15)

-3.6 (3E-04)

-4.6 (4E-06)

-4.4 (1E-05) -3.5 (4E-04)

cg24771152

VARS

6

N_Shelf

Body

-7.8 (6E-15)

-3.8 (2E-04)

-4.3 (2E-05)

-4.0 (6E-05) -3.7 (2E-04)

cg20507228

MAN2A2

15

-

Body

-9.2 (5E-20)

-5.4 (8E-08)

-5.7 (2E-08)

-3.6 (3E-04) -3.5 (4E-04)

cg08972170

C7orf41

7

-

Body

-9.0 (2E-19)

-3.7 (2E-04)

-4.9 (8E-07)

-4.1 (5E-05) -5.4 (7E-08)

cg27343900*

ERGIC1

5

-

Body

-8.8 (1E-18)

-6.1 (8E-10)*

-5.1 (3E-07)

-4.2 (2E-05) -2.4 (2E-02)

cg10549018

TLL2

10

-

Body

-8.6 (1E-17)

-5.3 (1E-07)

-3.9 (1E-04)

-4.5 (8E-06) -4.0 (7E-05)

cg26709300*

YPEL3

16

N_Shore

1stExon;Body

-8.6 (1E-17)

-3.9 (8E-05)

-5.4 (6E-08)* -2.4 (2E-02) -4.8 (1E-06)

cg27106909*

YPEL3

16

N_Shore

1stExon;5′UTR;5′UTR

-8.5 (2E-17)

-5.6 (2E-08)*

-5.1 (3E-07)

cg12798040*

XRCC3

14

-

Body

-8.5 (2E-17)

-5.4 (8E-08)*

-5.4 (8E-08)* -4.1 (4E-05) -2.2 (2E-02)

cg02194129

XRCC3

14

-

Body

-8.3 (1E-16)

-4.9 (1E-06)

-5.0 (5E-07)

cg19841423*

ZGPAT;LIME1

20

S_Shore

Body;TSS1500

-8.4 (3E-17)

-5.0 (6E-07)

-5.5 (5E-08)* -3.7 (2E-04) -2.7 (8E-03)

cg02810967

NCAPG;DCAF16

4

S_Shore

Body;TSS1500

8.3 (9E-17)

4.4 (1E-05)

5.4 (9E-08)

4.1 (4E-05)

cg19935065

DNTT

10

-

TSS1500

-8.1 (4E-16)

-3.5 (4E-04)

-4.9 (1E-06)

-5.0 (5E-07) -3.2 (1E-03)

cg11093760

CILP

15

-

5′UTR;1stExon

-8.1 (5E-16)

-5.9 (4E-09)

-4.1 (5E-05)

-3.3 (1E-03) -3.1 (2E-03)

cg19097500

NFIA

1

N_Shore

TSS1500

-8.1 (6E-16)

-5.4 (7E-08)

-3.7 (2E-04)

-3.7 (2E-04) -3.6 (3E-04)

cg09626867

EXOSC7

3

-

Body

-8.1 (7E-16)

-5.2 (2E-07)

-4.1 (3E-05)

-4.5 (6E-06) -2.8 (5E-03)

-2.5 (1E-02) -3.4 (6E-04)
-4.3 (2E-05) -2.6 (9E-03)
2.8 (5E-03)

cg04509882

EIF4G1

3

-

Body;1stExon;5′UTR

-8.1 (8E-16)

-5.5 (4E-08)

-4.3 (2E-05)

-3.3 (1E-03) -3.1 (2E-03)

cg23661483

ILVBL

19

S_Shelf

Body

-8.0 (9E-16)

-3.7 (2E-04)

-4.3 (2E-05)

-5.4 (7E-08) -3.3 (1E-03)

cg01012082

NCOA2

8

-

3′UTR

-8.0 (1E-15)

-4.7 (3E-06)

-4.0 (7E-05)

-4.4 (1E-05) -3.4 (8E-04)

cg21461082

PRMT2

21

Island

Body

8.0 (2E-15)

2.9 (4E-03)

4.4 (9E-06)

4.5 (6E-06)

cg25921609

MYH10

17

N_Shore

Body

-7.9 (3E-15)

-5.2 (3E-07)

-3.6 (3E-04)

-4.5 (6E-06) -3.1 (2E-03)

cg24420089*

PTDSS2

11

N_Shore

Body

-7.8 (8E-15)

-3.4 (7E-04)

-5.8 (7E-09)* -2.3 (2E-02) -3.5 (5E-04)

cg07414525

CHL1

3

-

Body

-7.8 (9E-15)

-3.5 (4E-04)

-3.0 (3E-03)

-3.5 (5E-04) -5.8 (6E-09)

cg14817906

CNNM4

2

-

Body

-7.7 (1E-14)

-4.4 (1E-05)

-4.1 (4E-05)

-3.9 (8E-05) -3.2 (1E-03)

cg04860432*

PTGER2

14

S_Shore

Body

-7.7 (2E-14)

-5.8 (7E-09)*

-4.3 (1E-05)

-2.3 (2E-02) -2.7 (7E-03)

cg23570810

IFITM1

11

N_Shore

Body

7.7 (2E-14)

4.2 (3E-05)

4.2 (2E-05)

4.2 (2E-05)

4.4 (1E-05)

3.0 (2E-03)

* The CpGs were more strongly associated with LTL in one or two sex and ethnicity specific groups than in the rest of the
groups.

their annotated gene names. Among the top 30 CpGs, six
were in VARS, two were in YPEL2 and two were in
XRCC3. The CpGs highlighted by an asterisk in Table 1
were more strongly associated with LTL in one or two
sex and ethnicity-specific groups than in the rest of the
groups. Specifically, the LTL-DNAm correlations at
cg27343900 (in ERGIC1) and cg12798040 (in XRCC3)
were stronger in men of European ancestry than in
women of African ancestry. The LTL-DNAm correlation
www.aging-us.com
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at cg27106909 near YPEL3 was stronger in men of
European ancestry than in women of European ancestry.
Figure 2 displays regional test statistics of LTL-associated
CpGs on top of the local DNAm correlation structure for
the top four genes listed in Table 1. VARS showed a
cluster of CpGs above and right below the threshold of
significance, while MAN2A2, C7orf41 (current name,
MTURN) and ERGIC1 had one or two significant CpGs.

AGING

The clusters detected in VARS might be because of the
high probe density on the array and the strong inter-CpG
correlations.
The group-specific meta-analyses also detected several
significant (P<1E-07) CpGs associated with the fully
adjusted LTL. Figure 3 shows that 25 CpGs were
significant in men of European ancestry, three CpGs in
men of African ancestry, 19 CpGs in women of European
ancestry, and four CpGs in women of African ancestry.

Figure 4 displays scatter plots across the four groupspecific meta-analyses. The correlation coefficient of
each scatter plot was lowest between African American
females and European males (r=-0.02) and highest
between European females and European males (r=0.40).
Population and sample size differences between strata
may influence the correlations. The black dots in the
panels refer to the top 30 CpG sites detected through the
global meta-analysis. Across the 30 CpGs, we did
observe high correlations (r≈0.92).

Figure 2. Regional Manhattan plots and inter-CpG correlations for the top four genes identified in the global meta-analysis.
(A) VARS; (B) MAN2A2; (C) C7orf41 (MTURN); (D) ERGIC1.
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Functional enrichment analysis of LTL-associated
CpG sites

further
strengthening
the
main
(Supplementary File 2, Tables S1, S2).

To infer the biological meaning underlying LTLassociated CpG sites, the Genomic Regions Enrichment
of Annotations Tool (GREAT) was used to associate
differentially methylated probes (DMPs) with nearby
genes of known pathway annotations. We performed
both a gene-based and a region-based enrichment
analysis for (1) all DMPs (n=850), (2) hypermethylated
probes (n=95), and (3) hypomethylated probes (n=755).

Next, analyzing hypomethylated probes only, we found
that CpGs negatively correlated with LTL mainly explain
the above-mentioned functional enrichment. In contrast,
hypermethylated probes led to less significant enrichment
p values, a finding likely due to the lower number of CpGs
(Supplementary File 3). We observed an enrichment of
genes involved in mitogen-activated protein kinase
phosphatase
activity
and
immune
regulation
(Supplementary File 2, Figure S1). As part of a
robustness/sensitivity analysis, we repeated the enrichment
study after excluding CpGs with single-nucleotide
polymorphisms (SNPs) in the extension base (global minor
allele frequency > 1%) or probes prone to mapping to
multiple regions in the genome. Across overlapping
annotations (n=1,590), we found high concordance with
our initial findings (r=0.97, P<2.2E-16), indicating that our
results are highly robust against potentially faulty probes.
Details can be found in Supplementary File 3.

Analyzing all DMPs, we found 11 biological
annotations to be significantly enriched with both the
gene-based as well as the region-based test
(Supplementary File 2, Figure S1, Table S1). Of these,
five annotations showed a region-fold enrichment > 1.5;
the circadian clock (3.9x), blood coagulation (1.9x),
hemostasis (1.9x), wound healing (1.8x), and response
to wounding (1.7x). Other annotations also related to
circadian rhythm, blood coagulation and wound healing,

observations

Figure 3. EWAS Manhattan plots of the fully adjusted LTL.
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DNA methylation in subtelomeric regions

Summary-data-based Mendelian randomization

We observed a higher proportion of the positive LTLDNAm correlations in subtelomeric regions than in nonsubtelomeric regions when we focused on the 823
significant CpGs that were associated with the fully
adjusted LTL. The proportion of the positive LTLDNAm correlations was 17.1% in the subtelomeric
regions and 9.9% in the non-subtelomeric bodies (Chisquared test, P=0.01; Supplementary File 2, Table S3).
The subtelomeric regions were defined as each
chromosome’s head and tail, each of which was 5% of
each chromosome’s length. However, this approach may
not be optimal for the following reasons: 1) the interCpG correlations may differ between the nonsubtelomeric and subtelomeric regions; 2) one cannot
clearly dichotomize genomic loci into non-subtelomeric
and subtelomeric regions; and 3) the LTL measurements
were not chromosome-specific but averaged across all
chromosomes.

We calculated the causal effects of the 823 CpGs
(significantly associated with the fully adjusted
LTL) on LTL using summary-data-based Mendelian
randomization (SMR) [30] and found that 16 CpGs
had a significant (P<0.05) causal effect on LTL
(Supplementary File 2, Table S5). The causal effect of
cg00622799 near RTEL1 led to the lowest p-value (P=
6E-4) among the 823 CpGs when SNP rs909334 was
used as an instrumental variable. A non-significant pvalue (P=0.21) for the test for heterogeneity in
independence instruments (HEIDI) is desirable because it
indicates that rs909334 (instrumental variable) is the only
SNP that influences LTL through the DNAm level at
cg00622799. A GWAS of LTL [21] and cis methylation
quantitative trait locus (cis-mQTL, a reduced GWAS of
DNAm) [31] were used to obtain the SMR causal effects
(betas), p-values and HEIDI p-values. The SMR p-value
identifies possible methylation sites via which genetic

Figure 4. Scatter plots between the group-specific meta-Z scores. (A) European male vs African male; (B) European male vs European

female; (C) European male vs African female; (D) African male vs European female; (E) African male vs African female; (F) African female vs
European female; The black dots in the panels refer to the top 30 CpG sites detected by the global meta-analysis, whereas the grey dots
indicate the remaining CpG sites. Pearson correlation coefficients (red font) reveal strong agreement (r=0.4) between males and females of
European ancestry.
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variants (SNPs) might be influencing LTL. The HEIDI pvalue then indicates the evidence that there is (1) a single
causal SNP whose effect on LTL is mediated through the
methylation CpG site (HEIDI P>0.05) or (2) different
SNPs linked to the methylation level and LTL (HEIDI
P<0.05).
Additionally, we examined whether the 823 CpGs
overlapped significantly with 54,942 known cismethylation QTLs. Strikingly, a highly significant
number of CpGs (188 CpGs out of 823 CpGs) were
known cis-mQTLs (hypergeometric test P= 1.02E-16).
To carry out this overlap analysis, we retrieved 188 SNPs
each of which corresponded to the 188 CpGs from the
cis-mQTL summary statistics. Next, we looked up each
of the 188 SNPs in the most recent GWAS catalogue
database (v1.02, https://www.ebi.ac.uk/gwas/docs/filedownloads). 22 SNPs were associated with complex
traits (Supplementary File 2, Table S6). Among these 22
SNPs, rs2540949 in CEP68 was associated with atrial
fibrillation, and rs17708984 in TPM4 (GWAS P=6E-16)
was associated with platelet count (Supplementary File 2,
Table S6). Platelet count is related to blood coagulation
and wound healing, which were identified through the
functional gene enrichment analysis of the LTLassociated CpGs described above.
Weighted correlation network analysis (WGCNA)
Weighted correlation network analysis (WGCNA)
identified four important co-methylated modules (labeled
black, red, ivory and yellow in Figure 5) using FHS, JHS
and WHI (n=3,329). Hypermethylation in the black
module was associated with increased age, shortened
LTL, decreased CD8+ naïve T cell counts, and
increased exhausted cytotoxic T cell counts, whereas
hypermethylation in the red module showed opposite
correlations. Elevated methylation levels in the yellow
module were correlated with longer LTL and higher
CD8+ naïve T cell counts. The ivory module had a
pattern similar to the one in the black module. None of
the modules revealed any strong correlation with the fully
adjusted LTL, which is not surprising as this measure of
LTL is adjusted for age and white blood cell type
composition. The relationships between co-methylated
module representatives and traits of interest (LTL, the
partially adjusted LTL, fully adjusted LTL, age, and
white blood cell counts) are displayed in Figure 6.

DISCUSSION
This multi-ethnic EWAS of LTL is the largest to date
and revealed strong associations between LTL and
DNAm levels in all groups defined by sex and
ancestry. Our stratified analysis showed that the
EWAS findings for women of African ancestry are
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distinct from those of three other groups: males of
African ancestry, males and females of European
ancestry. A detailed analysis reveals that this
difference does not reflect differences in sample size,
age distribution, or LTL. We analyzed 1,532 blood
samples from women of African ancestry, 697 from
men of African ancestry, 1,389 from men of European
ancestry, and 2,095 from women of European
ancestry. Although men of African ancestry had the
smallest sample size, their EWAS results were
consistent with those from the two European groups.
Our unadjusted meta-analysis across the groups revealed
profound relationships between TL and global DNA
methylation levels, which largely reflect confounding by
blood cell composition. However, one can observe
genome-wide
significant
relationships
between
methylation levels and LTL even after adjusting for
differences in blood cell composition. In particular, we
report 823 CpGs (close to or within 557 genes) that are
significantly correlated with the fully adjusted LTL.
More than 88 percent (730 CpGs) of these 823 significant
CpG sites exhibit a negative correlation with LTL,
meaning that higher methylation levels are associated
with shorter LTL at these CpG sites.
Among the 823 CpGs, the top 10 CpGs were linked to
seven genes/loci (VARS, MAN2A2, C7orf41, ERGIC1,
TLL2, YPEL3 and XRCC3). VARS encodes the
enzyme Valyl-tRNA synthetase that is critical in
eukaryotic translation [32]. Mutations in VARS cause
neurodevelopmental disorders, such as microcephaly,
cortical dysgenesis, seizures, and progressive cerebral
atrophy [32, 33]. MAN2A2 encodes alpha-mannosidase 2x
that is active in N-glycan biosynthesis [34]. MAN2A2 null
males were largely infertile in mouse studies [35]. C7orf41
(current official name, MTURN), encodes Maturin, a
protein that controls neurogenesis in the early nervous
systems [36]. ERGIC1 encodes a cycling membrane
protein that contributes to membrane trafficking
and selective cargo transport between intermediate
compartments [37, 38]. TLL2 encodes Tolloid-like protein
2 [39] and is associated with attention-deficit/hyperactivity
disorder [40]. YPEL3 codes for Yippee-like 3, a protein
that suppresses tumor growth, proliferation and metastasis
in several types of cancer [41, 42]. XRCC3 encodes a
RecA/Rad51-related protein that maintains chromosome
stability and repairs DNA damage [43, 44].
Functional enrichment studies demonstrate that the
significant CpG sites were located near genes that play
a role in circadian clock, blood coagulation, and wound
healing, respectively. A rich literature links TL to
circadian rhythm. For example, cellular senescence
impairs circadian rhythmicity both in vitro and in vivo
[45]. Sleep disorders and shorter sleep duration are
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Figure 5. Hierarchical clustering of CpG sites by weighted gene co-expression network analysis (WGCNA). Each data point on
the x-axis of the dendrogram refers to an individual CpG site. The color band ‘Consensus module’ displays co-methylated modules (clusters)
in different colors. The other color bands highlight the degree of correlations between DNA methylation of CpG sites and traits of interest.
Red represents a positive correlation, whereas blue represents a negative correlation.

Figure 6. Heat map of correlations between the co-methylated module representatives and LTL, the partially adjusted LTL,
the fully adjusted LTL, age, and blood cell counts. The numbers in the cells refer to meta-Z scores and their corresponding p-values.

Meta-Z scores were calculated based on biweight midcorrelations between DNAm and a trait of interest in the six strata. 1Partially adjusted
LTL for age, sex and ethnicity. 2Fully adjusted LTL for age, sex, ethnicity, CD4+ naïve, CD8+ naïve and exhausted cytotoxic T cell.
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associated with shorter telomeres [46, 47]. Telomerase
and TERT mRNA expression are furthermore under
the control of CLOCK-BMAL1 regulation (a core
component of the circadian clock) and exhibit
endogenous circadian rhythms [48]. CLOCK-deficient
mice display shortened TL and abnormal oscillations of
telomerase activity [48]. Our results are in line with
these findings and support a relationship between LTL
and circadian rhythm.
TL has also been associated with wound healing and
blood coagulation. For example, mice with longer
telomeres show higher wound healing rates of the skin
[49]. Furthermore, exogenous delivery of the human
TERT gene significantly improved wound healing in an
aged rabbit model [50]. In humans, poor wound healing
has been reported in individuals with dyskeratosis
congenita, a rare congenital disorder caused by a defect
in telomere maintenance [51]. While assigning causality
remains a challenge, our findings do provide evidence
that telomere functioning is associated with the circadian
clock, wound healing and blood coagulation through the
DNA methylome in a population-based sample. Future
work is needed to further understand the mechanisms by
which this is regulated and how it impacts human health
and diseases.
Our findings were based on a considerably larger sample
size (n=5,713) than previous studies. Buxton et al. (2014)
used 24 blood and 36 Epstein-Barr virus cell-line samples
of 44 to 45 years old males and identified 65 and 36 TLassociated gene promoters, respectively [27]. Gadalla et
al. (2012) was based on a sample of 40 cases with
dyskeratosis congenita and 51 controls [28], and the
authors reported a positive correlation between LTL and
methylation at LINE-1 and subtelomeric sites only
among the cases. Bell and colleagues performed an
EWAS of age, TL and other age-related phenotypes
using 172 samples of female twins [26]. Due to the small
sample size, the authors could not find genome-wide
significant associations between DNAm levels and TL.
We adjusted LTL for imputed blood cell composition in
addition to age, sex, and ethnicity, because blood cell
composition confounds the relationship between DNAm
[52, 53] and LTL [54]. Consistent with previous findings,
our WGCNA analyses in Figure 5 also showed that the
black, red, and yellow modules were highly related to
both blood cell counts and LTL. One concern was that
blood cell counts might be causally influenced by DNAm
and LTL (i.e., blood cell counts might be a collider
between DNAm and LTL), which may introduce bias in
LTL-DNAm correlations. Thus, we ran another EWAS
without considering blood cell counts and compared LTLDNAm correlations before and after adjustment for blood
cell counts (Supplementary File 1). The correlations listed
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in Table 1 became slightly weaker after adjustment for
blood cell counts but remained significant nonetheless.
However, the number of associated CpG sites was greatly
reduced after adjustment for blood cell counts. Cell type
heterogeneity is thus an important variable to consider in
studies of telomere length. Future work should be
extended to cell type-specific analysis as well as to tissues
beyond whole blood.
We did not adjust LTL for cigarette smoking in our main
analyses because smoking had a non-significant effect on
LTL (FHS: P=0.83 for never vs former smoker and
P=0.76 for never vs current smoker; WHI: P=0.20 for
never vs former smoker and P=0.24 for never vs current
smoker), though suggestive associations could be found
in JHS (P=0.08 for never vs former smoker and P=0.02
for never vs current smoker). These results pointing to a
very weak effect of smoking are consistent with those
from Astuti and colleagues [55] who reported that 50 of
84 studies found no association between smoking and
TL, although their meta-analysis concluded that smokers
may have shorter TL. Our sensitivity analyses also
revealed that all the 823 CpGs remained significant
regardless of smoking variables. Our EWAS summary
statistics includes this sensitivity analysis with additional
adjustment for smoking (see the names of columns
starting with “aaa” in Supplementary File 1).
One limitation of our study is that it does not elucidate
the biological pathways or mechanisms linking DNAm
and LTL. In other words, our findings do not explain
whether DNAm shortens or lengthens LTL, or whether
LTL regulates DNAm. Second, we did not include
genotypic information in our analyses. Other studies have
suggested that genomic variants might regulate DNAm
[31] and LTL [21–24, 56]. Third, LTL measurement is
sensitive to the methods used for DNA extraction and
LTL estimation [57]. Fourth, we only used EWAS and
WGCNA to analyze the data. A supervised machinelearning approach for predicting TL based on DNAm
levels will be described in a separate article [58].
This study represents the largest EWAS analysis of DNA
methylation and LTL to date. We identified over 800
genome-wide significant CpG sites that are located in or
near genes with links to circadian rhythm, blood
coagulation and wound healing. These findings link two
hallmarks of aging: epigenetic changes and telomere
biology.

MATERIALS AND METHODS
Study population
The FHS Offspring Cohort started in 1971 to inaugurate
epidemiological studies of young adults in Framingham,
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Massachusetts, USA. The FHS recruited 5,124
individuals and invited them to examinations at the FHS
facilities [59]. The JHS recruited 5,306 African
Americans from 2000 to 2004 in the Jackson metropolitan
area, Mississippi, USA, to investigate risk factors for
cardiovascular disease [60]. Participants provided medical
history, social records and whole-blood samples. The
WHI started in 1992 and enrolled 64,500 postmenopausal
women aged between 50 and 79 years into either clinical
trials or observational studies [61]. Among many substudies, WHI “Broad Agency Award 23” has provided
both blood-based LTL and DNAm array data. The BHS
started in 1972 and has recruited multiple waves of
participants from childhood, adolescence and adulthood
in Louisiana, USA [62]. The LBC1921 and LBC1936 are
longitudinal studies of 550 individuals born in Scotland in
1921 and of 1091 individuals born in Scotland in 1936.
The studies were set up in 1999 and 2004, respectively,
with the aim of studying cognitive aging [63, 64]. The
LSADT was initiated in 1995 and is a cohort-sequential
study of Danish twins aged 70 years or more [65, 66].
Surviving twins were surveyed every second year until
2005. In 1997, whole blood samples were collected from
689 same-sex twins and the present study included all
twin pairs who participated in the 1997 wave and for
whom LTL measurements were available.
The sample size of each cohort used in this study as
follows: FHS (n=874), JHS (n=1,637), WHI (n=818),
BHS (n=831), LBC1921 (n=403), LBC1936 (n=906),
and LSADT (n=244).
Measurement of LTL
LTL was measured by either of two methods: Southern
blot [67] or qPCR [9]. All cohorts used Southern blot,
except for LBC1921 and LBC1936 that used qPCR. LTL
measurement by Southern blot provides the mean of
TRFs, whereas qPCR provides the ratio of telomeric
template to glyceraldehyde 3-phosphate dehydrogenase.
The average inter-assay coefficients of variation were
2.4% in FHS, 2.0% in JHS, 2.0% in WHI, 1.4% in BHS,
5.1% in LBC (LBC1921 and LBC1936 combined), and
2.5% in LSADT. Further details on the measurement of
LTL in each cohort are provided in Supplementary File 2.
Measurement of DNA methylation
DNAm data were generated on either of two different
Illumina array platforms: the Illumina Infinium
HumanMehtylation450 Bead-Chip (Illumina, San Diego,
CA, USA) or the Illumina Infinium MethylationEPIC
Bead-Chip (Illumina, San Diego, CA, USA). Beta values
were computed, which quantify methylation levels
between 0 and 1, with 0 being unmethylated and 1 being
fully methylated. Further details on normalization and
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quality control of the data can be found in Supplementary
File 2.
Statistical analysis
We stratified the seven cohorts (FHS, JHS, WHI, BHS,
LBC1921, LBC1936 and LSADT) by sex, ethnicity and
batch, which resulted in 16 strata (Table 2).
In each of the 16 strata, we applied two sets of
adjustments on LTL using a regression: 1) partially
adjusted for age alone, and 2) fully adjusted for age and
DNAm-based estimated cell type proportions (CD4+
naïve, CD8+ naïve T cell and exhausted cytotoxic T cell).
In FHS and LSADT, we used a linear mixed model to
regress LTL on the adjusting variable(s) (fixed effect)
and family structure (random effect). In JHS, WHI, BHS,
LBC1921 and LBC1936, an ordinary linear regression
was used. The blood cell type proportions were
estimated using Horvath’s DNAm age calculator
with
the
(https://dnamage.genetics.ucla.edu/home),
exception of LSADT where the blood cell counts were
estimated using Houseman et al. (2012)’s method [68].
The R package for weighted gene co-expression network
analysis (WGCNA; [69]) was used to compute
epigenome-wide biweight midcorrelations between
DNAm levels and adjusted LTL in each of the 16 strata.
The biweight midcorrelation is an attractive method for
computing correlation coefficients because 1) it is more
robust than Pearson correlation and 2) unlike the
Spearman correlation, it preserves the biological signal as
shown in large empirical studies [70]. We focused on
441,870 autosomal probes that were shared between the
450K and the EPIC array. We combined the 16 sets of
EWAS summary statistics into four group-specific or one
global meta summary statistics as described in Figure 1.
Meta Z values and the corresponding p-values were
computed as ∑ Z i wi / ∑ wi2 and 2 (1 − Φ(| Zmeta |) ) ,
where wi is the square root of the sample size in the ith
stratum, respectively.

Genomic Regions Enrichment of Annotations Tools
(GREAT, v3.0) was used to predict the biological
function of DMPs by associating both proximal and distal
genomic CpG sites with their putative target genes [71].
GREAT implements both a gene-based test and a regionbased test using the hypergeometric and binomial test,
respectively, to assess enrichment of genomic regions in
biological annotations. DMPs were uploaded to the
GREAT web portal (http://great.stanford.edu/public/html/)
and analyses were run using the hg19 reference annotation
and the whole genome as background. Genomic regions
were assigned to genes if they are between 5 Kb upstream
and 1 Kb downstream of the TSS, plus up to 1 Mb distal.
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Table 2. Sample size of the 16 strata used in the meta-analyses.
Cohort
FHS
JHS
WHI
BHS

LBC19211
LBC19361
LSADT

Stratum

Sample size

Mean age (range)

Mean LTL2 (range)

Age-LTL
correlation3

European female
European male
African female
African male
African female
European female
African female
African male
European female
European male
European female
European male
European female
European male
European female
European male

442
432
1034
603
342
476
156
94
315
266
242
161
448
458
172
72

57 (33-81)
58 (36-82)
56 (23-92)
55 (22-93)
63 (50-80)
68 (51-80)
44 (30-54)
44 (33-49)
43 (29-55)
43 (28-52)
79 (78-80)
79 (78-81)
70 (68-71)
70 (68-71)
79 (73-90)
79 (74-87)

7.07 (5.51-8.7)
6.92 (5.59-8.52)
7.22 (4.93-10.03)
7.06 (5.12-9.24)
7.12 (5.57-9.06)
6.77 (5.24-8.49)
7.34 (5.35-9.22)
7.21 (5.60-9.47)
6.82 (5.02-9.17)
6.75 (5.27-8.54)
3.99 (3.00-4.72)
4.26 (3.46-5.31)
4.05 (2.69-6.00)
4.33 (2.99-7.12)
5.79 (3.94-7.38)
5.60 (4.53-6.78)

-0.29
-0.34
-0.39
-0.45
-0.24
-0.27
-0.08
-0.17
-0.08
-0.18
-0.29
-0.29
0.01
0.17
-0.25
-0.17

1

LBC recruited adults living in and around Edinburgh and who were born in 1921 and 1936.
In kilobases; LTL measurement in TRF (Southern blot): FHS, JHS, WHI, BHS and LSADT; LTL measurement in T/S (qPCR):
LBC1921 and LBC1936.
3
Pearson correlation coefficients.
2

Pathway annotations from GO Biological Processes, GO
Cellular Component, GO Molecular Function, MSigDB,
and PANTHER were used to infer the biological
meanings behind the DMPs that were associated with
LTL. GREAT outputs statistics of the gene-based and
region-based tests, which were subsequently adjusted for
multiple testing using the Bonferroni correction.
The SMR executable software (https://cnsgenomics.com/
software/smr/#Download) was used to calculate the
causal effects of the selected CpGs on LTL [30]. The
SMR obtains a causal effect estimate (bˆCpG , LTL =
bˆSNP , LTL /βˆSNP ,CpG ) by dividing the effect of a SNP on LTL
(bˆSNP , LTL ) by the effect of a SNP on CpG ( βˆSNP ,CpG ) .

GWAS of LTL summary data by Codd and colleagues
[21] was downloaded from the European Network for
Genetic and Genomic Epidemiology consortium
(https://downloads.lcbru.le.ac.uk/engage). The mQTL
data by McRae and colleagues [31] were downloaded
from the SMR website (http://cnsgenomics.com/data/
SMR/LBC_BSGS_meta.tar.gz).
WGCNA performed a consensus network analysis using
FHS, JHS and WHI. 30,000 randomly selected CpG sites
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were used to improve readability (resulting in a single
cluster tree) and offset computational limitations.
WGCNA hierarchically clustered the 30,000 CpGs based
on their similarities. The merging threshold of clusters
(modules) was 0.15. All the statistical analyses were
performed using R version 3.5.1.
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SUPPLEMENTARY MATERIALS
Please browse Full Text version to see the data of
Supplementary Files 1, 2, 3.

Supplementary File 1. Part of summary statistics of
EWAS of adjusted LTL (global meta P<1E-05 with full
adjustment). Each row corresponds to a single CpG site.

The annotations are based on the Human genome 19 (NCBI
37). The remaining columns indicate the biweight
midcorrelations and their corresponding Z-scores, p-values
and sample size. The suffix “a_” means that LTL was adjusted
for age, sex and ethnicity. The suffix “aa_” means that LTL
was adjusted for age, sex, ethnicity and blood cell counts.
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The suffix “aaa_” means that LTL was adjusted for age, sex,
ethnicity, blood cell counts and smoking.

Supplementary File 2.Additional analyses for 1)
functional enrichment analysis, 2) the LTL-DNAm
correlation in subtelomeric regions, 3) summary-databased Mendelian randomization, 4) sensitivity
analyses, and 5) detailed descriptions of each study
cohort.
Supplementary File 3. GREAT gene enrichment
analyses.
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ABSTRACT
Telomere length (TL) is associated with several aging-related diseases. Here, we present a DNA methylation
estimator of TL (DNAmTL) based on 140 CpGs. Leukocyte DNAmTL is applicable across the entire age spectrum
and is more strongly associated with age than measured leukocyte TL (LTL) (r ~-0.75 for DNAmTL versus r ~ 0.35 for LTL). Leukocyte DNAmTL outperforms LTL in predicting: i) time-to-death (p=2.5E-20), ii) time-tocoronary heart disease (p=6.6E-5), iii) time-to-congestive heart failure (p=3.5E-6), and iv) association with
smoking history (p=1.21E-17). These associations are further validated in large scale methylation data (n=10k
samples) from the Framingham Heart Study, Women's Health Initiative, Jackson Heart Study, InChianti, Lothian
Birth Cohorts, Twins UK, and Bogalusa Heart Study. Leukocyte DNAmTL is also associated with measures of
physical fitness/functioning (p=0.029), age-at-menopause (p=0.039), dietary variables (omega 3, fish, vegetable
intake), educational attainment (p=3.3E-8) and income (p=3.1E-5). Experiments in cultured somatic cells
show that DNAmTL dynamics reflect in part cell replication rather than TL per se. DNAmTL is not only an
epigenetic biomarker of replicative history of cells, but a useful marker of age-related pathologies that are
associated with it.

INTRODUCTION
Telomeres are repetitive nucleotide sequences at the end
of chromosomes that shorten with replication of somatic
cells. Since the number of cell replication in vivo
increases with age, telomere length (TL) is negatively
correlated with age of proliferating somatic cells. Metaanalysis of 124 cross-sectional studies and 5 longitudinal studies showed that the correlation between
leukocyte telomere length (LTL) and age ranges
between r=-0.295 and r=-0.338 across adults [1].
TL variation within somatic tissues of the individual is
much smaller than that between individuals. Within the
individual, TL variation across somatic tissues such as
blood, skin, muscle and fat largely reflects their
replicative history prior to adulthood, given that the
rates of TL shortening in these tissues are similar during
adulthood [2]. Shorter LTL is associated with cardiovascular disease, psychological stress, and lifespan [310].
Another DNA-based biomarker that changes with age is
methylation of cytosine residues of cytosine-phosphateguanine dinucleotides (CpGs). Machine learning-based
analyses of these changes generated algorithms, known
as epigenetic clocks that use specific CpG methylation
levels to estimate age (i.e., DNAm age) [11-14] and/or
physiological age [15-17]. Although both DNAm age
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and LTL are associated with chronological age, they
exhibit only weak correlations with each other after
adjusting for age [18-20], suggesting the distinct nature
of their underlying mechanisms.
DNA methylation assays are already highly robust and
ready for biomarker development [21]. By contrast,
despite two decades of population-based telomere
research, the measurement of TL remains challenging
and can be subject to technical confounding factors
including but not limited to different methods of DNA
extraction [22-24]. Furthermore, the terminal restriction
fragments (TRFs), measured by Southern blotting, the
accepted ‘gold standard’ of TL measurements, include
not only the canonical region of telomeres but also the
potentially variable sub-telomeric region [22, 25]. It
would be ideal if the robustness inherent in DNA
methylation analyses can be extended to TL
measurement. Although there are reports of TL-related
DNA methylation changes [26], it was unknown
whether these reflect actual TL or associated biological
features, including health outcomes.
We present here a novel DNAm TL estimator
(DNAmTL) based on methylation profiles of 140 CpGs.
This epigenetic biomarker was developed by regressing
measured LTL on blood methylation data from n=2,256
individuals (training set). We show that DNAmTL
correlates negatively with age in different tissues and
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cell types and outperforms TRF-based LTL in
predicting mortality and time-to-heart disease, as well
as being associated with smoking history and other agerelated conditions.
We also validated the applicability of DNAmTL on a
large-scale data set (N=9,345) and uncovered associations between age-adjusted DNAmTL with diet and
clinical biomarkers.
Monitoring cultured cells with or without telomerase
revealed that DNAmTL records cell replication
independently of telomere attrition.

RESULTS
Training and validation data from 3 cohorts
In stage 1 of our project, we evaluated data from
n=3,334 individuals for whom both LTL and Illumina
methylation array data were available. These were from
three different studies: Framingham Heart Study
offspring cohort (FHS, N=878), Women’s Health
Initiative (WHI, N=818) and Jackson Heart Study
cohort (JHS, N=1638, Table 1 and Supplementary Note
1). The same laboratory measured LTL by Southern
blotting of the terminal restriction fragments [25]. DNA
methylation levels were measured in different labs
using the Illumina Infinium methylation array
platform.
An overview of the data sets is found in Table 1. These
US cohorts were comprised of two ethnic groups: 41%
of European ancestry and 59% of African Ancestry. The
age of the individuals ranged from 22 to 93 years. The
training set used for constructing DNAmTL was
comprised of N=2,256 individuals from the WHI and
JHS cohorts for whom LTL and DNAm data were
assessed from the same blood sample (collected at the
same time). Although fewer than 20% of individuals in
the training set were of European ancestry, our test data
demonstrated that the resulting DNAmTL estimator
applied equally well to individuals of European
ancestry. We used two test data sets. The first test data
set involved N=1,078 individuals comprised of N=100
from the WHI, N=100 from JHS, and N=878 from the
FHS cohorts. The second test data set was collected in
stage 2 of our analysis: it involved N=9,815 DNA
methylation samples from additional cohorts
(Bogalusa, Twins UK, Lothian Birth cohorts,
InCHIANTI) to evaluate correlations between LTL
and numerous age-related conditions and lifestyle
factors. We also evaluated DNAmTL in publiclyavailable data from adipose tissue (N=648 from the
Twins UK study [27, 28]), liver (N=85) [28, 29], and

www.aging-us.com

5897

monocytes (n=1264 from the Multi-Ethnic Study of
Atherosclerosis) [30]. Finally, we tested DNAmTL in
in vitro studies to ascertain its applicability to cultured
cells and to probe the nature of DNAmTL’s association
with TL. Additional details of these studies can be
found in Supplementary Notes 1 and 2.
DNAmTL versus measured TL in blood and adipose
tissue
We restricted the analysis to CpGs that are present on
both the Illumina Infinium 450K array and the
Illumina EPIC methylation array (Methods). Using the
training data (n=2,256), we regressed measured LTL
(mean TRFs) on blood CpG methylations using an
elastic net regression model [31]. This resulted in the
automatic selection of 140 CpGs whose methylation
levels best-predicted LTL (Supplementary Data 1).
The linear regression model allows a direct prediction
of TL based on DNA methylation levels. The predicted
TL value, also referred to as DNAmTL, possesses the
same units (kilobase) as that of mean TRF. The
correlation coefficient between DNAmTL and LTL in
the training data was r=0.63, which was overly
optimistic, as subsequent independent validation with
test data sets produced lower correlations of r>0.40
(Figure 1). Further, using 12 large validation data sets,
we found that the correlation between DNAmTL and
LTL ranged from r=0.38 to r=0.5 (last column of
Table 1) with the exception of the Lothian Birth
cohorts (where it was close to zero). The correlations
between DNAmTL and LTL were not confounded by
age, as was evident from the high correlations between
age-adjusted DNAmTL and age-adjusted LTL (e.g.
r=0.34 in FHS and r=0.43 in Bogalusa Herat Study,
Supplementary Figures 1A and 2A). A stratified
analysis showed that the correlation between
DNAmTL and LTL were neither confounded by sex
(Supplementary Figures 1-2B and C) nor ethnicity
(Supplementary Figure 2D and E). The DNAmTL
biomarker was robust against potential effects of preprocessing steps in the DNAm data analysis as can be
seen from the diverse normalization methods used by
the different cohorts (Table 1). The DNAmTL
measurement was also robust across time as can be
seen with the FHS cohort where the blood samples for
the LTL measurement (FHS exam 6) were collected
9.3 years earlier than those used for the DNAm
measurement (FHS exam 8). This time lag biased the
correlation toward the null hypothesis, i.e. generated a
correlation (r=0.44, Figure 1B) that was overly
conservative. A separate analysis of non-blood tissue
revealed a higher correlation of r=0.65 between
DNAmTL and TRF-based in adipose tissue samples
from the Twins UK study (Supplementary Figure 3B).
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Table 1. Overview of training and test data.

Data
Train
WHI
BA23

N

Female

Race

718

100%

EUR (59%)
AFR (41%)

1538

64%

AFR

FHS
WHI
BA23

878

51%

100

100%

EUR
EUR (49%)
AFR (51%)

JHS

100

55%

AFR

JHS
Test

Validation analysis
FHSa,b

2356

54%

WHIa
BA23

1389

100%

WHI
EMPC

1972

100%

EUR
EUR (41%)
AFR (28%)
HISP (31%)
EUR (56%)
AFR (28%)
HISP(16%)

209
924
(484)

56%

AFR

54%

EUR

Twins UKd

794

100%

EUR

LBC 1921e

436

60%

EUR

LBC 1936e

906

50%

BHS

831

57%

EUR
EUR (70%)
AFR (30%)

JHSa
InChiantic

Age
66.5
(50.2,80.2)
56.6
(22.2,93.1)
57.0
(33.0,82.0)
65.3
(51.9,79.8)
53.5
(22.9,80)

Array
Normalization

GenomeStudio
Noob [68]

Noob [68]
GenomeStudio
Noob [68]

66.4
(40, 92)
65.4
(50.1, 80.2)
62.9
(49.5, 82.0)
59.8
(22.9, 84.6)
72
(21, 100)
57.2
(24.0,81.1)
79.1
(77.7, 80.6)
69.6
(67.6, 71.3)
43.8
(28.4, 54.6)

Noob [68]
BMIQ [57]
Noob [68]
Noob [68]
BMIQ [57]
Noob [68]
Noob [68]
watermelon [69]

Telomere length statistics
LTL

DNAmTL

6.9
(5.2,9.1)
7.1
(4.9,10)

6.9
(6.0, 7.8)
7.2
(5.9, 8.1)

7
(5.5,8.7)
6.9
(5.6,9)
7.2
(5.6,9)

6.8
(5.4, 8.1)
6.9
(6.2, 7.5)
7.1
(6.6, 7.8)

7.0
(5.5,8.7)

6.8
(5.4, 8.1)
6.9
(6.2, 7.5)

6.9
(5.6,9)

Corr

0.62
0.62

0.44
0.41
0.50

0.44
0.41

--

--

--

7.2
(5.6,9)

7.1
(6.6, 7.8)

0.50

--

--

--

3.5
(1.7, 6.4)
4.1
(1.9, 5.3)
4.1
(2.7, 7.1)
6.9
(5.2, 9.5)

7.0
(5.6, 7.9)
6.6
(5.7, 7.4)
6.7
(6.1, 7.5)
7.0
(6.4, 7.6)

0.38
-0.01
0.08
0.43

AfricanA=African American; EUR=European; HISP=Hispanics; LTL=leukocyte telomere length.
The distributions of Age, LTL, and DNAmTL are presented in median (range) format.
a
The validation set consists of two groups of individuals: (1) those individuals with TL measures that were included in test process, (2)
those individuals without TL measures.
b
The age distribution was based on exam 8.
c
The statistics are based on the number of 924 observations across 484 individuals.
d
Of the 794 individuals, 779 were available with LTL measures.
e
All subjects of the Lothian Birth Cohorts were born at roughly the same time (within 1.9 to 3.7 years).
We display characteristics of (1) 3334 study participants in the training and test data sets that were used to develop and validate
DNAmTL, and (2) 9345 participants (9875 blood samples) from 9 cohorts across 7 studies. The participated studies include
Framingham Heart Study (FHS) offspring cohort, Women's Health Initiative (WHI), Jackson Heart Study (JHS), InChianti, Twins UK,
Lothian Birth Cohorts (LBC), and Bogalusa Heart Study (BHS). Leukocyte TL measures were based on terminal restriction fraction
measurement by Southern blotting Southern blotting in FHS, WHI, JHS, and BHS and were based on quantitative real-time polymerase
chain reaction (qPCR) in Twins UK and LBC. The column "Array Normalization" refers to different methods of pre-processing DNA
methylation array data.
www.aging-us.com
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Figure 1. Measured LTL versus DNAmTL in training and test datasets. Scatter plots of DNA methylation-based telomere length
(DNAmTL, x-axis) versus observed LTL measured by terminal restriction fragmentation (y-axis). DNAmTL and LTL are in units of kilobase
(kb). (A) Training data. (B) Test data from the Framingham Heart Study. (C) Test data from the Women's Health Initiative (BA23 substudy). (D) Test data from the Jackson Heart Study. Each panel reports a Pearson correlation coefficient and correlation test p-value.
Table 1 reports analogous results for additional cohorts (Bogalusa, Twins UK, etc).

DNAmTL across different blood cell types
To test whether DNAmTL differs across blood types, we
used sorted blood cells and peripheral blood mononuclear
cells (PBMCs) from 6 men (aged between 27 and 32
years old, Methods). We observed a statistically
significant difference in median DNAmTL values
(p=0.0033, Supplementary Figure 4) even though they
were roughly comparable: CD8+ T cells (median=8.25),
CD4+ T cells (median=7.64), B cells (median
DNAmTL=7.43), PBMCs (median DNAmTL=7.55).
DNAmTL versus qPCR TL in the Twins UK study
We obtained leukocyte DNAm data from 792
participants (all women) from the Twins UK study
whose LTL was measured by Southern blotting
(N=346) and/or quantitative polymerase chain reaction
(qPCR, N=779) (Supplementary Note 1). The
correlation between DNAmTL and qPCR- based LTL
(r=0.39, Supplementary Figure 5A) was similar to that
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of LTL measured by Southern blotting (r=0.40,
Supplementary Figure 5B).
DNAmTL correlates more strongly with age than
TL
Although DNAmTL was developed based on LTL, it
displayed substantially stronger negative correlations
with age at the time of blood draw (r ~ -0.80 to -0.62)
than did measured LTL, based on our test datasets (r ~ 0.40 to -0.30, Figure 2). Multivariate regression models
in the test data show that LTL shortened by 0.022
kilobases per year (p=2.3E-27) after adjusting for sex,
race/ethnicity and other confounders (Table 2).
Analogous multivariate regression models showed that
DNAmTL reduced by 0.018 kilobases per year, but this
was associated with a far more significant p value
(p=6.0E-125) than that of measured LTL (p=2.3E-27).
Although the DNAm-based biomarkers were derived
from profiles of adults (22-93 years old), the resulting
DNAmTL algorithm was equally applicable to profiles
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from children; even to those who were younger than 13
years of age, where a strong negative correlation of r=0.81 was observed between DNAmTL of blood and age
(Supplementary Figure 6A). Such expected negative

correlations with age were also seen with DNAmTL in
adipose tissue (r=-0.41. Supplementary Figure 3A),
liver (r=-0.71, Supplementary Figure 7A), and in
(sorted) monocytes (r=-0.60, Supplementary Figure 8A).

Figure 2. Chronological age versus measured LTL and DNAmTL. Chronological age versus measured LTL (panels A, C, E, in
units of kilobase [kb]) and DNAmTL (panels B, D, F, in units of kb). (A, B) Test data from the FHS. (C, D) Test data from the WHI
(N=100), (E, F) Test data from the JHS (N=100). Each panel reports a Pearson correlation coefficient and correlation test p-value.

www.aging-us.com

5900

AGING

Table 2. Multivariate regression analysis of leukocyte telomere length.
Variable

Coefficient (SE)

t-statistic

P

8.43 (0.201)

41.88

2.43E-227

-0.022 (0.002)

-11.14

2.33E-27

Female

0.132 (0.036)

3.71

2.15E-4

Race: European

0.029 (0.112)

0.26

7.97E-1

smoke: Former

0.132 (0.063)

2.11

3.50E-2

smoke: Never

0.113 (0.062)

1.82

6.95E-2

BMI

-0.007 (0.003)

-2.15

3.16E-2

JHS

0.005 (0.126)

0.04

9.66E-1

-0.093 (0.084)

-1.10

2.73E-1

8.046 (0.069)

116.16

<1.0E-300

-0.018 (0.001)

-27.32

5.97E-125

0.099 (0.012)

8.14

1.14E-15

Race: European

-0.136 (0.039)

-3.52

4.57E-4

smoke: Former

0.08 (0.022)

3.72

2.09E-4

smoke: Never

0.096 (0.021)

4.51

7.11E-6

BMI

-0.002 (0.001)

-2.19

2.91E-2

JHS

0.069 (0.044)

1.59

1.11E-1

WHI BA23
0.049 (0.029)
BMI=body mass index; SE=standard error.

1.69

9.15E-2

Outcome: actual LTL (mean TRF)
Intercept
Age

WHI BA23
Outcome: DNAmTL
Intercept
Age
Female

In the upper panel, we present results from a multivariate linear regression model analysis of actual LTL
(mean TRF, dependent variable) on different covariates (rows) in the test data set (comprised of 1078
individuals). The model was regressed on age, sex, race/ethnicity, smoking status, and study cohort.
Race/ethnicity is a dichotomized variable (European versus African Ancestry). Smoking status is a threecategory variable: never, former and current smokers (as a reference). Study cohort is a trivariate variable
(FHS, WHI BA23 and JHS cohort).

Effect of sex and ethnicity
Because age would confound any potential relationship
between DNAmTL and age-related traits such as health,
it would be useful to derive an age-adjusted estimate of
DNAmTL (referred to as DNAmTLadjAge). We
therefore regressed DNAmTL on age and the resulting
raw residual was defined as DNAmTLadjAge. A
negative value of DNAmTLadjAge would indicate
DNAmTL that is shorter than expected based on age,
while a positive value would indicate the opposite. We
noted that DNAmTLadjAge is heritable (heritability
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ℎ2=0.46, p=4.5E-11) according to a pedigree-based
polygenic model analysis in the FHS cohort (N>2000,
Methods).
Women tend to exhibit longer LTL than men of the
same age [32]. Similarly, our multivariate regression
models revealed that age-adjusted LTL and ageadjusted DNAmTL were indeed longer in females than
in males. The p-values for age-adjusted LTL measured
in this study (p=2.15E-4, N=1078) and that of a
previous study [32] (p=5E-3, N ~ 730) were far less
significant than those for age-adjusted DNAmTL
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(p=1.14E-15, Table 2). Roughly, women showed longer
telomere length than men by 0.1 kilobase, given by
DNAm or TRF measures (Table 2). We also found
longer age-adjusted DNAmTL in female compared to
male liver samples (P=0.017, Supplementary Figure
7C). With regards to ethnicity, age-adjusted DNAmTL
of PBMCs (Table 2) and monocytes (Supplementary
Figure 8B) revealed that US population of African
ancestry have a longer LTL than those of European
ancestry, consistent with previous observations made
with TRF-based measured TL. Once again, the
association of age-adjusted DNAmTL (p=1.6E-33, N ~
1200) with ethnicity was stronger than those seen with
age-adjusted LTL measured by TRF (p=1E-4) or
quantitative polymerase chain reaction (p=1E-3, N ~
2450) [33]. Overall, these results demonstrate that
DNAmTL exhibits substantially more significant
associations with age, sex and ethnicity than measured
LTL.
DNAmTL is often superior to measured LTL in
predicting mortality and health outcomes
Next,
we
compared
the
performance
of
DNAmTLadjAge with age-adjusted LTL in predicting
time-to-death or time-to-heart disease in the training
and test datasets (N=3,334) for which both measures
were available (Figure 3). We found that longer
DNAmTLadjAge was significantly associated with a
lower hazard ratio (HR) for time-to-death, all-cause
mortality (HR=0.31 and P=6.7E-9), time-to-coronary
heart disease (CHD, HR=0.55and, p=9.5E-3), and timeto-congestive heart failure (CHF, HR=0.32and, p=9.7E4, Figure 3). In women, later age at menopause was
associated with significantly higher values of
DNAmTLadjAge (p=0.025). Furthermore, physical
activity was also positively associated with
DNAmTLadjAge (p=0.013).
By comparison, the results from age-adjusted LTLs
(LTLadjAge) were far less significant in predicting
lifespan (HR=0.81 and p=4.7E-3 compared to HR=0.31
and p=6.7E-9 for DNAmTL, Figure 3A, B) and were
not significantly associated with time-to-CHD, time-toCHF, age at menopause and physical activity (p>0.3,
Figure 3).
We want to emphasize that our comparison between
DNAmTLadjAge and LTLadjAge involved the same set
of individuals for whom both measures were available,
i.e. each association test used the same sample size and
distribution in age, sex, and ethnicity. These results
show that DNAmTLadjAge outperforms LTLadjAge
when it comes to predicting important health-related
conditions. However, our comparative analysis was
subject to a limitation: the measures of LTLadjAge and
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DNAmTLadjAge in the FHS cohort corresponded to
two different blood samples collected at different time
points. We addressed this limitation in two ways. First,
we repeated the analysis by omitting the FHS data. In
the resulting test data (n=100 samples from the WHI
and n=100 samples from the JHS), DNAmTLadjAge
continued to outperform LTLadjAge (Supplementary
Table 1). Second, we compared DNAmTLadjAge with
LTL in a host of additional cohorts (Bogalusa Heart
Study, Twins UK, Lothian Birth Cohorts) as detailed
below.
Evaluating DNAmTL in large scale validation data
In the second phase of validation, we sought to test
these associations with even larger, independent data
sets. In total, we analyzed N=9,875 Illumina
methylation arrays from blood samples of N=9,345
individuals from 9 cohorts across 7 studies: FHS, WHI
BA23, WHI EMPC, JHS, InChianti, Lothian Birth
Cohorts of 1921 and 1936 (LBC), UK Twins, and
Bogalusa Heart Study (BHS, Table 1, Methods, and
Supplementary Note 1). Of the samples, 4,039
individuals were available with measured LTL
measurements based on Southern blot or quantitative
polymerase chain reaction (qPCR). The data set was
comprised of three different ethnic groups: European
(77%), African (15%), and Hispanic (8%) ancestries.
All but one cohort (BHS) were available for mortality
analysis (N=9,044 methylation arrays on 8,514
individuals) with sufficient follow-up period. The mean
chronological age at the time of the blood draw was
65.6 years and the mean follow-up time (for all-cause
mortality) was 11.8 years (Supplementary Table 2).
Once again, DNAmTL was negatively correlated with
chronological age in all cohorts with sufficient variation
in chronological age (−0.83 ≤ 𝑟𝑟 ≤ −0.42), in which
we excluded the Lothian Birth Cohort studies
comprising
individuals
with
similar
ages
(Supplementary Figure 9).
Further analyses of these data confirmed that higher
values of DNAmTLadjAge were indeed associated with
longer lifespan (Figure 4). Each kilobase increase of
DNAmTLadjAge was associated with a hazard ratio of
0.37 for mortality (p=2.5E-20, Figure 4A), similar to
what we observed in the training and test dataset
(HR=0.31,
Figure
3A).
Higher
values
of
DNAmTLadjAge were also associated with longer
time-to-CHD (HR=0.51 and p=6.6E-5) and longer timeto-CHF (HR=0.27 and p=3.6E-6, Figure 4 D and G),
mirroring yet again the results obtained from the
training and test data sets.
Two types of multivariate Cox regression models demonstrated that these associations remained significant
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Figure 3. Comparing measured LTL with DNAmTL with respect to age-related conditions. Meta-analysis forest plots for
relating age-related conditions (rows) to age-adjusted LTL (left panels) and age-adjusted DNAmTL (right panels). Panels in the first row (A,
B) presents meta-analysis forest plots for Cox regression models of time-to-death. Meta-analysis of Cox regression models for (C, D) timeto-coronary heart disease (CHD) and (E, F) time-to-congestive heart failure (CHF). Rows in the forest plot correspond to training and test
datasets (used for developing DNAmTL) stratified by race/ethnicity Each row presents the summary statistic at a (stratified) study dataset
and reports sample size (N), number of events, P value, hazard ratio and a 95% confidence interval resulting from a Cox regression model.
(G, H) Meta-analysis for the association with age at menopause. (I, J) Meta-analysis for the association with self-reported physical activity
status (yes/no). (G-J) Each row (study data set) presents the summary statistic, P value, beta coefficient and a 95% confidence interval
resulting from a linear (mixed) regression model. In general, an insignificant Cochran Q test p-value (denoted by Het. P) is desirable
because it suggests that results do not differ significantly across the strata. However, an insignificant Q test p-value could also reflect lack
of statistical power.
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even after adjusting for (1) blood cell counts (Figure 4
B, E, H), and (2) classical risk factors (Figure 4 C, F, I)
including body mass index, educational level, alcohol
intake, smoking pack-years, prior history of diabetes,
prior history of cancer, and hypertension status.

years. DNAmTLadjAge also remained a significant
predictor of time-to-CHF in most strata (Supplementary
Table 4) and of time-to-CHD in specific strata such
older age, normal BMI, or higher education attainment
(Supplementary Table 5).

We went further and evaluated DNAmTLadjAge in
different strata including age (younger/older than 65
years), prevalent clinical conditions at baseline and
found that DNAmTLadjAge remained a significant
predictor of time-to-death in each of these strata
(Supplementary Table 3), e.g. HR=0.26 for individuals
aged < 65 years and HR=0.41 for older individuals aged

Our analyses revealed that higher DNAmTLadjAge
values were associated with measures of physical
fitness/functioning (P=7.6E-3), and disease-free status
(p=0.019), while prior history of cancer was associated
with lower DNAmTLadjAge values (p=0.053,
Supplementary Figure 10). Interestingly, we also found
a nominally significant association (p=0.026) between

Figure 4. Meta-analysis forest plots for predicting time-to-death due to all-cause mortality and time-to-cardiovascular
disease in independent validation data. Meta-analysis forest plot for combining Cox regression hazard ratios for time-to-death,

time-to-coronary heart disease (CHD), and time-to-congestive heart failure (CHF), based on age-adjusted DNAmTL (DNAmTLadjAge). The
sample sizes for the analysis were up to 9,044 methylation arrays (8,541 individuals) across 8 cohorts. Left panels, middle panels, and
right panels report meta-analysis results for (1) simple Cox regression models, (2) multivariate Cox models adjusted for blood cell counts,
and (3) multivariate Cox model adjusted for traditional risk factors, respectively. Each row reports the hazard ratio associated with
DNAmTLadjAge. (1) The simple Cox models (left panels) were adjusted for chronological age, sex and adjusted for intra-pedigree
correlation and batch effects as needed. (2) The models in the middle panels involved additional covariates: imputed blood cell counts
based on DNA methylation data. (3) The models in the right panels different from those of (1) by additional demographic characteristics,
psychosocial behavior, and clinical covariates (Methods). Each panel reports a meta-analysis forest plot for combining hazard ratios
associated with time to event. Each row presents the summary statistic at a (stratified) study dataset and reports sample size (N), number
of events, hazard ratio and a 95% confidence interval resulting from a Cox regression model. In general, an insignificant Cochran Q test pvalue (denoted by Het. P) is desirable.
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age-at-menopause and DNAmTLadjAge. We found that
one year later age-at-menopause was associated 0.001
kilobase longer LTL (Supplementary Figure 10A). Our
cross-sectional analyses, however, do not allow
determination of cause-and-effect relationships, but we
note that age-at-menopause is also associated with
epigenetic aging [34].

Life-style factors and clinical biomarkers
To assess the effect of life-style factors and diet on
DNAmTLadjAge in blood, we meta-analyzed large data
sets from the FHS and WHI cohort (N up to 6,977,
Methods) including their associations with clinical
measurements. Age-adjusted DNAmTL was positively

Figure 5. Cross sectional associations between age-adjusted DNAmTL versus lifestyle/dietary variables. Association analysis

between age-adjusted DNAmTL (DNAmTLadjAge) and 43 variables including 15 self-reported diet, 9 dietary biomarkers, 14 variables related
to metabolic traits and central adiposity, and 5 life style factors, based on the meta-analysis across the FHS WHI, LBC 1921 and LBC 1936
cohort. Robust correlation coefficients (biweight midcorrelation ) analysis were performed on the FHS and WHI cohort while generalized
linear regression analysis adjusted for sex was performed on the LBC 1921 and 1936 cohort, respectively. For each variable, we display
number of datasets, number of total subjects, the robust correlation results from the meta-analysis, FHS, and the WHI cohort and the Z
statistics for the LBC respectively. The meta-analysis was based on Stouffer’s method for the majority of the variables or fixed effect models.
The 2-color scale (blue to red) color-codes bicor correlation coefficients in the range [-1, 1] or Z statistics. The green color scale (light to dark)
applied to unadjusted P values. Cell entry "--" denotes not available. The correlation analysis results stratified by sex using the FHS cohort are
listed in Supplementary Figure 11 and stratified by ethnic group using the WHI cohort are listed in Supplementary Figure 12, respectively.
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correlated with plasma-based estimates of mean
carotenoid levels (robust correlation r=0.10, unadjusted
p=1.5E-5), beta-Cryptoxanthin (r=0.10 and p=3.8E-6)
and high-density lipoprotein (HDL, r=0.04 and p=1.3E3) (Figure 5, Supplementary Figures 11 and 12). The
positive correlation between DNAmTLadjAge and selfreported measures of carotene intake (p=4.0E-3, N=766
from the Lothian Birth Cohort from the year 1936) was
consistent with these findings. Positive associations
with DNAmTLadjAge were also observed for selfreported measures of fruit (p=3.1E-5), vegetable
(p=1.2E-3), dairy (p=7.1E-3), fish (P=0.018), and
carbohydrate consumption (p=0.02). Positive correlations were also evident between DNAmTLadjAge and
socio-economic factors such as level of educational
attainment (p=3.3E-8) and income (p=3.1E-5). These
associations held for each sex separately in the FHS
cohort (Supplementary Figure 11).
There were also features that correlated negatively with
DNAmTL. Smoking was strongly associated with lower
DNAmTL values in leukocytes (p=2.3E-16) and in
adipose tissue (P=0.036, Supplementary Figure 3D). Creactive protein (p=4.3E-9), triglyceride levels (p=3.2E4) and insulin levels (p=3.5E-4) were negatively cor-

related with DNAmTLadjAge in both FHS and WHI
cohorts. There were also negative correlations of
DNAmTLadjAge (in leukocytes) with waist-to-hip ratio
(p=2.4E-3), body-mass index (BMI, p=3.6E-3) and
physical exercise (p=0.02).
We caution the reader that our p-values are not adjusted
for multiple comparisons.
DNAmTL of leukocytes exhibits stronger association
with smoking than does measured LTL
Next, we used 4,039 subjects from our seven validation
cohorts to interrogate the impact of smoking on
telomere shortening in leukocytes (Methods). A detailed
smoking history (smoking pack-years) was known for
roughly half of these individuals (N=2216). The
smoking variable was based on pack-years when
available otherwise based on never versus ever
smoking. We adjusted the smoking variable for
potential confounders (age, sex and ethnicity) of the
relationship with LTL. Our large-scale meta-analysis
showed that DNAmTL greatly outperformed measured
LTL (Stouffer’s meta p=1.2E-17 versus meta p=0.029)
with regards to association with smoking (Table 3).

Table 3. Smoking impacting on DNA methylation-based telomere length.
DNAmTL
Cohort

N

Variable

878

Pack years

-2.08

3.81E-2

0.54

0.59

97

Pack years

0.45

6.53E-1

1.30

0.2

JHS1

100

Smoker

-3.00

3.38E-3

-1.87

6.40E-2

LBC 19212

404

Pack years

-3.53

4.59E-4

-0.92

0.36

LBC 19362

796

Pack years

-3.55

4.04E-4

0.55

0.58

UK Twin2

792

Smoker

-2.79

5.23E-3

-3.23

1.23E-3

BHS1

831

Smoker

-6.83

1.70E-11

-1.83

6.77E-2

ALL

4039

Smoking impact

-8.55

1.21E-17

-2.19

0.029

FHS1
WHI BA231

T

LTL
P

T

P

The Smoker variable was coded as a binary variable for never versus ever smokers, where estimate was referred to ever smokers.
1
Telomere length was based on terminal restriction fraction measurement by Southern blotting.
2
Telomere length was measured using quantitative real-time polymerase chain reaction (qPCR).
The table summarized the meta-analysis for the smoking impact on plasma DNA methylation based telomere length (DNAm TL) versus
the impact on qPCR or southern blot-based leukocyte TL. The association tests were performed at each study cohort respectively then
combined by the Stouffer’s method weighted by square root of sample size. The smoking variable was based on a binary variable for
former/current smokers versus never or pack years provided the variable was available.
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According to fixed effect models analysis (Methods),
we found DNAmTL was shortened by 0.022±0.0002
kilobases per smoking pack-year (P=5.9E-07) while TL
was not significantly lengthened by 1.3E-04±5.0E-04
kilobases per smoking pack-year (P=0.79). In an
analogous analysis, we found that smokers had
significantly shorter DNAmTL by 0.063±0.009 kilobases associated with a very robust P value (3.2E-13).
The smokers also exhibited shorter TL (0.01±0.003
kilobases) but with far less significant P value (7.5E04). Focusing on individual cohorts corroborated these
findings, e.g. the association of smoking with DNAmTL
(p=1.70E-11) was significantly greater than the
association of smoking with LTL (p=6.77E-2, Table 3)
in the BHS cohort. We also carried out a sensitivity
analysis that compared age-adjusted LTL between
current smokers and former/never smokers in the BHS
and subgroups defined by sex and ethnicity. Our
sensitivity analysis confirmed that smoking was indeed
significantly associated with shorter age-adjusted
DNAmTL in each subgroup (1.95E-8 ≤ p ≤ 4.39E-3,
Supplementary Figure 13). Conversely, no significant
associations were observed between LTL and smoking
in these subgroups (0.12 ≤ p ≤ 0.87, Supplementary
Figure 14).
Omega 3 intake is associated with longer DNAmTL
We were interested in investigating the relationship
between DNAmTL and omega-3 polyunsaturated fatty
acid (PUFA) supplementation in a large observational
cohort study. We found omega-3 supplement intake to
correlate positively with age-adjusted DNAmTL (bicor
r=0.088 and p=4.4E-5), and this correlation was far
more significant than that exhibited by age-adjusted
LTL (bicor r=0.085 and p=0.016, Supplementary Figure
15). For DNAmTLadjAge, the effect of omega 3
supplementation was more pronounced in males
(r=0.08, p=0.012) than in females (r=0.047, p=0.11). A
multivariate linear mixed effects model analysis
resulted in suggestive evidence (p=0.09) that omega-3
intake is associated with longer DNAmTLadjAge even
after adjusting for sex, BMI, educational levels, and
smoking pack year.
DNAmTL relates to imputed blood cell composition
LTL is known to correlate with the abundance of naïve
CD8+ T cells and other cell types [8]. Similarly, we
found DNAmTL to be significantly correlated with
several quantitative measures of leukocytes that were
imputed using DNAm data (Methods) such as naïve
CD8+ T cells (𝑟𝑟 = 0.42, p=2.2E-151) and exhausted
CD8+ T cells (𝑟𝑟 = −0.36, p=3.0E-102; Supplementary
Figure 16 and Supplementary Data 2). A multivariate
regression model revealed that 25% of the variation of

www.aging-us.com

5907

age-adjusted DNAmTL and 4.6 % of the variation in
age-adjusted LTL could be attributed to imputed
leukocyte cell composition in the FHS test data.
Overall, DNAmTL exhibited substantially stronger
correlations with imputed leukocyte cell composition
than did LTL (Supplementary Figure 16 and
Supplementary Data 2).
DNAmTL CpGs tend to be located near telomeres
and enriched with cis-mQTL
To test if the 140 CpGs of DNAmTL model were
enriched at regions near telomeres, we performed
hypergeometric tests based on the regions threshold up
to 3 Mb (Methods). Our analysis showed that the 140
CpGs had moderate enrichment (hypergeometric
p=8.1E-3, Supplementary Table 6) within sub-telomeric
regions. Sensitivity analysis based on different
thresholds validated the result (p=5.9E-3 ≤ P ≤ 0.039,
Supplementary Table 6). Furthermore, we tested
whether the 140 CpG sites overlapped with 52,916 cis
methylation quantitative trait loci (cis-mQTL [35],
Methods). Strikingly, 51 out of the 140 CpGs markers
were known cis-mQTL (hypergeometric p=2.6E-15,
Supplementary Data 1) which is consistent with the
high heritability observed for DNAmTL (additive
h2=0.46). Several of the 51 SNPs (from cis-mQTL)
were implicated in complex traits according to GWAS
data bases (Methods), e.g. rs2147904 in 1p34.2 (P ≥
1.0E-14), rs305082 in 16q24.1 (P ≥8.0E-131) and
rs945631 in 1p22.1 (P=2.0E-8) are known to be
associated with granulocyte composition in blood.
Further, rs945631 is also implicated in circulating
phospholipid trans fatty acids at a suggestive P
value=3.0E-06 (Supplementary Data 3). Bipolar
disorder (P ≥ 2.0E-09) was identified when we
inspected the SNPs in linkage disequilibrium with the
51 markers (Methods and Supplementary Data 3).
DNAmTL and LTL exhibits different patterns of
SNP associations
Alternatively, we briefly examined SNP association of
DNAmTL across 10 loci implicated in measured LTL
with genome-wide significance [36-38] (Methods). We
previously found that SNPs in the TERT locus to be
associated with epigenetic aging rates [19]. Inspecting
the overlap regions between the 10 loci and the 140
CpGs (in DNAmTL, Supplementary Data 1),
cg00580497 is located nearby the right arm of the TERT
locus (within 500kb) and cg02282640 is located nearby
the right arm of another highlighted gene MPHOSPH6
[38]. However, using the FHS cohort, we did not find
these SNPs or those at other loci to exhibit any significant associations (P<0.05) with DNAmLTLadjAge
(Supplementary Table 7).
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Functional annotation of CpGs implicated in
DNAmTL
We analyzed the genomic locations of the 140 CpGs
underlying the DNAmTL using the GREAT software
tool which assigns potential biological meaning to a set
of genomic locations (here CpGs) by analyzing the
annotations of nearby genes. Ten gene sets were identified as significant at a stringent Bonferroni corrected
significance level (p<0.05) including “Cadherin, Nterminal” that mediate cell adhesion, polarization and
migration (nominal p=1.0E-7) and SODD/TNFR1
signaling pathway (nominal p=5.2E-5, Supplementary
Data 4). When focusing only on the subset of 72 CpGs
that have negative coefficients in the DNAmTL model
(increasingly de-methylated with telomere shortening),
we found 10 statistically significant gene sets at a
Bonferroni corrected p<0.05 including calciumdependent adhesion and “Cadherin, N-terminal”
(p=2.8E-10). When focusing only on the 68 CpGs with
positive coefficients in the DNAmTL model we
identified 4 gene sets at a Bonferroni corrected p<0.05
including the vascular endothelial growth factor (VEGF)
signaling pathway (p=7.4E-5). The expression of these
gene sets remains to be validated, and for moment their
identities do not immediately proffer obvious clues as to
how they may be linked with telomere attrition, making
their involvement all the more intriguing.
DNAmTL is often inferior to epigenetic clocks
Numerous lines of evidence suggest that telomere
attrition and epigenetic aging are distinct cellular
features that are well-associated with the aging process.
As such both TL and epigenetic clocks are potential
estimators of biological age [9]. To ascertain how
related they are to each other, we calculated, pairwise
correlations between DNAmTLadjAge and four “ageindependent” measures of epigenetic age acceleration
derived from (1) the pan-tissue epigenetic clock by
Horvath (2013) [12] (2) the blood-based clock by
Hannum et al. (2013) [11], (3) the DNAm PhenoAge
estimator by Levine et al. (2018) [15], and (4) the
DNAm GrimAge estimator by Lu et al. (2019) [17].
Using N=2356 samples from the FHS, we found that
DNAmTLadjAge exhibited moderate negative correlations with the four epigenetic age acceleration
measures (−0.44 ≤ 𝑟𝑟 ≤ −0.20, Supplementary Figure
17). We then compared the performance between
DNAmTL and epigenetic clocks in predicting health
outcomes. Using the validation data (N=6,850), we
found that DNAmTLadjAge rivals measures of age
acceleration based on Hannum’s [11] or Horvath’s
clock [12], but was clearly inferior to age-adjusted
DNAm PhenoAge [15] or DNAm GrimAge [17]. In
particular, we demonstrated that AgeAccelGrim (based
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on
DNAm
GrimAge)
greatly
outperformed
DNAmTLadjAge with regards to predicting time-todeath (Cox P=5.8E-71 for AgeAccelGrim versus
p=4.1E-15 for DNAmTLadjAge), time-to-CHD
(p=2.5E-23 for AgeAccelGrim versus p=6.6E-5), and
time-to-CHF (p=1.8E-35 versus p=3.6E-6, Supplementary Figure 18).
DNAmTL applied to in vitro cultured cells
All the above analyses have shown that associations of
several human traits and health outcomes with
DNAmTL were much stronger than with LTL. What
then might be the biological meaning of DNAmTL? We
examined this question by monitoring DNAmTL in
cultured somatic cells without and with expressed
telomerase activity. Primary keratinocytes isolated from
healthy human skin were grown with serial passaging
upon confluence, where cell numbers were obtained,
and their population doublings determined. DNA
methylation profiles of cells after different population
doublings were measured using Illumina EPIC array.
DNAmTL was correlated with population doubling in
both telomerase- negative and telomerase-positive cells,
which displayed no telomere shortening (Figure 6 and
Figure 7). Collectively, these findings suggest that
DNAmTL records cell replication rather than TL. In the
following, we provide more details. Primary keratinocytes isolated from healthy human skin were grown
with serial passaging upon confluence, where cell
numbers were obtained, and their population doublings
determined. DNA methylation profiles of cells after
different population doublings were measured using
Illumina EPIC array. As would be expected, DNAmTL
of keratinocytes from five heathy donors reduced in
function of cumulative population doubling (Figure
6A). Accordingly, while the DNAmTL values of
neonatal donors 1 to 4 were mutually comparable, that
of donor 5, which are keratinocytes from a 65 years-old
donor was markedly smaller, which is in keeping with
established telomere biology. However, when neonatal
fibroblasts and adult coronary endothelial cells (EC)
were compared, the DNAmTL values of adult EC were
greater than those of neonatal fibroblasts (Figure 6B).
Possible tissue-specific influence on telomere length
was ruled out by TRF southern blot analyses which
revealed that telomeres of neonatal fibroblasts were
indeed longer than those of adult endothelial cells
(Figure 6C). This challenges the notion that DNAmTL
is a surrogate for telomere length in non-blood tissue. If
it were, then DNAmTL of primary cells that are
transduced with hTERT should be augmented since this
enzyme replicates and stabilizes telomeres. The results
in Figure 7A show that this was not the case, as
DNAmTL values of primary human fibroblasts continued to decrease even though they became immor-
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Figure 6. Application of DNAmTL on in vitro keratinocytes, neonatal fibroblasts and adult coronary artery endothelial
cells. Panel (A) depicts decreasing DNAmTL values of keratinocytes from five heathy donors as a function of cumulative population

doubling (y-axis, in units in kilobase). Panel (B) show that DNAmTL values of neonatal fibroblasts are smaller than those of adult coronary
artery endothelial cells (EC). Both cell types exhibit decreasing DNAmTL in function of cumulative population doubling (x-axis). Panel (C) is
the average telomere length measurement of neonatal fibroblasts and adult endothelial cells, which revealed that the telomeres of the
former are longer than those of the latter.

talized, and TRF Southern blotting (Figure 7B)
confirmed that their telomeres were indeed significantly
increased and stabilized after the introduction of
hTERT. Collectively, these studies show that DNAmTL
is not the same as telomere length (especially when it
comes to in vitro studies), hence indicating that it is
instead, a DNA methylation-based surrogate for
biological outcomes that are linked to telomere length in
blood samples from adults.

DISCUSSION

dy was motivated by the recent insight that machinelearning methods (such as elastic net) can be used to
develop remarkably robust DNAm based estimators of
chronological age and mortality risk [12, 14, 15, 17].
This robustness is due as much to the mathematical
prowess of machine learning, as to the nature of the
biomolecule that is measured, namely methylated DNA.
Previously reported telomere-associated changes of
methylation at sub-telomeric regions [26] raised the
possibility that these changes may be predictive of
telomere length.

Considerable technical challenges are inherent in the
process of measuring telomere length [39-41]. Our stu-

Our overall goals were a) to test whether an optimal
pattern of DNAm associated with TL, i.e., DNAmTL,
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Figure 7. Application of DNAmTL on hTERT-transduced primary human fibroblasts. Panel (A) DNAmTL

of primary neonatal fibroblasts without (Donor A and B) or with hTERT (Donor A hTERT and Donor B hTERT)
transduction demonstrated linear and continued decrease in value regardless of hTERT status. This contrasts with
average telomere length measurement by TRF southern blotting (Panel B), which revealed substantial increase in
telomere length of primary neonatal fibroblasts that were transduced with hTERT-expression vector.

captures associations with features of human agingrelated traits and behaviors, and b) to gain a better
understanding of the biological meaning of such associations. Using independent test data, we show that
DNAmTL exhibits moderately strong correlations with
measured TL (based on Southern blotting or qPCR) in
blood and adipose tissue of individuals of different
racial groups.
Since leukocyte DNAmTL is based on accurate
measurements of methylated CpG, it is possible that its
associations with LTL-related traits might actually be
more robust than mean LTL. Indeed, we found that
DNAmTL outperformed LTL (based on Southern
blotting or qPCR) in detecting association with age, sex,
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ethnicity, lifestyle factors (diet, smoking, education,
body mass index), and several clinical biomarkers (lipid
levels, insulin). In addition, DNAmTL had a better
predictive power than LTL for time-to-death and timeto coronary heart disease or heart failure. DNAmTL
was also associated with physical functioning, age-atmenopause and diet (vegetable consumption, omega 3
intake) in the following direction: longer DNAmTL was
associated with good health behavior and practices.
In addition to accurate measurement of methylated
CpG, there might be another explanation for these
associations and their biological meaning. Our studies
in cultured cells with or without telomerase indicate that
DNAmTL changes in function of cell replication
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independently of telomere attrition. Hence DNAmTL
might be a read-out of cellular proliferation. This would
be consistent with the better ability of leukocyte
DNAmTL than LTL to capture associations with human
traits and exposures that likely increase the turnover of
hematopoietic stem/progenitor cells (HSPCs), which is
the main determinant of LTL shortening [42-44]. Given
the wide inter-individual LTL variation at birth [45], at
any age, LTL reflects not only the accruing number of
HSPC replication but also LTL at birth. Moreover,
HSPC do have some telomerase activity [46], which is
likely variable across individuals; therefore, HSPC TL
shortening per replication might differ across
individuals. The joint effect of inter-individual
variations in LTL at birth and the amount of LTL
shortening per HSPC replication thereafter might
confound the ability of LTL to serve as an index of
HSPC replication. This, however, does not apply to
DNAmTL, as it is independent of telomerase activity.
Our results demonstrate that DNAmTL provides an
attractive alternative to measured average TL when it
comes to predicting health outcomes. The superiority of
DNAmTL over measured LTL when it comes to
determining the effects of modifiable behavior (e.g.,
smoking, BMI), is clearly an important feature that
make DNAmTL a useful tool in seeking behavioral
interventions that support healthy aging. The view that
DNAmTL captures biologically relevant variation is
also supported by our study of blood cell counts where
DNAmTLadjAge is more strongly related to widely
used biomarkers of immune-senescence (naive and
exhausted cytotoxic T cells) than is measured LTL.
Although the training data were based on leukocyte
DNA methylation profiles, we show that DNAmTL is
applicable to other tissues as well (e.g. liver, adipose,
and sorted monocytes). The general applicability of
DNAmTL is important, if it were to be a powerful and
robust tool. Similar extrapolation of DNAmTL is seen
with its applicability to the entire age-span, despite the
fact that the training data were based on adults (22-94
years old).
Having outlined the strengths of the analyses, we wish
to acknowledge several limitations and how they were
mitigated. First, the training and validation data used in
the development of DNAmTL differed in terms of the
underlying ethnic composition. However, subsequent
analyses demonstrated that DNAmTL applies to all
groups – indicating yet again that DNAmTL has
successfully captured the underlying biological
principle associated with LTL. Second, the DNA
methylation data and LTL measurements in the
Framingham test data were collected at different time
points as described above. Nevertheless, the conclusions
www.aging-us.com
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derived from those particular assessments were
confirmed with analyses of a subset where both LTL
measurements and DNAmTL were carried out with the
same DNA samples. Importantly, we validated the
significant correlation between DNAmTL and LTL in
additional cohorts (Table 1). Third, our training data
focused only on blood samples. We have demonstrated,
however, that DNAmTL also applies to adipose and
liver tissue, and we have also in vitro evidence that it
also applies to keratinocytes and fibroblasts. It is to be
noted that the unit of DNAmTL is retained as kilobases
even though our in vitro studies demonstrate that its
impressive correlation with TL notwithstanding,
DNAmTL does not estimate actual telomere length. The
preservation of the kilobase unit is purely on the basis
that DNAmTL was trained using telomeres that are
measured in these units.
While one of the 140 CpGs underlying DNAmTL is
located near the TERT locus, it remains to be seen how
these CpGs relate to telomere biology. The moderate
enrichment of the DNAmTL CpGs within regions
proximal to telomeres is consistent with previous
reports of TL-associated changes in sub-telomeric
methylation levels [26]. Our cis-mQTL study revealed
51 neighboring SNPs. Several of these SNPs are related
to blood cell composition (e.g. granulocytes) and one
SNP was found to be associated with bipolar disorder,
which might be linked to LTL [47, 48].
We initiated this investigation, leveraging experience
gained from our work with epigenetic clocks, [12, 14,
15, 17], which we have used in past research to
demonstrate the difference between telomere attrition
and epigenetic aging [49]. Our present findings support
this conclusion. The epigenetic clocks and DNAmTL do
not share CpGs and the respective genes proximal to
their CpGs also do not seem to overlap in function. For
example, the 140 CpGs underlying DNAmTL tend to be
located near cadherin and cell signaling genes while
other functional categories were implicated by
epigenetic clocks. We find that DNAmTL is associated
with the four epigenetic clocks in the expected way,
which is that low values of DNAmTLadjAge
correspond to high epigenetic age acceleration.
Comparative analysis of 3 large cohorts revealed that
DNAmTL is in general inferior to epigenetic clocks
(especially DNAm GrimAge [17]) in predicting lifespan
and other age-related traits. This is unsurprising as
DNAm GrimAge was trained using lifespan data. The
DNAmTL is nonetheless, an important epigenetic
biomarker because it might provide a mechanistic link
between cell replication and aging-related diseases and
environmental exposures. Notwithstanding the clear
difference between telomere-associated aging and
epigenetic aging, there is a moderate level of
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association between DNAmTL and epigenetic clocks,
which is to be expected as they (directly or indirectly)
relate to age-related DNAm changes, distinctiveness
aside [50].
The successful transition of telomere-associated aging
into a methylation-based assay allows one to use a
single platform (e.g. the Illumina methylation array) to
measure two distinct mechanisms of aging - epigenetic
aging and telomere-associated aging.
Like epigenetic clocks, we expect that DNAmTL will
become a useful biomarker in human interventional
studies. A proof-of-concept study is provided by our
preliminary analysis of omega-3 polyunsaturated fatty
acid (PUFAs) supplementation. Several large-scale
studies failed to detect convincing association between
omega-3 PUFA supplementation and risk of cardiac
death, sudden death, myocardial infarction, stroke, or
all-cause mortality [51-53]. However, we find omega-3
intake to be positively correlated with DNAmTLadjAge
(robust r=0.088 and P=4.4E-5) and with age-adjusted
TRF-based LTL (robust r=0.085 and P=0.016,
Supplementary Figure 15). Future randomized controlled trials should aim to validate these associations.
Overall, we expect that DNAmTL will become an
attractive molecular biomarker of aging due to its
greater sensitivity to age related conditions than
measured TL, its ease of use and robustness.

MATERIALS AND METHODS
Epidemiological cohorts
To establish DNAm-based telomere length in
leukocytes we used N=2256 individuals from the WHI
BA23 and JHS cohort in the training process and
N=1078 individuals from the FHS cohort, WHI [54,
55], JHS [56] cohort in the test process, as listed in
Table 1. More details of the study cohorts are described
in Supplementary Note 1.
Our validation analyses involved N=9,785 Illumina
Infinium 450k or EPIC 850k arrays measuring blood
methylation levels in N=9,345 individuals from seven
independent cohorts across nine studies: the FHS
dataset (N=2,356), WHI BA23 (N=1,389), WHI EMPC
(N=1972), JHS (N=209), InChianti (N=924 from 1 to 2
longitudinal measures on 484 individuals), Lothian
Birth Cohort of 1921 (N=404) and 1946 (N=906),
Twins UK (N=794) and Bogalusa Heart Study ( N=831,
Table 1, Supplementary Table 1, and Supple-mentary
Note 1). All statistical analyses were adjusted for the
correlation structure due to pedigree effects or repeated
measurements as described below.
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LTL measurements in training and test datasets
The same lab generated the LTL data across the 3
cohorts [25]. LTL was measured using Southern blots
of the terminal restriction fragment length. After
extraction, DNA was inspected for integrity, digested,
resolved by gel electrophoresis, transferred to a
membrane, hybridized with labeled probes and exposed
to X-ray film using chemiluminescence, as previously
described in [25]. The inter-assay coefficient of
variation for blinded pair sets was 2.0% for the WHI,
1.4% for the JHS and 2.4% for the FHS [25].
Average telomere length measurement of in vitro
cultured cells
DNA from primary human fibroblasts were extracted
according to the protocol provided by Zymo Research
(USA) using the mini-prep kit (Cat No: D4004). 1.5
micrograms of DNA were digested with Hinf I and RsaI
prior to being resolved through a 0.8 % agarose gel.
DNA was transferred to Hybond N+ nylon membrane
by Southern transfer, after which it was baked for 20
minutes 120oC. The subsequent steps of this process are
as described in the protocol provided by TeloTAGGG
(Cat No:12209136001, Sigma Aldrich, USA).
Chemiluminescence signal was captured using a Kodak
Gel Documentation apparatus and quantified using
Kodak quantification software. Average telomere length
was ascertained using the formula described within the
protocol provided.
Transduction of primary human fibroblasts with
hTERT
Primary human fibroblasts were isolated from neonatal
foreskin and transduced with hTERT using recombinant
retroviruses according to methods previously described
[49].
Estimation of surrogate DNAm based telomere
length in leukocytes
We developed an estimate of LTL based only on DNA
methylation levels. The estimate was established using
the elastic net regression model implemented in the R
package glmnet [51]. The elastic net regression model
corresponds to a choice of 0.5 for the alpha parameter in
the glmnet function. Ten-fold cross validation was
performed in the (WHI and JHS) training data to
specify the underlying tuning parameter λ. The final
model was based on lambda.1se, i.e., the λ value that
led to the minimum cross validated error within one
standard error.
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DNAmTL applied to different blood cell types

The DNA methylation profiling was based on the
Illumina Infinium HumanMethylation450K BeadChip
in the FHS and WHI cohort and was based on the
Illumina Infinium EPIC 850K BeadChip in the JHS
cohort. To ensure future use with EPIC arrays, we
focused on the subset of 450,161 CpGs that were
present on both platforms. We kept the original
normalization methods to ensure consistency with
previous publications. The WHI BA23 were normalized
using the background correction method implemented
in the software GenomeStudio. WHI EMPC were
normalized based on BMIQ [57] for beta-mixture
quantile normalization. The JHS data were normalized
using the "noob" normalization method implemented in
the minfi R package [58, 59].

subject correlations resulting from repeated measurements, we used the following techniques. For censored
time variables, we used robust standard errors, the
Huber sandwich estimator, implemented in the R
function "coxph". We used linear mixed models with a
random intercept term, implemented in the R function
“lme”. We used generalized estimation equation models
(GEE), implemented in the gee function, for our logistic
regression models. Additional covariates related to
demographic characteristics, psychosocial behaviors
and clinical covariates were adjusted in multivariate
Cox models analysis. Those additional covariates
include BMI, educational attainment (category), alcohol
consumption (gram/day), self-reported smoking packyears, three medical covariates: status of (any) cancer,
hypertension and type 2 diabetes at baseline. BMI was
categorized into 3 groups: 18.5 -24.9 (normal), b) 25 to
29.9 (overweight), and c) >=30 (obese). The categories
associated with educational attainment were a) less than
high school, b) high school degree, c) some college, and
d) college degree and above. Smoking pack-years and
educational variables were not available in the JHS
cohort. Smoking status (never, former and current) was
used in the analysis of the JHS cohort. Our stratified
analysis was conducted in strata defined by age (<65
versus ≥ 65 years), BMI, education, prior history of
hypertension, type 2 diabetes or cancer. All models used
in the stratified analysis adjusted for age, sex, and
(possibly) batch effect.

Statistical models used in validation analysis

Meta-analysis

Our validation analysis involved several regression
models. Cox regression for various censored outcomes
such as time to death (all-cause mortality), time-toCHD, time-to-CHF, and time to any cancer.
Multivariate linear regression for our DNAm based
measures (independent variable) associated with and
number of age-related conditions (dependent variable)
and physical function score, respectively. Linear
regression was used to relate age at menopause
(independent variable) with DNAmTL. Logistic
regression analysis for binary outcomes allowing us to
estimate odds ratios for the binary variables such as
cancer status, hypertension, type 2 diabetes, and
disease-free status. The multimorbidity index was
defined as the number of age-related conditions
including arthritis, cataract, cancer, CHD, CHF,
emphysema, glaucoma, lipid condition, osteoporosis,
type 2 diabetes (see Supplementary Note 1). In our
validation analysis, we used the age-adjusted variable,
DNAmTLadjAge, which is not correlated with
chronological age. All regression models included the
following covariates: chronological age, sex, and batch
effect as needed. To avoid bias due to familial
correlations from pedigrees in the FHS cohort or intra-

We mainly used fixed effects meta-analysis models
weighted by inverse variance to combine the results
across validation study sets into a single estimate.
Toward this end, we used the metafor R function.
Alternatively, we used Stouffer’s meta-analysis method
(weighted by the square root of sample size) to combine
results for variables whose scale/definition differed
across study sets, e.g. multimorbidity (number of agerelated conditions), disease-free status and physical
function scores.

To evaluate how DNAmTL (and epigenetic clocks such
as DNAmAge [12], and DNAmAgeSkinBlood [14])
differ across different blood cell types, we analyzed
DNA methylation data from sorted blood cells from 6
men aged from 27 and 32 years old. DNA methylation
profiles were generated from peripheral blood mononuclear cells (PBMC) and single cell types: CD4+T,
CD8+T, and B cells were measured using the Illumina
Infinium 450k platform.
DNA methylation data
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Cox models that include blood cell counts
We also fit multivariate Cox regression models that
adjusted for imputed blood cell counts in addition to
chronological age, batch, and pedigree structure, for
predicting time-to-death and time-to-CHD. The blood
cell counts were imputed based on DNA methylation
levels as described elsewhere [60, 61]. To avoid multicollinearities between blood cell counts, we only
included the following seven blood cell counts into the
multivariate model: naïve CD8+T, exhausted cytotoxic
CD8+ T cells, plasma blasts, CD4+T, natural killer
cells, monocytes and granulocytes.
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Heritability analysis
In general, DNAm based biomarkers are highly
heritable [19, 62, 63]. To evaluate whether
DNAmTLadjAge is heritable as well, we estimated the
narrow sense heritability 𝒉𝒉𝟐𝟐 using the polygenic models
defined in SOLAR and its R interface solarius [64].
Heritability is defined as the total proportion of
phenotypic variance attributable to genetic variation in
the polygenic model. The quantitative trait DNAmTL
was adjusted for both age and sex. The robust polygenic
model (with the option of a t-distribution) was used to
estimate heritability. The heritability estimate correspondents to the variance component associated with the
kinship coefficient. We used all individuals from the
FHS cohort for whom DNA methylation data were
available (irrespective of the availability of the observed
LTL measure).
SNP associations of DNAmTL
We performed 14 SNP associations across 10 distinct
susceptibility loci associated with LTL reported from
three large-scale studies: (I) meta-analysis association
of LTL in chromosome 5 TERT only (N=53,724) [36],
(II) a genome-wide meta-analysis of LTL (N=37,684)
[37], or (III) a genome-wide meta-analysis of LTL
(N=26,089) [38]. SNP associations were performed for
DNAmTLadjAge and LTLadjAge respectively, using
the individuals of the FHS cohort available for both
measures (N=811). The association analysis was based
on linear mixed models whose random covariance
matrix was determined by kinship coefficients of the
pedigree structure, adjusted for sex and three principal
components as fixed effects. We conducted the
association tests using the function "relmatLmer" from
the R library "lme4qt".
LTL measures versus blood cell composition
The imputed blood cell abundance measures were
related to TRF based and DNAm based LTL measures,
using the training datasets from the WHI BA23 and the
JHS cohort and the test dataset from the FHS cohort,
involving n=3,134 individuals. The following imputed
blood cell counts were analyzed: B cell, naïve CD4+ T,
CD4+ T, naïve CD8+ T, CD8+ T, exhausted cytotoxic
CD8+ T cells (defined as CD8 positive CD28 negative
CD45R negative), plasma blasts, natural killer cells,
monocytes, and granulocytes. The blood cell composition imputation of the naive T cells, exhausted T
cells, and plasma blasts was based on the Horvath
method [65]. The remaining cell types were imputed
using the Houseman method [61]. More details are
described in Supplementary Methods. To avoid
confounded by age, we used the age-adjusted DNAmTL
www.aging-us.com
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(DNAmTLadjAge) variable for analysis. The correlation results were combined across studies via the
same fixed effects meta-analysis model.
GREAT analysis
We applied the GREAT analysis software tool to three
sets of CpGs: (1) all the 140 CpGs underlying
DNAmTL model, (2) the 72 CpGs with negative
coefficients in the model, and (3) the other 68 CpGs
with positive coefficients in the model. CpGs in noncoding regions typically lack annotation with respect to
biological functions. GREAT assigns biological
meaning to a set of non-coding genomic regions
(implicated by the CpGs) by analyzing the annotations
of the nearby genes. Toward this end, the GREAT
software performs both a binomial test (over genomic
regions) and a hypergeometric test over genes when
using a whole genome background. We performed the
enrichment based on default settings (Proximal: 5.0 kb
upstream, 1.0 kb downstream, plus Distal: up to 1,000
kb) for gene sets associated with GO terms, MSigDB,
PANTHER, KEGG and InterPro pathway. To avoid
large numbers of multiple comparisons, we restricted
the analysis to the gene sets with between 5 and 3,000
genes. We report nominal P values and two adjustments
for multiple comparisons: Bonferroni correction and the
Benjamini-Hochberg false discovery rate.
Diet and lifestyle factors
We performed a robust correlation analysis (biweight
midcorrelation, bicor) or generalized linear regression
analysis between DNAmTLadjAge and 43 variables
including 15 self-reported dietary variables, 9 dietary
biomarkers, 14 variables related to metabolic related
traits and central adiposity, and 5 life style factors,
using the FHS, WHI, LBC 1921 and/or LBC 1936
cohort (N up to 6977), as listed in the first two columns
in Figure 5. In the FHS cohort, we conducted the robust
correlation analysis in males and females, respectively.
Next we combined the results via fixed effect models
weighted by inverse variance. In the FHS cohort, we
used linear mixed effects models to account for
pedigree structure. In the WHI cohort, we conducted the
robust correlation analysis in each ethnic group
separately. Next we combined the results via fixed
effects meta-analysis models. In the LBC cohorts, we
performed generalized linear regression analysis
adjusted for sex for the 1921 and 1936 follow-up,
respectively. Most of the final results were combined
based on the Stouffer’s method weighted by the square
root of sample size across the study cohorts. A few
variables that were only available in both FHS and WHI
cohort and presented in the same scaling of effect sizes
were combined based on the fixed effect models
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weighted by inverse variance. In the FHS cohort, the
diet and the clinical variables were based on the datasets
archived
in
dbGAP
pht002350.v4.p10
and
pht000742.v5.p10, respectively. Both datasets were
collected at exam 8, aligned with the blood drawn for
DNA methylation profiles. In the WHI cohort, blood
biomarkers were measured from fasting plasma
collected at baseline. Food groups and nutrients are
inclusive, including all types and all preparation
methods, e.g. folic acid includes synthetic and natural,
and dairy includes cheese and all types of milk. The
individual variables are explained in [66].
Interrogating smoking impact on telomere length in
blood
We used the 4,039 subjects across seven studies from
our validation cohorts to compare the smoking
association with (1) DNAm TL and with (2) measured
LTL. Multivariate linear regression analysis of telomere
length on smoking was performed on each study,
adjusted for chronological age and adjusted sex,
ethnicity and pedigree effects as needed. Smoking
information was based on pack years when available
(N=2216) otherwise based on a binary variable (never
smokers versus ever smokers). The Stouffer’s method
weighted by square root of sample size was performed
to combine the results across all studies. Fixed effect
models weighted by inverse variance were applied to
the studies with pack years information and the other
studies only with the binary smoking variable,
respectively.
Enrichment analysis of CpGs in DNAmTL near
telomeres
We performed hypergeometric analysis for evaluating
the overlap between the 140 CpGs comprising our
DNAm TL model and the CpGs nearby telomere
regions from 3 mega base (Mb) at each chromosome
tail. In the hypergeometric test, the margin for the total
number of CpGs across whole genome was based on
453093 CpGs present in both 450k and Epic arrays.
We also performed sensitivity analysis based on a
variety of regions thresholded at 2, 4, 6 and 8 Mb
respectively.
Enrichment analysis of CpGs in DNAmTL annotated
with DNA methylation quantitative trait locus (mQTL),
conducted in McRae et al. [35]. The hypergeometric test
was used to evaluate the overlap of the 140 CpGs with
52915 cis-mQTL. The mQTL CpGs were identified
using a stringent criterion described in the original
reference: a cis-mQTL was identified either in the
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Brisbane Systems Genetics Study or in the Lothian
Birth Cohorts at P < 1.0E-11 and was replicated in the
other cohort at P < 1.0E-6.
The resulting 51 SNPs underlying cis-mQTL loci were
cross referenced to GWAS Catalog tool (version v1.02
database, see URL). We not only report SNPs that met
genome-wide (P < 5.0E-8) significance levels but also
suggestive significance (P< 5.0E-6). Similarly, we
characterized the 51 SNP using the HaploReg (version
4.1) tool [67] (see URL) which allows one to visualize
SNPs in linkage disequilibrium (LD r2 ≥ 0.8 based on
European ancestry).
In vitro cultured cell procedure
Isolation and culture of primary cells
Primary human neonatal fibroblasts were isolated from
circumcised foreskins. Informed consent was obtained
prior to collection of human skin samples with approval
from the Oxford Research Ethics Committee; reference
10/H0605/1. The tissue was cut into small pieces and
digested overnight at 4 °C with 0.5 mg/ml Liberase DH
in CnT-07 keratinocyte medium (CellnTech) supplemented with penicillin/streptomycin (Sigma) and
gentamycin/amphotericin (Life Tech). Following
digestion, the epidermis was peeled off from the tissue
pieces. The de-epidermized tissue pieces were placed
faced down on plastic cell culture plates and allowed to
partially dry before addition of DMEM supplemented
with 10% FBS and antibiotics. After several days
incubation in a 37 °C, 5% CO2 humidified environment,
fibroblasts can be seen to migrate out from the tissue
pieces and when their growth reached confluence, they
were trypsinized, counted and seeded into fresh plates
for experiments. Adult human coronary artery
endothelial cells (HCAEC) were purchased from Cell
Applications (USA) and cultured in MesoEndo Cell
Growth Medium (Sigma) at 37 °C humidified incubator
with 5% CO2.
Neonatal foreskin fibroblasts
100,000 cells were seeded into a 10cm plate and
cultured as described above. Upon confluence the cells
were harvested with trypsin digestion followed by
neutralization with soybean trypsin inhibitor. The
number of cells was ascertained and 100,000 was
taken and seeded into a fresh plate. The remaining
cells were used for DNA extraction. Population
doubling was calculated with the following formula:
[log(number of cells harvested) – log(number of cells
seeded)] x 3.32. Cumulative population doubling was
obtained by addition of population doubling of each
passage.
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Adult human coronary artery endothelial cells
500,000 cells were seeded into a fibronectin-coated
75cm2 flask and cultured as described. The procedure of
passing the cells, counting and ascertaining population
doubling is similar to those described for neonatal
foreskin fibroblasts above.
Retroviral-mediated transduction of cells with hTERT
vectors
Retroviral vectors bearing wildtype hTERT (Addgene,
cat. 1774), was transfected into Phoenix A cells using
the calcium chloride method according to the
manufacturer’s instructions (Profection Cat No: E1200
Promega). The next day, media were removed from the
transfectants and replaced with DMEM supplemented
with 10% foetal calf serum. The following day, the
media containing recombinant retroviruses were
collected, filtered through 0.45micron filter and mixed
with polybrene (Sigma) up to 9ug/ml and used to feed
the cells intended for infection. The next day, fresh
media containing puromycin (1ug/ml) was given to the
cells. After 3-4 days when all the control cells in the
uninfected plates were dead, the surviving infectants
were grown and used for experiments as described
above.
DNA extraction in the in vitro experiments
DNA was extracted from cells using the Zymo Quick
DNA mini-prep plus kit (D4069) according to the
manufacturer’s instructions and DNA methylation
levels were measured on Illumina 850 EPIC arrays
according to the manufacturer’s instructions.
URLs
GWASCatalog,
https://www.ebi.ac.uk/gwas/search?query=28346442
HaploReg,
http://www.broadinstitute.org/mammals/haploreg/haplo
reg.php
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ABSTRACT
Evidence indicates associations between higher optimism and reduced risk of age-related conditions and
premature mortality. This suggests optimism is a positive health asset, but research identifying potential
biological mechanisms underlying these associations remains limited. One potential pathway is slower cellular
aging, which may delay age-related deterioration in health. Data were from the Women’s Health Initiative
(WHI) (N=3,298) and the Veterans Affairs Normative Aging Study (NAS) (N=514), and included dispositional and
explanatory style optimism measures. We evaluated whether higher optimism was associated with metrics
suggestive of less cellular aging, as indicated by two DNA methylation algorithms, intrinsic (IEAA) and extrinsic
epigenetic age acceleration (EEAA); these algorithms represent accelerated biologic aging that exceeds
chronological age. We used linear regression models to test our hypothesis while considering several covariates
(sociodemographics, depressive symptoms, health behaviors). In both cohorts, we found consistently null
associations of all measures of optimism with both measures of DNA methylation aging, regardless of
covariates considered. For example, in fully-adjusted models, dispositional optimism was not associated with
either IEAA (WHI:β=0.02; 95% Confidence Interval [CI]:-0.15-0.20; NAS:β=-0.06; 95% CI:-0.56-0.44) or EEAA
(WHI:β=-0.04; 95% CI: -0.26-0.17; NAS:β=-0.17; 95% CI: -0.80-0.46). Higher optimism was not associated with
reduced cellular aging as measured in this study.

INTRODUCTION
Aging and age-related health conditions have become
critical public health issues. According to recent
projections, the percentage of people aged >65 years in
the United States is expected to increase by more than
60% over the next 15 years [1]. Growing evidence
suggests that higher levels of optimism are associated
with reduced risk of a wide range of age-related
conditions such as cardiovascular events, lung function
decline, cognitive impairment, and premature mortality
(including both overall mortality and deaths due to heart
disease, stroke, or cancer) [2–11]. For example, in a
prospective study of 70,021 older women followed over
8 years, women in the highest (versus lowest quartile of
optimism had a 38% reduced risk (95% confidence
interval [CI]: 0.50, 0.76) of heart disease mortality and a
39% reduced risk (95% CI: 0.43, 0.85) of stroke
mortality after adjusting for sociodemographic factors
[2]. Prospective studies in other cohorts have reported
similar findings [5,12–14].
Optimism, which has been defined either as the
generalized expectation that good things will happen or
according to the ways in which people explain the
causes of good and bad events, may therefore be a
powerful, positive health asset. Biologic mechanisms
underlying the optimism-health associations are not yet
well-established, but understanding biologic pathways
could point to novel means of improving health in
aging. Given the broad associations between optimism
and health across disease endpoints, it is possible that
optimism is related to systemic processes that affect
multiple outcomes. Given consistent findings with agerelated diseases, one candidate process is slower cellular
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aging, whereby optimism could reduce or delay agerelated deterioration in health.
Recent work has identified DNA methylation (DNAm)
as a strong component of biologic aging, and developed
“epigenetic clocks” designed to capture methylationbased markers of aging. Horvath et al. proposed an
“epigenetic clock” derived from age-associated
methylation changes in 353 Cytosine-phosphateGuanosine sites (CpGs) across the genome that are
involved in important biological processes (e.g., DNA
replication and repair, lipid metabolism, oxidative
stress, and other chronic disease related processes)
[15,16]. This clock score is well-validated across
multiple cell types and tissues, and in epidemiologic
studies it predicts cognitive function, lung function, grip
strength, and premature mortality, among other
outcomes [16–18]. Hannum et al. also derived an
epigenetic clock score in a slightly different way, leveraging DNA methylation in blood at 71 CpG sites [15].
A measure of methylation age acceleration can be
derived using either of these scores to capture a positive
difference between DNA methylation and chronologic
age.
Prior work has suggested epigenetic aging might
explain observed relationships between negative
psychological factors and health. For example, stressrelated epigenetic aging has been proposed as a possible
explanatory factor linking psychological stress and
higher risk of developing age-related diseases, with
several studies demonstrating higher levels of lifetime
stress are associated with accelerated DNA methylation
age (DNAm) [19,20]. While less work has examined
positive psychological factors in relation to epigenetic
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aging, to assess potential protective effects on aging
processes, given prior findings of protective effects in
relation to chronic disease outcomes, such relations are
plausible. Optimism may be associated with a slower
rate of epigenetic aging if it either reduces stress
exposure, or buffers its effects – although it is important
to note that optimism does not simply reflect the
absence of stress and in fact may have independent
effects on biological processes [6]. Optimism has been
characterized as an asset or resource that people can
utilize throughout life and across multiple domains
[11,21,22]. Generally, psychological health assets like
optimism, tend to be stable across time, although they
can be responsive to life changes such as unemployment
or divorce [23], or to interventions, such as activities
that promote psychological well-being [24–26].

logic cohorts that include women or men, the Women’s
Health Initiative (WHI) and the VA Normative Aging
Study (NAS). Based on prior work we identified
relevant covariates for consideration including sociodemographic factors, health status, and health
behaviors, which might confound or lie on the pathway
between optimism and DNA methylation, as well as
depression, which is correlated with both optimism and
DNA methylation profiles [28].

RESULTS
Sample description
The WHI sample consisted of 3,298 women including
1,665 Whites, 961 Blacks, and 561 Hispanics, and 111
in the “Other” race/ethnicity category. Chronological
age in the WHI sample ranged from 50-79 years
(mean=64). Most women were married (or in marriagelike relationships: 56%), and most had education after
high school (some college or an associate degree: 26%,
or a college or graduate degree: 30%). The NAS sample
consisted of 514 men (99% White) ranging in
chronological age from 56-91 years (mean=73). Most
men were married (76%), and had either a high school
degree (20%) or college or graduate degrees (35%).
Table 1, Tables S1, and S2 [see Appendix A 1 for
Tables S1 and S2] provide additional details about
participants.

In the current study, we sought to test the hypothesis
that higher optimism would be associated with metrics
suggestive of less cellular aging, as indicated by two
DNA methylation age algorithms, intrinsic (IEAA) and
extrinsic epigenetic age acceleration (EEAA); these
algorithms represent accelerated biologic aging that
exceeds chronological age. Intrinsic epigenetic age
acceleration captures properties of aging that are
independent of cell type and organ whereas extrinsic
epigenetic acceleration likely reflects both epigenetic
variation and age-related changes in cell distributions in
blood [27]. We used data from two ongoing epidemio-

Table 1. Characteristics of study participants at baseline – Women’s Health Initiative and Normative Aging Study.

Characteristics

Women’s Health Initiative (WHI)

Normative Aging Study (NAS)

(n=3,298)

(n=514)

Optimism Levels

Optimism Levels

Quartile 1 (n = 1,004)

Quartile 4 (n = 753)

1st Quartile (n=129)

4th Quartile (n=129)

63.4 (7.2)

63.2 (7.2)

72.9 (6.6)

73.2 (6.4)

White

43.7

51.9

99.2

99.2

Black / African-American

28.1

33.2

0.8

0.8

Hispanic / Latino

23.7

12.4

0

0

Other

4.5

2.5

0

0

0

0

0

0

50.6

57.2

73.6

74.4

Demographic Factors
Mean Age (SD)
Race/Ethnicity (%)

Missing
Marital Status (%)
Marriage or marriage-like
relationship
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Divorced or single

25.0

23.5

16.3

15.5

Widowed

23.4

19.0

9.3

10.1

Missing

1.0

0.3

0.8

0

Less than high school

32.4

14.6

5.4

2.3

High school graduate

22.2

13.9

20.9

20.9

Some college or associate

24.0

28.7

24.8

16.3

College or more

20.5

41.8

27.9

39.5

Missing

0.9

0.9

20.9

20.9

Less than $20,000

35.2

17.4

$20,000 to $49,999

41.7

44.5

$50,000 to $74,999

9.1

16.2

$75,000 or more

6.6

15.7

Missing

7.5

6.2

Less than $60,000

29.5

26.4

$60,000 to $69,999

19.4

19.4

$70,000 to $89,999

21.7

25.6

$90,000 or more

25.6

27.9

0

0

3.9

0.8

Education (%)

degree

Income (%)
WHI

NAS

Don’t know
Missing
Health Factors
Depressed (%)*
Not depressed

73.5

93.4

68.2

96.1

Depressed

20.3

4.0

28.7

0.8

Missing

6.2

2.7

3.1

3.1

No chronic condition

36.7

39.8

48.1

64.3

Chronic condition

52.1

49.4

51.9

35.7

Missing

11.3

10.8

0.0

0.0

Chronic Condition (%)**

Health Behaviors
Smoking (%)
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Never smoker

52.5

52.6

28.7

33.3

Past smoker

34.7

37.3

69.0

62.8

Current smoker

12.1

8.6

2.3

3.9

Missing

0.8

1.5

0

0

<3.0

41.6

32.3

38.0

19.4

3.0-8.99

23.5

22.7

27.1

29.5

9.0-17.99

14.4

19.5

20.2

19.4

18.0-26.99

7.1

9.4

4.7

10.1

≥27

6.4

9.7

10.1

21.7

Missing

7.0

6.4

0

0

63.6 (11.5)

65.7 (11.2)

Mean Fruit Intake (SD)

2.6 (1.8)

2.5 (1.6)

Mean Vegetable Intake

3.1 (1.9)

3.5 (2)

Physical activity level
(METS/week; %)

Diet
WHI
Mean Healthy Eating
Index (SD)
NAS

(SD)
Current drinker (%)
Non drinker

42.2

36.3

29.5

19.4

Current drinker

57.1

63.4

69.8

79.8

Missing

0.7

0.4

0.8

0.8

Normal (<24.9)

19.6

24.0

16.3

21.7

Overweight (25.0-29.9)

35.6

32.3

50.4

56.6

Obese (≥30.0)

44.3

42.6

33.3

21.7

Missing

0.5

1.1

0

0

Body Mass Index (%)

Notes - *Depressive symptoms in WHI were measured using the Burnam Screening Algorithm, a questionnaire that includes 6 items
from the Center for Epidemiologic Studies Depression Scale (CES-D) and two from the Diagnostic Interview Scale (DIS), with a cutoff of
≥0.06 indicating depression. Depressive symptoms in NAS were measured using the Brief Symptom Inventory (BSI), with a cutoff of
≥0.638 indicating depression
**Chronic conditions in WHI included: 1) hypertension, 2) high cholesterol, 3) cardiovascular disease, 4) diabetes, 5) stroke, 6) cancer.
Chronic conditions in NAS included: 1) cardiovascular disease, 2) diabetes, 3) stroke, 4) cancer
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Optimism and DNA methylation age
In WHI, when considering both dispositional optimism
and DNAm age as continuous variables, we observed
no association of optimism with IEAA (mean
difference, β=0.07; 95% CI: -0.10,0.24; Table 2);
however, we did observe an association with EEAA
(mean difference, β=-0.35; 95% CI: -0.55,-0.13) in
unadjusted models such that higher optimism was
associated with lower DNAm age. In models that
adjusted for basic confounders, we observed no relation
of optimism to IEAA (β=0.02; 95% CI: -0.16,0.19;
Table 2) and associations with EEAA were attenuated
and no longer statistically significant (β=-0.06; 95% CI:
-0.28,0.16). After further adjusting for the full set of
covariates, associations were not meaningfully different
(Table 2).

When evaluating the association between dispositional
optimism and DNAm age in NAS, we observed a
pattern of null findings in unadjusted as well in all the
other models. For example, in our basic adjusted
models, optimism was not associated with IEAA (β=0.06; 95% CI: -0.55,0.42; Table 3) or EEAA (β=-0.23;
95% CI: -0.83,0.38).
We also evaluated quartiles of optimism in relation to
both EEAA and IEAA, in the WHI and NAS. Findings
were null in both cohorts for IEAA. In the WHI women,
in the unadjusted model, individuals in the lowest
(versus highest) quartile of optimism had a lower mean
EEAA score (β=-0.73; 95% CI: -1.32,-0.15; Table 3).
However, this association was no longer statistically
significant after adjusting for additional covariates, and
all findings with EEAA were null in the NAS.

Table 2. Mean differences (Regression Coefficients) for association between optimism (LOT-R) and DNA methylation age
in WHI (n=3,298)*.
Optimism
Outcome
Intrinsic Epigenetic Age
Acceleration

Continuous
Optimism Score**

Quartile 1
(n = 1,004)

Quartile 2
(n = 809)

Quartile 3
(n = 732)

Quartile 4
(n = 753)

Mean Difference

Mean Difference

Mean Difference

Mean Difference

ß (95% CI)

ß (95% CI)

ß (95% CI)

ß (95% CI)

Unadjusted Model

0.07 (-0.10, 0.24)

Ref.

0.01 (-0.44, 0.46)

-0.01 (-0.48, 0.45)

0.13 (-0.33, 0.58)

Basic Confounders Model***

0.02 (-0.16, 0.19)

Ref.

-0.11 (-0.56, 0.35)

-0.16 (-0.64, 0.31)

-0.03 (-0.50, 0.45)

All Covariates Model****

0.02 (-0.15, 0.20)

Ref.

-0.06 (-0.52, 0.40)

-0.14 (-0.61, 0.34)

-0.01 (-0.49, 0.47)

Unadjusted Model

-0.35 (-0.55, -0.13)

Ref.

-0.52 (-1.09, 0.06)

-0.93 (-1.52, -0.34)

-0.73 (-1.32, -0.15)

Basic Confounders Model***

-0.06 (-0.28, 0.16)

Ref.

-0.19 (-0.76, 0.38)

-0.53 (-1.13, 0.06)

-0.05 (-0.65, 0.54)

All Covariates Model****

-0.04 (-0.26, 0.17)

Ref.

-0.10 (-0.67, 0.47)

-0.43 (-1.02, 0.16)

-0.02 (-0.62, 0.58)

Extrinsic Epigenetic Age
Acceleration

Notes - *All models adjusted for WHI substudy (EMPC or BAA23)
**Per 1 SD increase in LOT-R score
***Confounders model adjusts for: race, education, income, marital status, chronic conditions, depression,
****All covariates model additionally adjusts for: physical activity, smoking, BMI, diet, alcohol consumption, which may be
intermediates or confounders

www.aging-us.com

4975

AGING

Table 3. Mean differences (Regression Coefficients) for association between optimism (LOT) and DNA methylation age
in NAS (n=514).
Optimism
Continuous

Quartile 1

Quartile 2

Quartile 3

Quartile 4

Outcome

Optimism Score*

(n = 129)

(n = 128)

(n = 128)

(n = 129)

Intrinsic Epigenetic Age

Mean Difference

Mean Difference

Mean Difference

Mean Difference

ß (95% CI)

ß (95% CI)

ß (95% CI)

ß (95% CI)

Acceleration
Unadjusted Model,

-0.02 (-0.47, 0.43)

Ref.

0.10 (-1.13, 1.33)

0.14 (-1.05, 1.33)

0.41 (-0.87, 1.69)

Confounders Model**

-0.02 (-0.51, 0.48)

Ref.

0.12 (-1.16, 1.40)

0.12 (-1.13, 1.36)

0.45 (-0.98, 1.89)

All Covariates Model***

-0.06 (-0.56, 0.44)

Ref.

0.09 (-1.22, 1.39)

0.12 (-1.15, 1.38)

0.54 (-0.92, 2.00)

Unadjusted Model

-0.27 (-0.81, 0.28)

Ref.

0.73 (-0.75, 2.22)

0.56 (-0.88, 2.01)

0.98 (-0.57, 2.53)

Confounders Model**

-0.21 (-0.82, 0.41)

Ref.

0.60 (-0.99, 2.19)

0.53 (-1.02, 2.08)

0.58 (-1.21, 2.37)

All Covariates Model***

-0.17 (-0.80, 0.46)

Ref.

0.65 (-0.98, 2.29)

0.45 (-1.13, 2.03)

0.48 (-1.35, 2.31)

Extrinsic Epigenetic Age
Acceleration

Notes - *Per 1 SD increase in LOT-R score
**Confounders model adjusts for: race, education, income, marital status, chronic conditions, depression,
***All covariates model additionally adjusts for: physical activity, smoking, BMI, diet, alcohol consumption, which could be potential
confounders or intermediates

Table 4. Mean differences (Regression Coefficients) for association between optimism (PSM-R) and DNA methylation age in NAS
(n=514).

Optimism
Continuous

Quartile 1

Quartile 2

Quartile 3

Quartile 4

Outcome

Optimism Score*

(n = 129)

(n = 128)

(n = 128)

(n = 129)

Intrinsic Epigenetic Age

Mean Difference

Mean Difference

Mean Difference

Mean Difference

ß (95% CI)

ß (95% CI)

ß (95% CI)

ß (95% CI)

Acceleration
Unadjusted Model

0.31 (-0.14, 0.76)

Ref.

0.46 (-0.80, 1.71)

0.13 (-1.12, 1.38)

1.16 (-0.11, 2.42)

Confounders Model**

0.32 (-0.18, 0.81)

Ref.

0.42 (-0.93, 1.78)

0.03 (-1.33, 1.38)

1.14 (-0.24, 2.52)

All Covariates Model***

0.29 (-0.21, 0.79)

Ref.

0.17 (-1.23, 1.57)

-0.04 (-1.42, 1.33)

1.06 (-0.36, 2.48)

Unadjusted Model

-0.06 (-0.60, 0.49)

Ref.

-0.16 (-1.69, 1.37)

-1.04 (-2.56, 0.48)

-0.25 (-1.79, 1.28)

Confounders Model**

-0.11 (-0.72, 0.51)

Ref.

-0.20 (-1.89, 1.48)

-1.22 (-2.91, 0.47)

-0.47 (-2.19, 1.25)

All Covariates***

-0.04 (-0.67, 0.59)

Ref.

0.12 (-1.64, 1.87)

-0.92 (-2.64, 0.81)

-0.17 (-1.95, 1.60)

Extrinsic Epigenetic Age
Acceleration

Notes - *Per 1 SD increase in Malinchoc optimism score (a higher score on this assessment indicates higher levels of pessimism, while a
lower score indicates higher levels of optimism)
**Confounders model adjusts for: race, education, income, marital status, chronic conditions, depression,
***All covariates model additionally adjusts for: physical activity, smoking, BMI, diet, alcohol consumption, which could be potential
confounders or intermediate
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Additional analyses
In both the WHI and NAS, after excluding individuals
with depression, associations for optimism with either
IEAA and EEAA remained consistently null (Appendix
A 1, Table S3 and Table S4). Further, no statistically
significant associations with IEAA and EEAA were
evident for either the pessimism or the optimism
subscales. Associations between the explanatory style
optimism and both IEAA and EEAA were also
uniformly null in all models (Table 4). In analyses
stratified by race in WHI (Black and White women),
associations remained consistently null across strata
(data not shown). Findings from analyses that included
the 736 WHI women who did not have the full set of
covariates, were similarly null (data not shown).
Finally, in WHI, after additionally adjusting for casecontrol status, WHI observational study membership, as
well as clinical trial membership findings were
uniformly null across all models (data not shown).

DISCUSSION
We examined the association between optimism and
epigenetic age acceleration measured by DNA methyltion in two well characterized cohorts. We were able to
examine two forms of optimism, dispositional and
explanatory style. Regardless of which measure we
considered and across cohorts, we found consistently
null associations between optimism and both measures
of DNA methylation aging, the intrinsic and extrinsic
epigenetic age acceleration measure. While we did find
one statistically significant association between the
highest versus lowest quartile of dispositional optimism
and lower EEAA score in an unadjusted model, it was
evident only among the women. Thus, we remain
cautious about interpreting this finding as occurring for
reasons other than chance. Findings were unchanged in
secondary analyses where we excluded those with
depression, separately examined the optimism and
pessimism subscales of the LOT, or considered another
validated measure of optimism (PSM-R) available in
the men.
There may be several explanations for these null
associations. Our specific measures of epigenetic age
acceleration may not be as relevant for optimism as
other formulations might be. The DNA methylation age
measures considered here reflect underlying aging
processes that are at least partially under genetic
control, and are more weakly associated with several
lifestyle factors [27]. Pathway analysis suggests the
components of the DNA methylation age [16,18] are
enriched for immune cell trafficking and development,
and these processes may not be strongly influenced by
optimism. Further work is needed to evaluate other
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potential biologic mechanisms of optimism, both
epigenetic and others, that may underlie the association
of optimism with health. For example, one recently
developed metric, DNA methylation PhenoAge, has a
stronger association with lifestyle and wellness factors
than the IEAA or EEAA measures [29], and as a result,
may be more strongly linked to optimism. It is possible
that other age acceleration scores that capture processes
more tightly linked to optimism will also be developed.
Further, although we did not observe evidence of a
direct effect between optimism and DNAm age, future
research should evaluate if optimism might moderate
(or “dampen”) the effects of various stressors on DNAm
age.
With increasing availability of epigenetic information,
we will have additional opportunities to assess if the
biologic correlates of optimism will be better captured
by additional epigenetic metrics of aging [29,30], or if
specific scores are less effective than broader agnostic
analyses of the epigenome. Future studies that have
repeated measures of DNA methylation aging could
also provide a stronger test of the hypothesis that
optimism influences epigenetic aging by evaluating if
optimism is associated with changes in the rate of DNA
methylation aging over time. However, another
plausible explanation for our null findings could be that
the biological pathways by which optimism works to
reduce risk of age-related chronic diseases simply do
not include changes in DNAm aging. Assessing these
possibilities and alternative biological pathways for the
observed association between optimism and chronic
diseases of aging will be important next steps for this
research.
The current study has some limitations. Both optimism
and DNA methylation were assessed at a single point in
time. Measurement error can be particularly problematic in studies such as ours, that rely on a single
biomarker measurement [31], which likely has some
random variability. Associations were cross-sectional
and given the composition of each sample, findings may
not be broadly generalizable, particularly to younger
individuals. Nonetheless, this study has important
strengths. We used two large and richly characterized
cohorts and were able to assess associations in both men
and women as well as adjust for potential confounders.
Further, two forms of optimism, dispositional and
explanatory style were assessed, with a commonly used
validated measure dispositional optimism in both
cohorts and a validated measure of explanatory style
optimism in the NAS. Findings were remarkably similar
across measures and cohorts. In conclusion, we
examined associations between optimism and
epigenetic aging in older men and women from two
long-running cohorts with large sample sizes and found
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no statistically significant associations between
optimism and intrinsic or extrinsic epigenetic age
acceleration. Our findings may indicate that optimism is
not specifically associated with biological mechanisms
underlying these metrics of epigenetic age and age
acceleration. It may also be that the combination of
genes included in these epigenetic aging scores do not
well-reflect the biological effects of optimism, and
analyses of other clock scores, or broader agnostic or
pathway analyses of DNA methylation could yield
greater insight into biological processes underlying
optimism.
Given robust and consistent findings that optimism is
associated with reduced risk of developing a range of
age-related diseases as well as overall mortality, and
that the relationships are not fully explained by health
behaviors [32], identifying novel pathways to
improving health in aging remains an important goal.
Our findings assess only one metric of epigenetic aging,
but new methods and measures for assessing these
processes are in active development (or recently
available), suggesting continued effort to understand the
range of epigenetic and other underlying biological
mechanisms is warranted.

MATERIALS AND METHODS
Study Population
Women’s Health Initiative
The Women’s Health Initiative (WHI) is a long-term
study focused on identifying strategies for preventing
major chronic diseases in postmenopausal women.
Starting in 1993, racially and ethnically diverse women
aged 50-79 years were recruited throughout the U.S.
and entered either clinical trial(s) (WHI-CT; N=68,132)
or the observational study (WHI-OS; N=93,676). Data
were collected at 40 clinical centers throughout the
country. At baseline, women completed self-administered questionnaires including information about
sociodemographic factors, psychosocial characteristics,
health behaviors, and chronic conditions. Further, after
fasting overnight, they visited study clinics where
certified clinical center staff collected blood specimens
and performed anthropometric measurements.
The present study draws on data from two WHI
substudies. The first substudy (Epigenetic Mechanisms
of PM-Mediated Cardiovascular Disease Risk (EMPC;
AS315; n=2,200) included a stratified random sample
representative of the larger WHI CT population [27].
The second substudy (Integrative Genomics and Risk of
Coronary Heart Disease and Related Phenotypes in the
Women’s Health Initiative; BAA23; n=2,107) examined
genomic determinants of coronary heart disease (CHD),
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using a nested case-control design (with oversampling
of African Americans and Hispanics) in the WHI
observational study and CT study populations. When
data from both substudies were combined, there were
118 women who were in both substudies; thus, only
data from EMPC was used when overlap existed
(results were very similar when data from BAA23 were
used instead). Further, 148 women were excluded
because they had missing data on optimism and a
further 7 were excluded due to missing data on the
DNA methylation measures. Finally, some covariates
were assessed only at baseline, and because some
women had their blood drawn after baseline (n=736)
they were excluded from primary analyses, resulting in
a final analytic sample of 3,298 WHI women. In
secondary analyses, we evaluated the main association
of interest after including the 736 women, without fully
control for covariates.
VA Normative Aging Study
The VA Normative Aging Study (NAS) is a
longitudinal investigation of normal aging processes in
community-dwelling men, initiated in 1963. The study
enrolled healthy men aged 21 to 81 years who were free
of known chronic medical conditions. Men provided
information on demographic factors, medical history,
psychosocial factors, and lifestyle factors on a regular
basis. They were interviewed at the VA Boston hospital
every 3-5 years, and also participated in a physical
exam and laboratory tests. Blood was drawn at each
physical exam. Eligibility for this study required
continued participation as of the time when DNA
samples were first collected. Dropout has been < 1% per
year in this cohort. Among the active 1,749 NAS
participants at the time, DNA samples were collected
from 1999-2009 for 774 participants. Among these, we
excluded from analysis 260 men who did not have an
optimism measurement before a DNA sample was
taken. The final analytic sample included 514 NAS men
with both DNA and measures of optimism.
Because restrictions apply to the public availability of
these data, they are available from the WHI and NAS
study coordinators upon reasonable request.
Measures
Optimism assessment
WHI: In WHI, dispositional optimism was assessed at
baseline using the Life Orientation Test-Revised (LOTR). The measure has demonstrated good discriminant
and convergent validity, as well as good reliability [33].
Negatively worded items were reverse coded, and then
all items were summed to create a composite score that
ranged from 6 to 30, with higher scores indicating
higher optimism. Following standard WHI protocol, the
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score was set to missing if study respondents were
missing any of the LOT-R items. To facilitate
comparisons of effect sizes across studies, we
standardized optimism scores (Mean(M)=0, Standard
Deviation(SD)=1). Internal consistency reliability was
high in the analytic sample at baseline (Cronbach
α=0.75). To assess the possibility of discontinuous or
threshold effects, we also created quartiles of optimism
based on the score distribution in the sample. Mean
optimism scores by quartile were: 19, 23, 24, and 27.
Following prior work on dispositional optimism [34], in
secondary analyses, we also evaluated the optimistic
(Cronbach α=0.77) and pessimistic (Cronbach α=0.74)
subscales of LOT-R, each composed of three items
from the overall scale.
NAS: In NAS, dispositional optimism was assessed
using both the Revised Optimism-Pessimism Scale
(PSM-R) and the original Life Orientation Test (LOT).
The LOT is the parent scale from which the LOT-R was
largely derived and includes 8 items that contribute to
the scale score. Items were reverse coded as necessary
and summed to create a composite score that ranged
from 7 to 32 in this sample, with higher scores
indicating higher optimism. Again, we standardized
optimism scores (M=0, SD=1). Internal consistency
reliability was high in the analytic sample at baseline
(Cronbach α=0.78). We created quartiles of optimism
based on the score distribution in the sample and mean
optimism scores by quartile were: 16, 20, 22, and 26. In
secondary analyses, we evaluated the optimistic
(Cronbach α=0.75) and pessimistic (Cronbach α=0.80)
subscales of LOT, each composed of four items from
the overall scale.
Another measure of optimism based on explanatory
style was assessed using the PSM–R, developed and
validated by Malinchoc, Offord, and Colligan [35,36].
This bipolar scale measures the way individuals explain
the causes of both good and bad events, and
characterized explanatory style on a continuum from
optimistic to pessimistic, by using 263 items selected
from the revised Minnesota Multiphasic Personality
Inventory (MMPI–2). Following the scoring algorithm,
items were combined into a composite bipolar score
reflecting a more optimistic explanatory style at the low
end of the continuum and a more pessimistic one at the
high end. This measure has predicted reduced risk of
heart disease and slower lung function decline in the
NAS cohort [3,37]. Internal consistency reliability was
high in the analytic sample at baseline (Cronbach
α=0.78), and prior research demonstrates this scale has
high test-retest reliability of 0.90 [36]. To assess the
possibility of discontinuous or threshold effects, we also
created quartiles of optimism based on the score
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distribution in the sample. Mean scores by quartile
were: 58, 47, 41, and 32.
Assessment of DNA methylation
methylation age acceleration

and

DNA

WHI. Methylation analysis for both substudies was
performed using the Illumina Infinium HumanMethylation450 Beadchip, which measures single-CpG
resolution DNA methylation levels at 485,577 unique
CpG sites in the human genome. The BAA23 WHI
substudy samples were processed at the HudsonAlpha
Institute of Biotechnology. The EMPC WHI substudy
samples were processed at the Northwestern University
Genomics Core. All measurements were qualitycontrolled and batch adjusted as described elsewhere
[27].
NAS. Methylation data were generated at the
Northwestern University Genomics Core Facility. All
measurements
underwent
quality-control.
The
Bioconductor minfi package Illumina-type background
correction without normalization was used to preprocess
the samples and generate methylation beta values to
compute DNAm-age [38].
Epigenetic age acceleration scores. In all of the
analyses, we considered both the intrinsic epigenetic
age acceleration score (IEAA) [16] and the extrinsic
epigenetic age acceleration score (EEAA) [15]. The two
scores were calculated identically in WHI and NAS
based on scripts developed by Horvath the IEAA
variable is denoted as AAHOAdjCellCounts and the
EEAA variable is denoted as BioAge4HAStaticAdjAge).
Both the EEAA and IEAA measures represent
accelerated biological aging that exceeds chronological
age, with positive values indicating that epigenetic age
is higher than chronological age. Both measures are
calculated by obtaining the residual when regressing
DNAm age on chronological age. Intrinsic epigenetic
age acceleration captures properties of aging that are
independent of cell type and organ whereas extrinsic
epigenetic acceleration likely reflects both epigenetic
variation and age-related changes in cell distributions
in blood [27]. In WHI, the correlation between IEAA
and EEAA was 0.36 and in NAS the correlation was
0.32.
Assessment of potential confounders and other
covariates
WHI. Potential confounders included sociodemographic
factors and depression. Sociodemographic variables
were obtained from the baseline questionnaire and
included age (continuous), race (White, Black/AfricanAmerican, Hispanic/Latino, Other), marital status
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(married/marriage like-relationship, divorced/single,
widowed), education (less than high school, high school
graduate, some college or associate degree, college or
more), income (<$20,000, $20,000-$49,999, $50,000$74,999, $75,000+, don’t know). Depression status
(yes/no) was defined according to Burnam Screening
Algorithm questionnaire that includes 6 items from the
Center for Epidemiologic Studies Depression Scale
(CES-D) and two from the Diagnostic Interview Scale
(DIS) [39,40], with a cutoff of ≥0.06 indicating
depression [39]. Health conditions were self-reported
(yes/no) and included: hypertension, high cholesterol,
cardiovascular disease, diabetes, stroke, cancer. Height
and weight were measured by trained staff and used to
calculate Body Mass Index (BMI) in kg/m2. and then,
three BMI categories were created (<24.9, 25.0 to
29.9,≥30.0). Potential confounding or intermediate
variables included the following health behaviors, all
self-reported on the baseline questionnaire: cigarette
smoking (never, former, current smoker), physical
activity (weekly expenditure of metabolic equivalent
tasks (METs; <3 METs/week, 3-<9 METs/week, 9-<19
METs/week, 18-<27 METs/week, 27+ METs/week),
alcohol intake (non-drinker, current drinker), diet (122item food frequency questionnaire (FFQ) [41]; overall
diet quality was quantified using the Alternative
Healthy Eating Index (scale 0-110; the AHEI includes
11 different diet components).
NAS. Potential confounders included sociodemographic
factors, depression, and chronic conditions. Sociodemographic variables were obtained from the baseline
questionnaire and included age (continuous),
educational
attainment
(years),
race/ethnicity
(white/non-white), marital status (married/not married).
Depressive symptoms were assessed with a subscale
from the Brief Symptom Inventory [42], with a cutoff of
≥0.638 indicating depression. Information about health
conditions was self-reported (yes/no), updated every 3-5
years, and included: coronary heart disease, stroke,
diabetes, and cancer. BMI in kg/m2 was calculated from
weight and height measured by study staff (<24.9, 25.029.9, ≥30.0). Further variables included the following
health behaviors (updated every 3-5 years), which
could be confounders or intermediates: cigarette
smoking status (current, former, never), physical
activity (created based on questions asking about
energy expenditure (e.g., frequency of sports activities,
flights of stairs climbed/day, distance walked, etc., to
calculate the following metabolic equivalent of tasks
(METs) categories; <3 METs/week, 3-<9 METs/week,
9-<19 METs/week, 18-<27 METs/week, 27+
METs/week), alcohol intake, (<2 drinks versus 2+
drinks), and diet (frequency of fruit and vegetable
consumption).
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Statistical analysis
In primary analyses, we considered optimism as a
continuous standardized variable, where associations
represent the change in DNAm age as a function of a 1
standard deviation increase in optimism, and also
evaluated optimism categorized into quartiles (based on
the sample-specific distribution of scores). All models
were run separately within each cohort. Several sets of
models were tested using ordinary least square
regression. The first model did not adjust for any
covariates. The second model added basic potential
confounders including race, education, income, marital
status, chronic conditions, and depression. A third
model further added variables that could be potential
confounders or intermediates including physical
activity, smoking, BMI, diet, and alcohol consumption.
We conducted several secondary analyses. First, to test
potential residual confounding due to depression, we
excluded those with high levels of depressive
symptoms. Second, to evaluate whether associations
differed by the optimism or pessimism subscale, we
separately evaluated these two subscales. Third, to
evaluate the consistency of results across different
measures of optimism, we conducted analyses in NAS
using the PSM-R instead of the LOT. Fourth, In WHI
we conducted stratified analyses in Black and White
women. Fifth, we evaluated findings after adding to our
sample 736 WHI women who had blood draws after the
baseline assessment, and who did not have full
covariate data. Finally, to evaluate potential confounding caused by case-control status (CHD-no CHD
over follow-up), WHI observational study membership,
or clinical trial membership (hormone therapy (HT),
dietary modification (DM), or calcium and Vitamin D
supplementation (CaD)), we adjusted for all of these
factors in the WHI cohort.
All analyses were completed using Stata (StataCorp.
2017. Stata Statistical Software: Release 15.0. College
Station, TX: StataCorp LP) or R 3.4.1 (R Core Team
(2017). R Foundation for Statistical Computing,
Vienna, Austria).
Ethics Approval
For WHI, institutional review board approval was
obtained at each clinical center and all participants
provided written informed consent. For NAS,
participants provided written informed consent to the
VA Institutional Review Board.
Availability of Data and Materials
The data that support the findings of this study are
available upon reasonable request to Ron Spiro
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(aspiro3@bu.edu) for NAS data. Details regarding
access to all WHI data are available at:
https://www.whi.org/researchers/data/Pages/Home.aspx.
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SUPPLEMENTARY MATERIAL
Table S1. Characteristics of Women’s Health Initiative participants at baseline (n=3,298).
Optimism Score
Quartile 1

Quartile 2

Quartile 3

Quartile 4

(n = 1,004)

(n = 809)

(n = 732)

(n = 753)

63.4 (7.2)

63.8 (7.0)

64.0 (7.0)

63.2 (7.2)

White

43.7

51.6

57.1

51.9

Black / African-American

28.1

28.4

27.2

33.2

Hispanic / Latino

23.7

16.7

13.0

12.4

Other

4.5

3.3

2.7

2.5

0

0

0

0

50.6

59.8

56.8

57.2

Divorced or single

25.0

20.0

20.9

23.5

Widowed

23.4

19.7

21.7

19.0

Missing

1.0

0.5

0.6

0.3

Less than high school

32.4

24.2

23.4

14.6

High school graduate

22.2

20.0

17.5

13.9

Some college or associate degree

24.0

24.7

26.1

28.7

College or more

20.5

30.2

32.5

41.8

Missing

0.9

0.9

0.6

0.9

Less than $20,000

35.2

25.0

22.1

17.4

$20,000 to $49,999

41.7

45.2

43.7

44.5

$50,000 to $74,999

9.1

14.8

20.2

16.2

$75,000 or more

6.6

9.2

10.5

15.7

Missing

7.5

5.8

3.4

6.2

Not depressed

73.5

90.2

90.6

93.4

Depressed

20.3

7.2

7.0

4.0

Missing

6.2

2.6

2.5

2.7

36.7

36.7

37.2

39.8

Characteristic
Demographic Factors
Mean Age (SD)
Race/Ethnicity (%)

Missing
Marital Status (%)
Marriage or marriage-like
relationship

Education (%)

Income (%)

Health Factors
Depressed (%)*

Chronic Condition (%**)
No chronic condition
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Chronic condition

52.1

52.0

49.5

49.4

Missing

11.3

11.3

13.4

10.8

Never smoker

52.5

53.2

49.5

52.6

Past smoker

34.7

36.6

41.4

37.3

Current smoker

12.1

8.2

7.9

8.6

Missing

0.8

2.1

1.2

1.5

<3.0

41.6

32.6

32.8

32.3

3.0-8.99

23.5

24.0

21.5

22.7

9.0-17.99

14.4

19.0

18.9

19.5

18.0-26.99

7.1

7.5

8.9

9.4

≥27

6.4

9.9

8.7

9.7

Missing

7.0

6.9

9.3

6.4

63.6 (11.5)

65.7 (11.3)

64.7 (11.7)

65.7 (11.2)

Non drinker

42.2

36.2

35.0

36.3

Current drinker

57.1

62.8

64.1

63.4

Missing

0.7

1.0

1.0

0.4

Normal (<24.9)

19.6

22.3

25.7

24.0

Overweight (25.0-29.9)

35.6

35.5

33.5

32.3

Obese (≥30.0)

44.3

41.5

40.6

42.6

Missing

0.5

0.7

0.3

1.1

Health Behaviors
Smoking (%)

Physical activity level (METS/week; %)

Mean Diet (Healthy Eating Index; SD)
Current drinker (%)

Body Mass Index (%)

Notes- *Depressive symptoms were measured using the Burnam Screening Algorithm, a questionnaire that includes 6 items
from the Center for Epidemiologic Studies Depression Scale (CES-D) and two from the Diagnostic Interview Scale (DIS), with a
cutoff of ≥0.06 indicating depression
**Chronic conditions include: 1) hypertension, 2) high cholesterol, 3) cardiovascular disease, 4) diabetes, 5) stroke, 6) cancer
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Table S2. Characteristics of Normative Age Study (NAS) participants at baseline (n=514).
Optimism Score
Quartile 1

Quartile 2

Quartile 3

Quartile 4

(n = 129)

(n = 128)

(n = 128)

(n = 129)

72.9 (6.6)

72.3 (6.7)

72.8 (6.7)

73.2 (6.4)

White

99.2

100

99.2

99.2

Black / African-American

0.8

0

0

0.8

Hispanic / Latino

0

0

0.8

0

Other

0

0

0

0

Missing

0

0

0

0

Marriage or marriage-like relationship

73.6

75.8

78.9

74.4

Divorced or single

16.3

12.5

11.7

15.5

Widowed

9.3

10.2

8.6

10.1

Missing

0.8

1.6

0.8

0

Less than high school

5.4

6.2

1.6

2.3

High school graduate

20.9

19.5

20.3

20.9

Some college or associate degree

24.8

13.3

16.4

16.3

College or more

27.9

34.4

37.5

39.5

Missing

20.9

26.6

24.2

20.9

Less than $60,000

29.5

30.5

23.4

26.4

$60,000 to $69,999

19.4

20.3

19.5

19.4

$70,000 to $89,999

21.7

21.9

14.1

25.6

$90,000 or more

25.6

26.6

43.0

27.9

0

0

0

0

3.9

0.8

0

0.8

Not depressed

68.2

89.8

84.4

96.1

Depressed

28.7

7.0

10.9

0.8

Missing

3.1

3.1

4.7

3.1

No chronic condition

48.1

59.4

59.4

64.3

Chronic condition

51.9

40.6

40.6

35.7

Characteristic
Demographic Factors
Mean Age (SD)
Race/Ethnicity (%)

Marital Status (%)

Education (%)

Income (%)

Don’t know
Missing
Health Factors
Depressed (%)*

Chronic Condition (%**)

www.aging-us.com

4987

AGING

Missing

0.0

0.0

0.0

0.0

Never smoker

28.7

35.9

25.0

33.3

Past smoker

69.0

58.6

72.7

62.8

Current smoker

2.3

5.5

2.3

3.9

0

0

0

0

38

19.5

30.5

19.4

3.0-8.99

27.1

36.7

32.0

29.5

9.0-17.99

20.2

12.5

14.1

19.4

18.0-26.99

4.7

10.9

10.2

10.1

≥27

10.1

19.5

13.3

21.7

0

0.8

0

0

Mean Fruit Intake (SD)

2.6 (1.8)

2.4 (1.5)

2.8 (1.7)

2.5 (1.6)

Mean Vegetable Intake (SD)

3.1 (1.9)

3.3 (2.2)

3.6 (2.4)

3.5 (2)

Non drinker

29.5

27.3

22.7

19.4

Current drinker

69.8

68.8

75.0

79.8

Missing

0.8

3.9

2.3

0.8

Normal (<24.9)

16.3

20.3

20.3

21.7

Overweight (25.0-29.9)

50.4

55.5

50.0

56.6

Obese (≥30.0)

33.3

24.2

29.7

21.7

0

0

0

0

Health Behaviors
Smoking (%)

Missing
Physical activity level (METS/week; %)
<3.0

Missing

Current drinker (%)

Body Mass Index (%)

Missing

Notes- *Depressive symptoms were measured using the Brief Symptom Inventory (BSI), with a cutoff of ≥0.638 indicating
depression
**Chronic conditions include: 1) cardiovascular disease, 2) diabetes, 3) stroke, 4) cancer
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Table S3. Mean differences (Regression Coefficients) for association between optimism and DNA methylation
age in Women’s Health Inititative, after excluding women with depression (n=2,834)*
Optimism
Continuous
Outcome

Quartile 1

Quartile 2

Quartile 3

Quartile 4

(n = 738)

(n = 730)

(n = 663)

(n = 703)

-0.02 (-0.21, 0.18)

Ref.

-0.24 (-0.75, 0.27)

-0.21 (-0.73, 0.32)

-0.05 (-0.57, 0.48)

0.00 (-0.25, 0.24)

Ref.

0-.10 (-0.73, 0.53)

-0.43 (-1.09, 0.22)

-0.06 (-0.71, 0.59)

Optimism Score

b

Horvath Clock Score (IEAA)
Confounders Modelc
Hannum Clock Score (EEAA)
Confounders Modelc

Notes- *All models adjusted for WHI substudy (EMPC or BAA23)
**Per 1 SD increase in LOT-R score

Table S4. Mean differences (Regression Coefficients) for association between optimism and DNA methylation
age in Normative Age Study (NAS), after excluding men with depression (n=435).
Optimism
Continuous
Outcome

Optimism Score

a

Quartile 1

Quartile 2

Quartile 3

Quartile 4

(n = 88)

(n = 115)

(n = 108)

(n = 124)

Horvath Clock Score (IEAA)
Confounders Modelb

-0.06 (-0.61, 0.48)

Ref.

0.18 (-1.18, 1.55)

0.31 (-1.03, 1.66)

0.37 (-1.26, 2.00)

-0.26 (-0.94, 0.43)

Ref.

0.28 (-1.64, 2.20)

-1.12 (-2.98, 0.74)

0.52 (-1.32, 2.36)

Hannum Clock Score (EEAA)
Confounders Modelb

Notes- *Per 1 SD increase in LOT score
**Confounders model adjusts for: race, education, income, marital status, chronic conditions, depression
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ABSTRACT
The human pan-tissue epigenetic clock is widely used for estimating age across the entire lifespan, but it does
not lend itself well to estimating gestational age (GA) based on placental DNAm methylation (DNAm) data. We
replicate previous findings demonstrating a strong correlation between GA and genome-wide DNAm changes.
Using substantially more DNAm arrays (n=1,102 in the training set) than a previous study, we present three
new placental epigenetic clocks: 1) a robust placental clock (RPC) which is unaffected by common pregnancy
complications (e.g., gestational diabetes, preeclampsia), 2) a control placental clock (CPC) constructed using
placental samples from pregnancies without known placental pathology, and 3) a refined RPC for
uncomplicated term pregnancies. These placental clocks are highly accurate estimators of GA based on
placental tissue; e.g., predicted GA based on RPC is highly correlated with actual GA (r>0.95 in test data, median
error less than one week). We show that epigenetic clocks derived from cord blood or other tissues do not
accurately estimate GA in placental samples. While fundamentally different from Horvath’s pan-tissue epigenetic
clock, placental clocks closely track fetal age during development and may have interesting applications.
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INTRODUCTION
Gestational age (GA) of the fetus is used to forecast the
date of delivery, optimize prenatal care, and monitor the
growth and development of the fetus relative to other
pregnancies. Short GA at delivery impacts neonatal
morbidity and mortality [1-3], as well as brain
development [4-6]. Thus, accurate classification of the
fetus may help predict neonatal risk. In this regard, the
World Health Organization defined extremely preterm
(<28 weeks of gestation), very preterm (28-32 weeks of
gestation) and moderate or late preterm (32-37 weeks of
gestation) birth to reflect the newborn’s developmental
stage [7].
Traditional methods for estimating GA include early
obstetric ultrasound measures or calculations based on
the last menstrual period (LMP) [8]. The early ultrasound
method estimates GA based on the visible fetal size (e.g.,
crown-rump length during the first trimester [9-11] or
biparietal diameter after the second trimester [12-15]).
The LMP method calculates GA based on the time
elapsed since the known first day of the LMP. The early
ultrasound method is widely accepted as the gold
standard due to its higher accuracy [16] but is not
routinely available in low and middle-income countries.
More accurate classification of GA at birth may help
predict neonatal risk for adverse outcomes and measure
GA more accurately than through the assessment of
physical and neurological features of the newborn,
especially when early ultrasound measures are lacking,
or the infant is growth-restricted but not preterm.
Here, we aim to develop a new molecular estimator of
GA based on placental tissue samples that is more
accurate than the previous clock [17]. Earlier studies
have revealed profound molecular changes in placental
chorionic villi, the placental structures that project into
maternal decidua and are bathed in maternal blood,
during gestation [18-22]. We focus on placental DNA
methylation (DNAm) data, because prior work
demonstrated that accurate estimators of chronological
age (epigenetic clocks) can be developed based on
DNAm levels from a variety of tissues [23], that one
can estimate GA based on DNAm data derived from
umbilical cord blood samples [24, 25], and most
pertinently that one can estimate GA based on placental
methylation data (Mayne et al. 2017) [17]. Our study
provides more accurate placenta-based GA estimators
(i.e., placental epigenetic clocks) than those developed
previously, because we use a substantially larger sample
for our training set (more than six times larger than that
of Mayne et al. 2017). We aim to develop three
different placental epigenetic clocks: 1) a “robust
placental clock” (RPC) that is largely unaffected by
pregnancy conditions (e.g., preeclampsia, gestational
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diabetes, and trisomy), 2) a “control placental clock”
(CPC), tailor-made for measuring GA in normal
pregnancies, and 3) a “refined RPC”, trained for
uncomplicated term (GA>36) pregnancies. For the
RPC, we purposely included placental samples from a
variety of pregnancy complications in the training data
(e.g., hypertension or diabetes) as well as congenital
abnormalities (e.g., trisomy 13, 18 and 21).

RESULTS
Placental DNA methylation data
We downloaded publicly available DNAm data from
Gene Expression Omnibus (GEO, https://www.ncbi.
nlm.nih.gov/geo/; Table 1) that assessed DNAm levels in
placental tissues. Eighteen datasets used the Illumina
HumanMethylation 450K BeadChip (450K) platform
and one used the more recent Illumina Methylation
EPIC BeadChip (EPIC) array. Our analyses focused on
the 441,870 autosomal CpG probes that are shared
between the two Illumina platforms such that the
resulting GA estimators (RPC and CPC) would be
applicable to data from both platforms.
Robust placental clock (RPC)
An overview of our analysis is presented in Figure 1.
We developed the RPC using several placental DNAm
datasets (training n=1,102, Table 1, Figure 1). We
regressed GA (dependent variable) on DNAm levels of
CpG sites using a penalized regression model (elastic
net regression [26]). The elastic net regression model
automatically selected 558 CpG sites for the RPC model
(Supplementary File 1). Predicted GA is a weighted
average of DNAm levels at these 558 CpGs, where the
weights are the regression coefficients.
Figure 2 shows the results of a comparison between the
RPC and the placental clock from Mayne et al. (2017)
in independent test data (test n=187, Table 1). The
predictive accuracy of the placental clocks was
quantified using the median absolute error (MAE,
defined as the median absolute deviation between
predicted GA and observed GA), and the degree of the
linear association between predicted GA and observed
GA was measured using the Pearson correlation
coefficient (r). According to both measures, the RPC
(MAE=0.96 weeks; 95% confidence interval (CI) [0.88,
1.19], r=0.99; 95% CI [0.98, 0.99]) outperformed
Mayne’s placental clock (MAE=2.63 weeks; 95% CI
[2.17, 3.01], r=0.94; 95% CI [0.92, 0.96]). Note that
Mayne’s placental clock underestimated GA in two data
sets: GSE73375 (green dots) and GSE75196 (blue dots),
and overestimated GA in two other data sets:
GSE66210 (black) and GSE70453 (red).
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Table 1. Description of the publicly available placental DNAm data.
GEO
Number

Placental tissue type

GEO submitter

N

Platform

Normalization
method

Probe exclusion
criteria11

GA
range
(weeks)

Fetal side, near the cord
insertion
Fetal side
Fetal side, near the cord
insertion
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, chorionic villi
Fetal side, near the cord
insertion
Fetal side

Marsit et al.

343

450K2

funNorm4

SC, CH, SNP, DP

30-42

Marsit et al.
Marsit et al.

334
44

450K2
450K2

funNorm4
noob5

SC, CH, SNP, DP
SC, CH, SNP, DP

37-42
37-41

Robinson et al.
Robinson et al.
Robinson et al.
Robinson et al.
Robinson et al.
Robinson et al.
Robinson et al.
Robinson et al.
Weksberg et al.

121
16
7
7
8
44
27
13
4
86

450K2
450K2
450K2
450K2
450K2
EPIC3
450K2
450K2
450K2
450K2

funNorm4
SWAN6
SWAN6
SWAN6
SWAN6
funNorm4
SWAN6
SWAN6
SWAN6
GenomeStudioNorm7

SC
SC, SNP, DP, MB
SC, CH, SNP, DP, BR
SC, CH, SNP, DP, BR
SC, CH, SNP, DP, BR
SC, CH, SNP, DP, BR
SC, SNP, DP, MB
SC, SNP, DP
SC, SNP, DP
SC, SNP, DP

14-42
26-39
29-38
16-24
6-13
28-37
25-37
5-39
26-33
35-41

Cox et al.

48

450K2

SWAN6

SC, SNP, DP, MB

27-41

Maternal side, decidua
near the cord
Fetal side
Fetal side
Fetal side, chorionic villi
Fetal side, chorionic villi

Binder et al.

82

450K2

BMIQ8

SC, CR, SNP

35-42

Fry et al.
Chiu et al.
Slieker et al.
Bojesen et al.

36
24
4
41

450K2
450K2
450K2
450K2

quanNorm9
dasen10
funNorm4
GenomeStudioNorm7

DP
SC, SNP, DP, BR
SC, SNP, DP, BR
-

22-41
32-40
9-22
11-15

Training data
GSE71678
GSE75248
GSE71719
RL1
GSE100197
GSE108567
GSE69502
GSE74738
GSE115508
GSE44667
GSE49343
GSE42409
GSE120250
GSE98224
Test data
GSE70453
GSE73375
GSE75196
GSE76641
GSE66210

Placental DNAm data generated from the Robinson laboratory at the University of British Columbia (Vancouver, BC, Canada);
The data for which is publicly available as part of the GEO data sets listed below.
2
450K: Illumina Infinium HumanMethylation450 BeadChip
3
EPIC: Infinium MethylationEPIC BeadChip
4
funNorm: Functional normalization [27]
5
noob: Normal-exponential out-of-band [29]
6
SWAN: Subset-quantile within array normalization [28]
7
GenomeStudioNorm: Genome Studio normalization
(details available in the GenomeStudio Methylation Module v1.8 User Guide, https://www.illumina.com/content/dam/illuminasupport/documents/documentation/software_documentation/genomestudio/genomestudio-2011-1/genomestudio-methylation-v1-8user-guide-11319130-b.pdf)
8
BMIQ: Beta-mixture quantile dilation [30]
9
quanNorm: Quantile normalization [31, 32]
10
dasen: Data-driven separate normalization [33]
11
Probe exclusion criteria
SC: Sex chromosome, CH: Cross-hybridizing, SNP: Single nucleotide polymorphism, DP: Detection P-value < 0.01, MB: Missing beta > 5%,
and BR: Bead replicates < 3.
1
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Figure 1. Flow chart of the RPC development.

The advantage of the RPC is particularly pronounced in
later gestation, e.g., when restricting the analysis to
placental samples with GA > 25 weeks, the RPC
(MAE=0.89 [0.73, 1.02], r=0.82 [0.76, 0.87]) greatly
outperforms Mayne's clock (MAE=2.25 [1.9, 2.63],
r=0.61 [0.05,0.71], Figure 2C and 2D).
As expected by its construction, the RPC predicted GA
accurately even in placental samples with adverse
pregnancy conditions such as preeclampsia, gestational
diabetes, and trisomy 13, 18 or 21 (Supplementary
Figure S1). However, Mayne’s placental clock
underestimated GA in placental samples from preeclampsia cases and overestimated GA in cases of
gestational diabetes and trisomy (Supplementary Figure
S1). In case of trisomy, the RPC (MAE=2.26 [1.63,
2.88], r=0.12 [-0.25, 0.46]) was more accurate than
Mayne’s clock (MAE=3.99 [3.35, 5.4], r=0.02 [-0.34,
0.39]) but still showed a slight overestimation. The
RPC's GA estimate was not associated with fetal sex
(Supplementary Figure S2). We could not evaluate the
effect of ethnicity because our test data did not include
ethnic information except for GSE73375 (n=36,
Supplementary Figure S3).
The training data used in the construction of the RPC
employed several different normalization methods:
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functional normalization (funNorm, [27]), subsetquantiles within arrays (SWAN, [28]) and the normalexponential out-of-band (noob, [29]) approach. This
lack of uniformity in normalization methods in the
training data has a statistical advantage: it makes it
more likely that the RPC will be robust with respect to
different normalization methods. In support of this, we
found that the RPC validated in test data that were
normalized using various methods: beta-mixture
quantile dilation (BMIQ, [30]), quantile normalization
(quanNorm, [31, 32]), data-driven separate normalization (dasen, [33]) as detailed in Table 1.
Control placental clock (CPC)
We trained the CPC on placental samples (training
n=963, Table 1) that had been designated as "control"
samples. Hence, placental samples with higher GA were
probably from relatively normal pregnancies. However,
placental samples with lower GA might contain samples
that would be considered abnormal (i.e., premature
rupture of membranes, spontaneous premature labor)
but minimal placental pathology relative to preeclampsia cases. The analysis flow was identical as for
the RPC, except for the composition of the training and
test sets (Supplementary Figure S4). The elastic net
regression model used for the CPC automatically
selected 546 CpG sites (Supplementary File 1).

AGING

Figure 2. Gestational age estimation of the RPC and Mayne et al. (2017)’s placental clock. (A) Scatter plot between
observed GA and DNAm-predicted GA (RPC) across all trimesters. (B) Scatter plot between observed GA and DNAm-predicted GA
(Mayne et al. 2017) across all trimesters. (C) Zoom-in on panel A restricting GA > 25 weeks. (D) Zoom-in on panel B restricting GA
> 25 weeks.

To assess whether adverse pregnancy conditions
influence the epigenetic GA estimate, we applied the
CPC to placental samples associated with chromosomal
abnormalities (confined placental mosaicism, diandric
triploidy, trisomy 13, 16, 18 and 21), neural tube defects
(anencephaly and spinal bifida), intrauterine growth
restriction, maternal complications (gestational diabetes
and preeclampsia), and chorioamnionitis (test, n=326).
Interestingly, the CPC accurately predicted the GA of
fetuses with the above-mentioned conditions
(MAE=1.02, r=0.98, Figure 3A) even though the CPC
was constructed using unaffected control samples only.
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To test whether pregnancy conditions are associated
with faster/slower epigenetic aging, we used epigenetic
measures of GA acceleration that were formally defined
as raw residuals resulting from regressing the DNAm
GA estimate on observed GA. By definition, this
residual-based measure of GA acceleration is not
correlated with true GA (r=0). GA acceleration did not
significantly deviate from zero for any pregnancy
conditions mentioned above (Figure 3B), but we
acknowledge the small sample sizes for diandric
triploidy (n=3) and trisomy 16 (n=3). When restricting
the analysis to placental samples from the first
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trimester (weeks 1 to 12), we found the CPC’s GA
estimates to be slightly inaccurate, which was due to
the small training set (only n=7 fetuses with GA < 12
weeks).
Refined robust placental clock for uncomplicated
term pregnancies
For researchers who are particularly interested in
uncomplicated term pregnancies, we also developed a
second version of the RPC using placental samples from
"uncomplicated term” pregnancies (defined as GA > 36

weeks) without any known pregnancy condition.
Toward this end, we selected "uncomplicated" term
placental samples (n=733) from the training set used for
the original RPC. Further, we restricted the penalized
regression model analysis to the 558 CpGs that make up
the original RPC. The penalized regression model
automatically selected 395 CpG sites out of the 558
sites (Supplementary File 1). We find that the "refined"
RPC for uncomplicated term pregnancies leads to
highly accurate GA estimates (MAE=1.49, r=0.98,
Figure 4A) in the RPC’s test set (n=187).

Figure 3. Effect of pregnancy condition on the GA estimate by CPC. (A) Scatter plot between GA and DNAm-predicted
GA (CPC) across all trimesters. (B) Violin plot of GA acceleration (standardized residual) for each pregnancy condition.

Figure 4. Gestational age estimation by the refined RPC and the RPC. (A) Scatter plot between observed GA and DNAmpredicted GA (by the refined RPC) – all samples from the RPC’s test data (n=187). (B) Scatter plot between observed GA and DNAmpredicted GA (by the refined RPC) - uncomplicated term samples from the RPC’s test data (n=69). (C) Scatter plot between observed GA
and DNAm-predicted GA (by the RPC) - uncomplicated term samples from the RPC’s test data (n=69).
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Evaluating other epigenetic clocks
Using RPC’s test data (n=187), we found that
previously published epigenetic clocks derived from
cord blood samples or other tissues do not apply to the
estimation of GA based on placental samples.
No significant correlation between GA and predicted
DNAm age could be observed for clocks by Hannum
(2013) [34], Horvath (2013) [23], Levine (2018) [35],
and Horvath (2018) [36] (Supplementary Figure S5).
However, the DNAm age estimate is close to zero for
Horvath’s pan-tissue clock and the more recently
developed Skin & Blood clock. Similarly, GA
estimators for cord blood (Bohlin's cord blood clock
[24], Knight’s cord blood clock [25]) failed to accurately predict GA in placental samples (Supplementary
Figure S6). Overall, these studies demonstrate that the
placenta is quite distinct from other tissues

regarding the development and application of DNAm
based age estimators.
Fetal sex-classifier based on DNAm
Several GEO datasets did not report fetal sex (e.g.,
GSE70453, GSE73375 and GSE76641) and CpGs
present on sex chromosomes. Therefore, we developed
a fetal sex-classifier based RPC’s training data
(n=1,102) using CpGs that are present on autosomes.
Toward this end, we regressed fetal sex (binary
outcome) on 441,870 autosomal CpG sites using an
elastic net implemented in the glmnet R package [37].
The elastic net automatically selected 220 autosomal
CpG sites. The classification accuracy was 100% for the
placental test data from GSE75196 (n=24).
Interestingly, the placental sex classifier turns out to be
highly accurate, when applied to blood-based DNAm
data from adults (e.g., an accuracy of 96% in the data

Figure 5. Results of EWAS and potential confounding between DNA methylation and gestational age due to selection
bias. (A) Scatter plots between Z scores from controls and Z scores from preeclampsia. (B) The depicted minimal causal diagram under

the null hypothesis of no effect of GA on DNAm. Here, the pregnancy condition (preeclampsia) would induce a spurious association
between DNAm and GA, because preeclampsia could prompt earlier delivery (shorter GA) and influence DNAm. Note that the association
between GA and DNAm is not due to a direct causal relationship between DNAm and GA. Rather, the association is confounded by
preeclampsia. If the selection criteria differ substantially across studies, the placental clock models may not perform well. (C) EWAS
Manhattan plot of GA.
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from the Framingham Heart Study, n=2,356). As the
sex of the fetus is typically identical to the sex of its
placenta (except for rare cases of chimerism or sexchromosome mosaicism), the sex-classifier was used to
impute fetal sex in GSE66210, GSE70453, GSE73375
and GSE76641.

Among these sites, 5,940 were in CpGs islands, 262
were in the north shelf, 1,165 in the north shore, 241 in
the south shelf, and 902 in the south shore. The top
four genes with the largest number of significant CpG
sites were MAD1L1 (17 CpGs), BRD2 (13 CpGs),
INPP5A (12 CpGs) and RPTOR (9 CpGs). The top 25
CpG sites and their nearest gene(s) are reported in
Table 2.

Epigenome-wide association studies of gestational
age

The RPC had 36 epigenome-wide significant (P<1E-07)
CpG sites, the CPC had 39, and the refined RPC had 32.

We briefly report the results from an epigenome-wide
association study (EWAS) of GA to demonstrate the
profound effect of GA on placental DNAm levels. To
protect against confounding by preeclampsia, we
conducted EWAS in two separate strata: first, for
placental samples from control pregnancies (n=831);
second, for placental samples from pregnancies with
preeclampsia (n=70). We combined the summary
statistics from the two EWAS using Stouffer's method
for meta-analysis [38]. The two EWAS summary
statistics presented consistent DNAm-GA correlations
across 441,870 autosomal CpGs (Figure 5A).

DISCUSSION
Using the largest placental training set to date
(n=1,102), we developed highly robust molecular
estimators of GA. The robust placental epigenetic clock
(RPC) is expected to perform well, even when applied
to cases with adverse fetal outcomes or pregnancy
complications. We developed this clock using a
placenta-based training set that included several adverse
conditions, including chromosomal abnormalities
(trisomy and triploidy), neural tube defects (anencephaly and spinal bifida), intrauterine growth
restriction, maternal complications (gestational diabetes
and preeclampsia), and chorioamnionitis.

Strikingly, 10,827 CpG sites exhibit a genome-wide
significant correlation with GA (P<1E-07; Figure 5C,
Supplementary File 2).

Table 2. The top 25 CpG sites associated with GA.
CpG
cg23034799
cg03418552
cg21155609
cg27339550
cg20025003
cg02215898
cg11544721
cg01152986
cg08757742
cg26662656
cg13458335
cg20630277
cg21908248
cg26940573
cg13242525
cg13512138
cg05569874
cg21060796
cg01103597
cg12799981
cg12888127
cg03366925
cg19599862
cg16449659
cg27006129

Gene
CADM1
CADM1
FAM167B
ZNF853
TFCP2L1
CETN3
SETD6;SETD6
RASGRF2
BMP8B
MRPL23
PPP1R15B
ZNF566
FAM86C
CHID1
SEMA4B
LAYN
RUNX3
ASCC1;C10orf104
KNTC1;RSRC2
GLI3
ZNF226
TIGD4;ARFIP1
ZNF114
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Chr
11
11
1
7
2
6
5
16
5
15
1
11
1
19
11
11
15
11
1
10
12
7
19
4
19

Relation to
UCSC
CpG Island
Island
Island
N_Shore
Island
Island
Island
Island
Island
Island
N_Shelf
Island
Island
Island
Island
Island
Island
Island
Island
N_Shore
Island
Island
S_Shore
N_Shore

UCSC
RefGene
Group
TSS200
TSS200
1stExon
TSS1500
TSS200
Body
TSS200
TSS200
TSS1500
Body
1stExon
1stExon;5'UTR;TSS200
TSS1500
5'UTR
5'UTR;1stExon
Body
Body
1stExon;5'UTR;TSS1500
TSS1500;TSS200
TSS1500
1stExon;5'UTR
TSS1500;5'UTR
TSS1500
4245

Meta Z (P)
(n=901)
-11.4 (7E-30)
-10.1 (6E-24)
11. (3E-28)
-10.9 (7E-28)
-10.8 (4E-27)
-10.6 (3E-26)
-10.5 (5E-26)
-10.5 (5E-26)
-10.5 (6E-26)
10.5 (1E-25)
-10.1 (6E-24)
-10. (1E-23)
-10. (1E-23)
-10. (1E-23)
-10. (1E-23)
-10. (2E-23)
-10. (2E-23)
-10. (2E-23)
9.9 (3E-23)
-9.9 (7E-23)
-9.9 (7E-23)
-9.8 (1E-22)
-9.8 (1E-22)
-9.7 (2E-22)
-9.7 (3E-22)

Z (P) of
Control
(n=831)
-10.3 (6E-23)
-9.4 (8E-20)
10.2 (1E-22)
-9.2 (4E-19)
-9.5 (6E-20)
-10.1 (2E-22)
-10. (4E-22)
-9.7 (7E-21)
-9.2 (6E-19)
8.2 (1E-15)
-9. (2E-18)
-9. (2E-18)
-9. (4E-18)
-8.8 (9E-18)
-8.2 (2E-15)
-8.8 (1E-17)
-9.3 (2E-19)
-8.5 (1E-16)
8.5 (1E-16)
-9.4 (1E-19)
-9.2 (4E-19)
-8.5 (1E-16)
-8.2 (1E-15)
-9.1 (1E-18)
-7.9 (1E-14)

Z (P) of
Preeclampsia
(n=70)
-4.9 (2E-06)
-3.9 (2E-04)
4.4 (2E-05)
-5.9 (1E-08)
-5.2 (6E-07)
-3.7 (3E-04)
-3.7 (3E-04)
-4.2 (4E-05)
-5.2 (6E-07)
6.7 (2E-10)
-4.6 (8E-06)
-4.4 (2E-05)
-4.5 (1E-05)
-4.7 (5E-06)
-5.9 (2E-08)
-4.7 (4E-06)
-3.8 (2E-04)
-5.2 (6E-07)
5.1 (7E-07)
-3.4 (7E-04)
-3.7 (3E-04)
-4.9 (2E-06)
-5.4 (2E-07)
-3.7 (3E-04)
-5.7 (3E-08)
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In contrast, the only other published placental clock by
Mayne and colleagues was trained on a small training
set (n=170). In our independent test set (n=187),
Mayne’s clock under/overestimated GA according to
pregnancy conditions. (Supplementary Figure S1).
These systematic deviations from Mayne's clock might
reflect interesting biological effects or technical artifacts
(batch effects, normalization methods). Another
potential limitation of Mayne’s clock is that the authors
limited the eligible CpG sites to the approxi-mately
18,437 autosomal sites on the 27K and 450K bead
chips. This might explain why the Mayne’s clock uses
only 62 CpG sites, whereas our RPC uses 558.
To infer biological processes under the 558 and 546
CpG sites, we conducted functional gene enrichment
analyses using the Genomic Regions Enrichment of
Annotation Tool (GREAT, v.3.0, [39]). However, we
did not find any significant biological annotations
associated with fetal aging. Elastic net regressions
automatically select predictive CpG sites of gestational
age (GA), but these CpG sites are not always biologically meaningful.
Our study had several limitations. First, the "observed"
GA used for building these epigenetic clocks were
estimated either by early pregnancy ultrasound or the
LMP method. Although early pregnancy ultrasound
based on fetal growth is the gold standard in a clinical
setting, it is susceptible to variations in fetal size and
leads to a systematic underestimation of GA in smaller
fetuses [40-42].
There is also a concern that some of the training sets
might be subject to systematic confounding due to
adverse pregnancy conditions, as is the case for
preeclampsia (Figure 5B). GA tends to be overestimated
for placentas linked to preeclampsia, which is consistent
with the associated pathology of advanced villous
maturation, as well as previous reports of molecular
signs of advanced aging [17, 43]. In this hypothetical
example, preeclampsia confounds the association
between placental DNAm and GA (Figure 5B, [44-46]).
However, this type of confounding probably does not
affect our placental clocks for the following reasons.
First, the CPC for control samples and the refined RPC
for uncomplicated term samples also accurately
predicted GA even in pregnancies with known
complications. Second, our EWAS of GA reveals profound associations between GA and DNA methylation
levels even after stratifying the analysis by preeclampsia.
Moreover, it is possible that the RPC and the CPC
might not perform well in case of non-live births,
because the proportion of non-live births was extremely
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small amongst the third trimester samples in the training
datasets, while unavoidably all first and second
trimester samples are non-live births. In addition, it has
been suggested that gravidity or parity may change
placental physiology (e.g., higher placental weight
associated with higher parity [47]) and therefore might
modify the relationship between the placental epigenome and GA.
The clinical application of the RPC might be limited,
because obtaining placental samples during pregnancy
is highly invasive (e.g., chorionic villus sampling [48,
49]). However, the existence of a predictive placental
clock – the RPC – opens the possibility to develop
another epigenetic clock based on cell-free fetal DNA
(cffDNA). cffDNA is fragmented from placenta
trophoblasts [50, 51], and circulates in maternal blood
during pregnancy [52]. If the development of a cffDNA
clock is successful, clinicians readily estimate GA
simply by collecting and analyzing maternal blood
anytime during pregnancy.

METHODS
Study population
We collected publicly available data from Gene
Expression Omnibus (GEO) using the GEOparse
Python package (Python 3.6.5: Anaconda, Inc.). Table 1
details each dataset. GSE71678 examined the
correlation between placental DNAm and arsenic
exposures in the New Hampshire Birth Cohort Study
[53]. GSE75248 examined placental DNAm in relation
to newborns’ neurobehavioral outcomes [54].
GSE71719 studied the association between DNA
hydroxymethylation and gene expression using
placental samples [55]. The Robinson laboratory (RL)
at the University of British Columbia (Vancouver, BC,
Canada) transferred placental DNAm data that are
publicly available in the GEO database. GSE100197
and GSE98224 were studies that aimed to find placental
DNAm profiles for preeclampsia and intrauterine
growth restriction in women recruited at the University
of British Columbia Women’s and Children’s Hospital
(Vancouver, Canada) and at Mount Sinai Hospital
(Toronto, Canada), respectively [56]. GSE108567
investigated batch effects in DNAm micro array data
[57]. GSE69502 explored DNAm patterns in multitissue samples (placental chorionic villi, kidney, spinal
cord, brain, and muscle) from fetuses that were aborted
due to neural tube defects [58]. GSE74738 aimed to
identify differentially-methylated imprinted regions
using a genome-wide approach [59]. GSE115508
compared DNAm patterns in cases of placental
inflammation (acute chorioamnionitis) with those in
unaffected controls [60]. GSE44667 studied the
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association between placental DNAm in gene enhancer
regions and early-onset preeclampsia [61]. GSE49343
investigated placental DNAm with trisomy and
preeclampsia [62]. GSE42409 enhanced probe annotation of Illumina HumanMethylation 450K BeadChip to
facilitate biologically meaningful data interpretation
[63]. GSE120250 examined the impact of assisted
reproductive technology on the placental DNA methylome [64]. GSE70453 conducted epigenome-wide and
transcriptome-wide analyses of gestational diabetes
[65]. GSE73375 examined DNAm in the preeclamptic
placenta in relation to the transforming growth factor
beta pathway [66]. GSE75196 studied different DNAm
patterns in patients with preeclampsia and unaffected
controls [67]. GSE76641 studied the transcriptional and
DNAm trajectory of 21 organs during fetal development
[68].
Measurement of DNA methylation
Either the Illumina Infinium HumanMethylation450
BeadChip or the Infinium MethylationEPIC BeadChip
was used to measure DNAm level at each CpG site. The
DNAm level (𝛽𝛽-value) was the ratio of two fluorescence signals (methylated and unmethylated). The minfi
R package [31] was used to preprocess all the DNAm
datasets except for GS2E115508 and GSE120250
(preprocessed by Illumina’s proprietary software,
Genome Studio). The preprocessing methods and probe
exclusion criteria differed across studies. For example,
Marsit and colleagues, the largest GEO submitter, used
the funNorm, whereas Robinson and colleagues mostly
used the funNorm or the SWAN (Table 1). Other GEO
submitters used the BMIQ, funNorm, quanNorm, dasen,
or noob. Most GEO submitters excluded probes on sexchromosomes, near single nucleotide polymorphisms,
with cross-hybridization or with a detection p-value >
0.01.
Pre-processing of DNA methylation data
We ensured that all samples were included only one
time in our training data. Some GEO datasets re-used
the same samples or included technical replicates. For
example, 154 samples were re-used in GSE100197,
GSE108567, GSE69502, GSE74738, GSE44667,
GSE49343 and RL data; and 15 technical replicates
were found in GSE100197 and RL data. The sample
size (N) in Table 1 refers to the counts after excluding
the re-used samples and replicates.
We detected and removed outliers using the following
steps: 1) we defined a gold standard DNAm profile as
the inter-sample median value. For each CpG, we
computed the median beta value across all placental
samples. 2) The gold standard was correlated with each
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placental sample to calculate the Pearson correlation
coefficient. 3) Placental samples were excluded if their
correlation with the gold standard profile was lower
than 0.9. Overall, only four putative outliers were
removed from the analysis.
Missing DNAm levels were imputed with the gold
standard DNAm levels. Thus, if the beta value of a CpG
was missing, the missing value was imputed with the
interpersonal median value across all samples. These
imputations were only implemented in the training data.
Elastic net regression of gestational age
We fit a penalized regression model using the “glmnet”
R package [37]. GA was regressed on 441,870 CpG
sites that are shared between the 450K and the EPIC
array. The glmnet mixing parameter alpha was set to 0.5
(specifying elastic net regression), and the shrinkage
parameter, lambda resulting in the minimum mean
square error, was chosen using 10-fold cross-validation
in the training data. The RPC automatically selected
558 CpG sites (lambda=0.0936), the CPC did 546 CpG
sites (lambda=0.0892), the refined RPC did 395 CpG
sites (lambda=0.0116), and the fetal sex-classifier did
220 CpGs (lambda=0.0073). The number of
overlapping CpGs between the RPC and CPC was 199.
Supplementary File 1 includes CpG sites and their
corresponding coefficients for the RPC, CPC, refined
RPC and fetal sex-classifier.
Epigenome-wide association study of gestational age
We used the R function "standardScreeningNumericTrait" from the weighted gene co-expression
network analysis R package (WGCNA; [69]) to carry
out a robust correlation test (based on the biweight
midcorrelation) between each CpG and GA. We
conducted two separate EWAS of GA: one in control
placental samples (n=831) and the other in placental
samples from preeclampsia cases (n=70). We computed
biweight midcorrelations between DNAm levels and
GA, and the corresponding Z statistics and p-values in
each stratum. The Z statistics of the two sets of EWAS
were combined using the weighted Stouffer’s method
[38] as: ∑𝑍𝑍𝑖𝑖 𝑤𝑤𝑖𝑖 /√∑𝑤𝑤𝑖𝑖2, where 𝑤𝑤𝑖𝑖 is the square root of
the sample size in the 𝑖𝑖th stratum. The corresponding pvalues were computed as 2�1 − Φ(|Zmeta |)�. The
EWAS was limited on the 411,870 autosomal probes
available on both the 450K and the EPIC array
platform.
Software availability
The coefficient values of the placental clocks and the
fetal sex classifier can be found in Supplementary File 1.
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ABSTRACT
The advent of epigenetic clocks has prompted questions about the place of epigenetic ageing within the current
understanding of ageing biology. It was hitherto unclear whether epigenetic ageing represents a distinct mode
of ageing or a manifestation of a known characteristic of ageing. We report here that epigenetic ageing is not
affected by replicative senescence, telomere length, somatic cell differentiation, cellular proliferation rate or
frequency. It is instead retarded by rapamycin, the potent inhibitor of the mTOR complex which governs many
pathways relating to cellular metabolism. Rapamycin however, is also an effective inhibitor of cellular
senescence. Hence cellular metabolism underlies two independent arms of ageing – cellular senescence and
epigenetic ageing. The demonstration that a compound that targets metabolism can slow epigenetic ageing
provides a long-awaited point-of-entry into elucidating the molecular pathways that underpin the latter. Lastly,
we report here an in vitro assay, validated in humans, that recapitulates human epigenetic ageing that can be
used to investigate and identify potential interventions that can inhibit or retard it.

INTRODUCTION
One of the biggest challenges in ageing research is the
means of measuring age independently of time. This
need becomes particularly clear when we wish to
evaluate the effects of drugs or compounds on ageing,
where the use of time as a measure of age is clearly
inappropriate. In recent years, several age-estimators
known as epigenetic clocks have been developed, which
are based on methylation states of specific CpGs, some
of which become increasingly methylated, while others
decreasingly so with age [1]. Age estimated by these
clocks is referred to as epigenetic age or more precisely,
DNA methylation age (DNAm age). The “ticking” of
these clocks is constituted by methylation changes that
www.aging-us.com
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occur at specific CpGs of the genome. Significantly, the
increased rate by which these specific methylation
changes occur is associated with many age-related
health conditions [1-9], indicating that epigenetic
clocks, capture biological ageing (epigenetic ageing) at
least to some extent. The numerous epigenetic clocks
that have been independently developed [10-16] differ
in accuracy, biological interpretation and applicability,
whereby some epigenetic clocks are compatible only to
some tissues such as blood. In this regard, the pan-tissue
epigenetic clock [2] stands out because it is applicable
to virtually all tissues of the body, with the exception of
sperm. It estimates the same epigenetic age for different
post-mortem tissues (except the cerebellum and female
breast) from the same individual [2, 8]. Although the
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pan-tissue epigenetic clock performs extremely well
with in vivo cell samples, its accuracy was not as good
with fibroblasts and other in vitro cell samples. We
addressed this recently by developing an even more
accurate multi-tissue age estimator, which we refer to as
skin & blood clock [3], which is applicable for in vivo
as well as in vitro samples of human fibroblasts,
keratinocytes, buccal cells, blood cells, saliva and
endothelial cells. In vitro human cell culture systems
offer many advantages including tight control of growth
conditions, nutrients, cell proliferation rates, detailed
morphological analyses and genetic manipulation, all of
which are impractical or inappropriate in human cohort
studies. Hence the availability of an in vivo epigenetic
clock, such as the skin & blood clock that can also be
used for in vitro experiments is an important and
significant step towards uncovering the molecular
mechanisms that underpin epigenetic ageing.
Although the molecular mechanisms of epigenetic
ageing remain largely uncharacterised, the cellular
aspects however, have been explored to a greater albeit
limited degree. The similar epigenetic ages detected
amongst different tissue of the same body [2, 8]
suggests that epigenetic age is not a measure of cellular
proliferation since the rate and frequency of proliferation differ greatly between different tissues such as
blood, which is highly proliferative and heart cells,
which are post-mitotic. It is intuitive to make a
connection between epigenetic ageing and senescent
cells, which increases in number with age and which
mediates phenotypic ageing [8, 17]. This attractive link
however, was discounted by previous reports which
clearly excluded DNA damage, telomere attrition and
cellular senescence as drivers of epigenetic aging [18].
A way to further characterise epigenetic ageing is
through the evaluation of validated anti-aging
interventions on it. Such an intervention is the nutrient
response pathway regulated by the mammalian target of
rapamycin (mTOR) [19-21]. Although originally
developed as an immunosuppressant, rapamycin has
emerged as one of the most impressive life-extending
compounds [22]. It has been repeatedly shown to extend
the lives of different animal species including those of
yeast [23], flies [24] and mice [25, 26]. The structure of
rapamycin presents two major sites for potential
interactions. The binding of one site to FKBP12 protein,
allows its other site to bind and inhibit the mTOR
kinase [27]. This kinase is part of a complex that
promotes cell growth, proliferation and cell survival
[28, 29]. This may be why mTOR activity is often
elevated in cancer cells; the rationale behind its use as
an anti-cancer drug [30]. By inhibiting mTOR activity,
rapamycin also recapitulates to some extent, the effect
of calorie-restriction, which has also been repeatedly
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shown to prolong the lives of many different animal
species [31]. As such, rapamycin is widely considered
to be a promising anti-ageing intervention. Here we
characterise epigenetic aging in primary human keratinocytes from multiple donors by testing their
sensitivities to rapamycin and we observed that it can
indeed mitigate epigenetic ageing independently of
cellular senescence, proliferation, differentiation and
telomere elongation.

RESULTS
Opposing effects of Rapamycin and ROCK inhibitor
on keratinocyte proliferation
The availability of an epigenetic clock, such as the skin
& blood clock, which is applicable to cultured cells,
allows epigenetic ageing to be studied beyond the
purely descriptive nature afforded by epidemiological
analyses alone. Towards this end, we have established
in vitro epigenetic ageing systems using primary human
cells. One of this is based on primary keratinocytes that
are derived from healthy human skins. As previously
reported by others, we observed that the proliferation
rate of these cells, which is defined as the number of
population doublings per unit of time, can be significantly altered by different compounds. Rapamycin,
which is the primary focus of this investigation reduces
cellular proliferation rate, while Y-27632, which
inhibits Rho kinase (ROCK inhibitor) increases it, and a
mixture of both modestly alleviates the repressive effect
of rapamycin (Figure 1 and Table 1). The opposing
effects of these compounds on keratinocyte proliferation
present us with the opportunity to test whether cellular
proliferation rate impacts epigenetic ageing while
carrying out our primary aim of interrogating the effects
of rapamycin on epigenetic ageing.
Effects of Rapamycin and Y-27632 on epigenetic
ageing
Primary keratinocytes were isolated from human
neonatal foreskins from three donors (Donor A, B and
C) and were put in culture with standard media or media
supplemented with rapamycin, Y-27632 or a cocktail of
both of these compounds (methods). The cells were
passaged continually and population doublings at each
passage recorded. In time all cells, regardless of donor
or treatment underwent replicative senescence, where
they ceased to increase their numbers after at least 2
weeks in culture with regular replenishment of media.
Interestingly, two of the three donor cells treated with
rapamycin underwent further proliferation before
replicative senescence, indicating that their proliferative
capacity was increased (Figure 1 and Table 2). This was
also observed with Y-27632-treated cells. DNA
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methylation profiles from a selection of passages of
these cells were obtained and analysed with the skin &
blood clock. It is clear from Figure 2 that while Y27632 did not impose any appreciable effect, rapamycin
retarded epigenetic ageing of these cells. This is evident

even when Y-27632 was present with rapamycin. These
empirical observations demonstrate three fundamental
features of epigenetic ageing. First, increased cellular
proliferation rate, as instigated by Y-27632 (Figure 1
and Table 1) does not affect epigenetic ageing. This

Figure 1. Effects of rapamycin and Y-27632 on the proliferation of keratinocytes from Donors A, B and C that were
used in the subsequent experiments. Cells from Donors A, B and C were cultured in the continued presence of the indicated
compounds. Population doubling at every cell passage was ascertained until replicative senescence, and plotted against time.
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echoes the conclusion derived from analyses of in vivo
tissues, using the pan-tissue age estimator [2] and
confirmed by Yang et al. [32] who specifically derived
a DNA methylation-based mitotic clock to be able to
measure cellular proliferation, as epigenetic ageing
clocks were not able to do so. Second, increased
proliferative capacity (the number of times cells
proliferate before replicative senescence) is not
inextricably linked with retardation of epigenetic ageing
since rapamycin and Y-27632 can both instigate the
former, but only rapamycin-treated cells exhibited
retardation of epi-genetic ageing. Third, epigenetic
ageing is not a measure of replicative senescence since
all rapamycin-treated cells eventually underwent
replicative senescence and yet remained younger than
the un-treated control cells; an observation that would
not be made were epigenetic age a measure of senescent
cells.
Somatic cell differentiation does not drive epigenetic
ageing
Having ruled out cellular proliferation rate and
proliferation capacity, as well as replicative senescence
as drivers of epigenetic ageing, we considered the
possible role of somatic cell differentiation in this
regard. We observed that healthy primary keratinocytes
in culture are heterogeneous in size and shape, but those
that were growing in the presence of rapamycin were
much more regular in shape and have considerably
fewer enlarged cells (Figure 3A). Staining with
antibodies against p16; a marker of senescent cells [33],

and involucrin; a marker of early keratinocyte differentiation [34], showed that the enlarged cells were a
mixture of senescent cells and differentiating cells, with
some cells exhibiting both markers (Figure 3B). As our
previous investigations [18] and observations above
have uncoupled cellular senescence from epigenetic
ageing, we questioned whether cellular differentiation
could instead be the driver and the ability of rapamycin
to reduce spontaneous differentiation may be the way
by which it retards epigenetic ageing.
In the experiments described thus far, primary
keratinocytes were grown in a culture condition where
the medium used (CnT-07) was designed with the
expressed purpose of encouraging the proliferation of
progenitor keratinocytes, while restricting their
spontaneous differentiation; evidently not eliminating it
altogether. To test the hypothesis that cellular differentiation drives epigenetic ageing, we opted to encourage
spontaneous keratinocyte differentiation to see if this
would cause a rise in their epigenetic age. To this end,
we cultured human primary keratinocytes in a different
medium, as reported by Rheinwald and Green [35], and
with mouse 3T3 cells, which serve as feeder cells.
Crucially, this culture condition which we term RG not
only supports the proliferation of keratinocytes, it also
permitted spontaneous differentiation to a much greater
extent than does CnT media. Figure 4A shows a typical
keratinocyte colony grown in RG condition. The colony
is constituted by small proliferating cells as well as
considerable number of large cells in different stages of
differentiation.

Table 1. Population doubling times (in hours) of primary neonatal foreskin
keratinocytes from three donors (A, B and C) cultured in various conditions.
Culture condition

Donor A

Donor B

Donor C

38.1
42.8
30.1
39.6

38.2
46.5
31.6
44.5

41.6
66.0
30.3
49.1

Control
Rapamycin
Y‐27632
Rapamycin +
Y‐27632

Table 2. Cumulative population doubling of keratinocyte cultures from
three donors (A, B and C) at the point of replicative senescence.
Culture condition
Control
Rapamycin
Y‐27632
Rapamycin +
Y‐27632
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Donor A

Donor B

44
71
54
69

43
57
66
54
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Donor C
35
34
49
54
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Figure 2. Ageing dynamics of keratinocytes of (A) Donor A, (B) Donor B and (C) Donor C in
the presence or absence of rapamycin and Y-27632. Methylation profiles of DNA from selected

passages of each cell population were analysed and their ages estimated with the skin and blood
clock. The colour allocated to each culture condition is preserved throughout for ease of comparison.

Primary keratinocytes from the same human donor
(Donor D) were cultured in these two different conditions
described above (CnT and RG). DNA methylation
profiles from four passages of cells, with known number
of population doubling were obtained and their ages were
estimated by the skin & blood clock. Figure 4B shows
that encouraging greater keratinocyte differentiation by
culturing them in RG condition did not increase
epigenetic ageing, demonstrating that contrary to the
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hypothesis, epigenetic ageing is not increased by greater
keratinocyte differentiation and therefore the retardation
of epigenetic ageing by rapamycin is not mediated
through its suppression of spontaneous somatic cell
differentiation. Collectively, these experiments have
demonstrated that rapamycin is an effective retardant of
epigenetic ageing, and that this activity is mediated
independently of its effects on replicative senescence
and somatic cell differentiation.

AGING

Figure 3. Rapamycin suppresses the emergence of senescent cells and spontaneous keratinocyte
differentiation. (A) Phase contrast picture of primary keratinocytes cultured in CnT-07 medium in the absence (left

panel) or presence (right panel) of rapamycin. (B) The large keratinocytes seen in (A) were stained positive with
antibodies against p16 (in green), involucrin (red) or both, p16 and involucrin (yellow). Nuclei were stained with DAPI.

DISCUSSION
It is widely assumed that extension of lifespan is a result
of retardation of ageing. While there is no counterevidence to challenge this highly intuitive association,
supporting empirical evidence to confirm it is not easy
to acquire. As a case in point, improvement in public
health in the past century has extended life-span, but
there is no directly measurable evidence that this was
accompanied by a reduction in the rate of ageing. The
same question could be asked of any intervention that
purports to extend life. The scarcity of empirical
evidence is due in part to the lack of a good measure of
age that is not based on time. In this regard, the
relatively recent development of epigenetic clocks is of
great interest [1]. Despite their impressive performance,
almost nothing is known about the molecular components and pathways that underpin them. At the
cellular level however, more is known, but from the
perspective of what epigenetic ageing is not, rather than
what it is. The bringing together of rapamycin and the
skin & blood clock in the experiments above have shed
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light on both of them. This has been significantly
enhanced by comparison with the effects, or not, of the
Rho kinase inhibitor, Y-27632. As a case in point, the
retardation of epigenetic ageing by rapamycin could
have been erroneously ascribed to the retardation of the
rate of keratinocyte proliferation, were it not for the fact
that Y-27632 augments proliferation rate but does not
increase epigenetic ageing. This precludes a simplistic
and incorrect correlation between the rate of cellular
proliferation and epigenetic ageing. Recently Yang et al
demonstrated that epigenetic ageing clock tracks
cellular proliferation very poorly compared to the
purpose-built DNA methylation-based mitotic clock
[32].
The impulse to turn our attention and ascribe retardation
of epigenetic ageing to reduced senescent cells is
understandable since rapamycin does indeed reduce the
emergence of these cells in cultures, as consistent with
previous characterisation and description [36-41]. This
notion however is inconsistent with our previous
finding that the epigenetic age of a cellular population is
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not dependent on the presence of senescent cells [18],
and this conclusion is further confirmed here, where all
the rapamycin-treated cells eventually senesced, without
any rise in their epigenetic age. Therefore, while
rapamycin’s inhibition of senescence is not in doubt,
this is not the means by which it retards the progression
of epigenetic age of keratinocytes.
To test whether somatic cell differentiation drives
epigenetic ageing, we refrained from using chemical
means to induce terminal differentiation of keratinocytes
as this could introduce DNA methylation changes that

might confound interpretation of the results. Instead, we
exploited the propensity of keratinocytes to spontaneously differentiate, which they do significantly better
in RG medium than in CnT-07 medium [42]. The
hypothesis that differentiation drives epigenetic ageing
was clearly refuted by these observations. While we still
do not know what cellular feature is associated with
epigenetic ageing, we can now remove somatic cell
differentiation from the list of possibilities and place it
with cellular senescence, proliferation and telomere
length maintenance, which represent cellular features
that are all not linked to epigenetic ageing.

Figure 4. Keratinocyte differentiation does not drive epigenetic ageing. (A) Phase contrast image of a primary keratinocyte

colony grown in the presence of irradiated J2-3T3 feeder cells in RG medium. The keratinocyte colony is demarcated within the blue
boarder and proliferating or differentiating keratinocytes are indicated. Cells external of the boarder are irradiated 3T3-J2 feeder
cells. (B) Comparison of epigenetic aging between primary keratinocytes grown in CnT-07 media (CnT) and RG media (RG).
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The ability of rapamycin to suppress the progression of
epigenetic ageing is very encouraging for many reasons
not least because it provides a valuable point-of-entry
into molecular pathways that are potentially associated
with it. Evidently, the target of rapamycin, the mTOR
complex is of particular interest. It acts to promote
many processes including, but not limited to protein
synthesis, autophagy, lipid synthesis and glycolysis [29,
43, 44]. The experiments above were not designed to
identify the specific mTOR activity or activities that
underpin epigenetic ageing, but they point to further
experiments involving gene manipulation and drugs that
could be brought to address this question. It is of great
significance that we have previously identified through
genome-wide association studies (GWAS), genetic
variants near MLST8 coding region whose expression
levels are positively correlated with epigenetic aging
rates in human cerebellum [45]. MLST8 is a subunit of
the mTORC1 and mTORC2 complexes, and its gene
expression levels increase with chronological age in
multiple brain regions [45]. It is pivotal for mTOR
function as its deletion prevents the formation of
mTORC1 and mTORC2 complexes [46]. The convergence of the GWAS observation with the experimental
system described here is a testament of the strength of
the skin & blood clock in uncovering biological features
that are consistent between the human level and cellular
level. It lends weight to the emerging view that the
mTOR pathway may be the underlying mechanism that
supports epigenetic ageing.

of rapamycin on all cell types and we caution the reader
that interventions against epigenetic aging can be celltype specific: for example, menopausal hormone therapy appears to slow epigenetic ageing of buccal cells
(which are predominantly keratinocytes) but not that of
blood [47]. Second, while we have used primary keratinocytes derived from numerous donors, they were all
from neonatal tissues. This is a necessary constrain at
this early stage of the investigation in order to avoid
confounding effects of age. It would be necessary to test
the efficacy of rapamycin on adult donors across the
entire age spectrum (0-100 years). Finally, it is
important to note that it is inadvisable (actively
discouraged) to directly extrapolate the studies here,
especially in terms of the magnitude of age suppression,
to potential effects of rapamycin on humans.

It is of interest to note that the experimental set-up
above constitutes an in vitro ageing assay that is
applicable not only to pure research but to screening
and discovering other compounds and treatments that
may mitigate or suppress epigenetic ageing. Most
biological models of human diseases or conditions are
derived from molecular, cellular or animal systems that
rightly require rigorous validation in humans. In this
regard, the epigenetic clock is distinct in being derived
from, and validated at the human level. Hence in vitro
experimental observations made with it carry a significant level of relevance and can be readily compared
with an already available collection of human data
generated by the epigenetic clock – the MSLT8
described above is an example in point. An added
advantage of such a validated in vitro ageing system for
human cells is the ability to test the efficacy of potential
mitigators of ageing in a well-controlled manner, within
a relatively short time, at a significantly low cost and
with the ability to ascertain whether the effects are on
life-span, ageing or both; all of which are not readily
achieved with human cohort studies.

In vitro cultured cell procedure

We wish to acknowledge some limitations inherent in
this investigation. First, we have not tested this activity
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In summary, the observations above represent the first
biological connection between epigenetic ageing and
rapamycin. These results for human cells add to the
evidence that extension of life, at least by rapamycin, is
indeed accompanied by retardation of ageing. These
observations also suggest that the life-extending
property of rapamycin may be a resultant of its multiple
actions which include, but not necessarily limited to
suppression of cellular senescence [36-38, 48] and
epigenetic aging, with the possibility of augmentation of
cellular proliferative potential.

MATERIALS AND METHODS

Isolation and culture of primary keratinocytes
Primary human neonatal fibroblasts were isolated from
circumcised foreskins. Informed consent was obtained
prior to collection of human skin samples with approval
from the Oxford Research Ethics Committee; reference
10/H0605/1. The tissue was cut into small pieces and
digested overnight at 4 °C with 0.5 mg/ml Liberase DH
in CnT-07 keratinocyte medium (CellnTech) supplemented with penicillin/streptomycin (Sigma) and
gentamycin/amphotericin (Life Tech). Following digestion, the epidermis was peeled off from the tissue pieces
and placed in 1 millilitre (ml) of trypsin-versene. After
approximately 5 minutes of physical desegregation with
forceps, 4 ml of soybean trypsin inhibitor was added to
the cell suspension and transferred into a tube for
centrifugation at 1,200 revolutions per minute for 5
minutes. The cell pellet was resuspended in CnT-07
media and seeded into fibronectin/collagen-coated
plates. Cells were grown at 37 °C, with 5% CO2 in a
humidified incubator. Growth medium was changed
every other day. Upon confluence, cells were trypsinised, counted and 100,000 were seeded into fresh
fibronectin/collagen-coated plates. Population doubling
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was calculate using the following formula:
[Log(number of harvested cells)- log(number of seeded
cells)] X 3.32. Rapamycin was used at 25nM and Y27632 at 1μM concentrations and were present in the
media of treated cells for the entire duration of the
experiments. RG medium was prepared by mixing three
parts of F12 medium with one part DMEM, supplemented with 5% foetal calf serum, 0.4ug/ml hydrocortisone,
8.4ng/ml cholera toxin, 5ug/ml insulin, 24ug/ml adenine
and 10ng/ml epidermal growth factor. 3T3-J2 cells were
cultured in DMEM supplemented with 10% foetal calf
serum. To prepare feeder cells, 3T3-J2 cells were
irradiated at 60Gy and seeded onto fibronectin/collagencoated plates in RG medium at least 6 hours but no
more than 24 hours prior to seeding of keratinocytes. To
harvest keratinocytes grown in RG media, feeder cells
were first removed with squirting of the monolayer with
trypsin-versene for approximately 3 minutes, after
which the monolayer was rinsed with 7ml of Phosphate
Buffered Saline (PBS) followed by incubation of the
monolayer with 0.5ml of trypsin-versene. When all the
keratinocytes have lifted off the plate, 1ml of soybean
trypsin inhibitor was added to the cell suspension. Cells
were counted and 100,000 were seeded into fresh plates
as described above.

were generated by following the standard protocol of
Illumina methylation assays, which quantifies
methylation levels by the β value using the ratio of
intensities between methylated and un-methylated
alleles. Specifically, the β value is calculated from the
intensity of the methylated (M corresponding to signal
A) and un-methylated (U corresponding to signal B)
alleles, as the ratio of fluorescent signals β =
Max(M,0)/[Max(M,0)+ Max(U,0)+100]. Thus, β values
range from 0 (completely un-methylated) to 1 (completely methylated). We used the "noob" normalization
method, which is implemented in the "minfi" R package
[49, 50]. The mathematical algorithm and available
software underlying the skin & blood clock (based on
391 CpGs) is presented in Horvath et al., 2018 [3].

Immunofluorescence
Cells were grown on glass coverslips that were precoated with fibronectin-collagen. When ready, the cells
were fixed with formalin for 10 minutes, followed by
three rinses with Phosphate Buffered Saline (PBS). Cell
membranes were permeabilised with 0.5% TritonX-100
for 15 minutes followed by three 5 minute rinses with
PBS. Primary antibodies diluted in 2% foetal calf serum
in PBS were added to the cells. After 1 hour the antibodies were removed followed by three 5 minute
rinsing, after which secondary antibodies (diluted in 2%
foetal calf serum in PBS) was added. After 30minutes,
the antibodies were removed and the cells were rinsed
five times with 1ml PBS each time for five minutes
followed by a final rinse in 1 ml distilled water before
mounting on glass slide with Vectastain. Cells were
imaged using a fluorescence microscope. Antibodies
used were as follows: Anti-Involucrin (Abcam
ab53112) diluted at 1:1000 and Anti-p16 (Bethyl
laboratories A303-930A-T) diluted at 1:500.

We wish to express our gratitude to all members of the
Cellular Biology group at PHE and Simon Bouffler for
continued support.

DNA methylation studies and epigenetic clock
DNA was extracted from cells using the Zymo Quick
DNA mini-prep plus kit (D4069) according to the
manufacturer’s instructions and DNA methylation
levels were measured on Illumina 850 EPIC arrays
according to the manufacturer’s instructions. The
Illumina BeadChips (EPIC or 450K) measures bisulfiteconversion-based, single-CpG resolution DNAm levels
at different CpG sites in the human genome. These data
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ABSTRACT
Aging is associated with a genome-wide change of DNA methylation (DNAm). “DNAm age” is defined as the
predicted chronological age by the age estimator based on DNAm. The estimator is called the epigenetic clock.
The molecular mechanism underlining the epigenetic clock is still unknown. Here, we evaluated the effects of
hypoxia and two immortalization factors, hTERT and SV40-LargeT (LT), on the DNAm age of human fibroblasts in
vitro. We detected the cell division-associated progression of DNAm age after >10 population doublings.
Moreover, the progression of DNAm age was slower under hypoxia (1% oxygen) compared to normoxia (21%
oxygen), suggesting that oxygen levels determine the speed of the epigenetic aging. We show that the speed of
cell division-associated DNAm age progression depends on the chronological age of the cell donor. hTERT
expression did not arrest cell division-associated progression of DNAm age in most cells. SV40LT expression
produced inconsistent effects, including rejuvenation of DNAm age. Our results show that a) oxygen and the
targets of SV40LT (e.g. p53) modulate epigenetic aging rates and b) the chronological age of donor cells
determines the speed of mitosis-associated DNAm age progression in daughter cells.

INTRODUCTION
There are two fundamental questions regarding the
mechanism of aging. The first question is what kind of
time-dependent changes (chemical and/or biological
changes) drive aging. It is expected that there are factors
other than time controlling the speed of aging since
there is a variation of the lifespan and the timing of the
onset of age-associated diseases. Therefore, the second
question is what are these factors regulating the speed
of aging. The present study investigates these two
questions by focusing on the epigenetic aging of
primary cultured human cells.
It is now widely accepted that there is an age associated
change in DNAm in human as well as other species
www.aging-us.com
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[1–5]. Most of the previously reported age-dependent
DNAm changes were tissue- or cell type-specific
(Reviewed in [1]). Recently, the pan-tissue age
estimator was developed based on the DNAm levels of
353 CpG sites [3]. In 2018, another age estimator was
developed that predicts the chronological age of skin
and blood cells more accurately than the pan-tissue age
estimator [6]. This new age estimator uses the DNAm
levels of 391 CpG sites (60 CpG sites are overlapped
with the pan-tissue age estimator) [6]. The DNAmbased age estimator are called the epigenetic clock, and
the predicted age by the clock is called DNAm age [1].
The DNAm age functions as a biomarker to predict the
risk of age-associated diseases as accelerated DNAm
age has been observed in a variety of conditions,
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including obesity [7], HIV infection [8], Down
syndrome [9], Parkinson's disease [10], Werner
syndrome [11], and menopause [12].
The DNAm age of blood is predictive of lifespan, even
after adjusting for chronological age and other risk
factors [13, 14]. Lifestyle factors have only a weak effect
on the DNAm age of blood [15], suggesting that DNAm
age largely reflects cell-intrinsic properties. In a recent
study, we tested this postulated cellular autonomy by
measuring DNAm age in blood cells of leukemia patients
after hematopoietic stem cell transfer (HSCT) from
allogeneic donors [16]. We found that the DNAm age of
the donor’s blood cells was not influenced by the
recipient’s body, whether younger or older, and that the
DNAm age progressed as if the donor cells were still in
the donor’s body, even 17 years after HSCT [16]. This
finding further supports that the epigenetic clock is a cellintrinsic phenomenon at least in hematopoietic cells.
Overall, there is strong indirect evidence that the
epigenetic clock relates to one or more innate aging
processes. However, it has been challenging to dissect the
molecular mechanisms underlying the epigenetic clock.
To address this challenge, in vitro models may be used.
Here, we used primary cultured human fibroblasts to
carry out an epigenetic clock analysis of three conditions
that relate to the replicative lifespan: hypoxia, donor age,

and immortalization. The present results provide clues to
identify molecular machineries controlling the epigenetic
aging. Based on our findings in this study, we will
discuss the hypothetical molecular mechanisms
regulating the progression of the DNAm age.

RESULTS
Effects of hypoxia on cell proliferation
Human dermal fibroblasts from neonates were cultured
under normoxic conditions in a CO2 incubator [5% CO2
and 21% O2 (atmospheric)] as well as under hypoxic
conditions (5% CO2 and 1% O2). The cells were
collected and passaged every 4-6 days. Excess cells that
were not used for the passage were frozen at -80C for
protein and DNA analysis. As previously established
[17], in normoxia, the cell division speed declined after
PD30 (Figure 1, black symbols), and the cell size
increased (Figure 2A and BB). In contrast, under
hypoxia, the cells maintained a constant division speed
after PD30 (Figure 1, red symbols), and the cells did not
become as large as the cells under normoxia (Figure
2C), though a small proportion of cells did show size
enlargement (arrows in Figure 2C). The stabilization of
HIF1α (hypoxia-induced factor 1α) was confirmed in
all four cell lines incubated under hypoxia (Figure 2D
and Supplementary Figure 1).

Figure 1. Cell division records of neonate fibroblast cell lines cultured in normoxia and hypoxia. Each 4-digit number in the graph
(#2718, #2741, #2744, and # 2747) indicates the batch of the cell line from the vendor (Cell Applications, San Diego, CA). The graph shows the
cumulative population doublings (PD) of each cell line in normoxia and hypoxia. Black and red symbols indicate the data from normoxia and
hypoxia, respectively.
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Effects of hypoxia on the progression of DNAm age
DNAm age was estimated by two methods that apply to
in vitro studies: Horvath's pan tissue clock based on 353
CpGs [3] and the more recent skin & blood clock based
on 391 CpG sites [6]. The corresponding DNAm age
estimates will be referred to as DNAmAge353CpG and
DNAmAge391CpG, respectively. Previously, we reported
that DNAmAge391CpG predicts the chronological age of
cultured fibroblasts more accurately than the original
DNAmAge353CpG [6]. The present study used both
DNAmAge353CpG and DNAmAge391CpG so that the present results can be compared with previous studies.
As shown in Figure 3, the progression of
DNAmAge391CpG (Figure 3A, 3C) and DNAmAge353CpG
(Figure 3B, 3D) was observed after eight passages,
which is equal to an additional 22.3-31.5 population
doublings (PD) (Figure 3A, 3B). These increases of
and
DNAm
age
(both
DNAmAge391CpG
353CpG
DNAmAge
) were statistically significant in
normoxia (*p<0.05, **p<0.005, Figure 3C and 3D),
indicating that 6 weeks of cell culture is sufficient to
detect progression of the DNAm age. As previously
reported, DNAmAge391CpG accurately predicted the
donor’s age (0 years old for neonate cells) whereas
DNAmAge353CpG overestimated the donor’s age (4-12
years old for neonate cells) of the cultured fibroblasts
(Figure 3B, 3D). Importantly, hypoxia slowed the
and
progression
of
both
DNAmAge391CpG
353CpG
DNAmAge
in all 4 cell lines examined (Figure

.

4A, 4B). The average values of DNAm age progression
per PD are shown in Figure 4C and 4D. The effect of
hypoxia on slowing DNAm age progression was
statistically significant when contrasting the ratio of
speeds (Figure 4E, 4F). Hypoxia allows fibroblasts to
continue cell division by extending the replicative
lifespan [17]. Similarly, we found that fibroblasts were
able to divide more under hypoxia than under normoxia
(Figure 1). Nevertheless, the progression of DNAm age
per cell division or PD diminished in the hypoxia group.
Comparison of cell division-associated DNAm age
progression between neonate and adult fibroblasts
In addition to fibroblasts from neonates, we also
examined fibroblasts from adult donors. We used a total
of 11 different fibroblast lines; 5 from neonates and 6
from adult donors (Figure 5). DNAmAge391CpG and
DNAmAge353CpG progressed by cell division in the
majority of adult cells (4 cell lines among 6 cell lines
for DNAmAge391CpG (Figure 5A) and 5 cell lines among
6 cell lines for DNAmAge353CpG (Figure 5B)). However,
the speed of DNAm age progression varied depending
on the age of the cells. The cell division-associated
progression of DNAmAge353CpG became slower as the
starting age became older (Figure 5B, 5D). In contrast,
DNAmAge391CpG showed a different trend. The
progression of DNAmAge391CpG became relatively more
significant the older the starting age (Figure 5A, 5C).
Interestingly, 2 cases among 6 cases, DNAmAge391CpG
showed rejuvenation (light blue and green symbols in

Figure 2. Cell division records of neonate fibroblast cell lines cultured in normoxia and hypoxia. Each 4-digit number in the

graph (#2718, #2741, #2744, and # 2747) indicates the batch of the cell line from the vendor (Cell Applications, San Diego, CA). The graph
shows the cumulative population doublings (PD) of each cell line in normoxia and hypoxia. Black and red symbols indicate the data from
normoxia and hypoxia, respectively.
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Figure 3. DNAm age progression in normoxia and hypoxia. (A and B) The DNAm age of each cell line at early PD (19-20) (passage 2)

and accumulated PD (42.3-51.5) (passage 10) is shown. The DNAm age of the same cell line is shown by the same color. Results for
DNAmAge391CpG (A) and DNAmAge353CpG (B) are shown. Each dot is the average of a duplicate DNAm analysis for each condition. (C and D) The
average DNAm ages of 4 cell lines at passage 2, passage 10 (Normoxia), and passage 10 (Hypoxia) are shown (n=4). Results for
DNAmAge391CpG (C) and DNAmAge353CpG (D) are shown. The P values on the figure show the statistical comparison with the data at passage
20. *p<0.05, **p<0.005 (t-test).

Figure 4. Hypoxia slowed the speed of the cell division-associated DNAm age progression. (A and B) DNAmAge391CpG/PD (A) and

DNAmAge353CpG/PD (B) of each cell line in normoxia and hypoxia are shown. The result from the same cell line is marked with the same
color. In all cell lines examined, hypoxia slowed the speed of DNAm age progression. (C and D) Average and S.E. of DNAmAge391CpG/PD and
DNAmAge353CpG/PD are shown. (E and F) In these graphs, DNAm age/PD in normoxia is designated as 1 in all cell lines, and the ratio of
DNAm age in normoxia and hypoxia was calculated. In both DNAmAge391CpG and DNAmAge353CpG, hypoxia slowed the speed of the
progression of DNAm age and the effects were statistically significant (t-test).
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Figure 5C)]. At present, it is not certain whether this
rejuvenation phenomenon is always reproducible at this
rate (2 out of 6, i.e. 33%) even if we increase the sample
number. Larger scale experiments are needed to validate
this phenomenon.
Effects of the expression of hTERT or SV40LT on
the DNAm age
Next, we examined the effects of two commonly used
immortalization methods: hTERT and SV40LT
expression (reviewed in [18]). Retrovirus vectors were
used to introduce the hTERT or SV40LT gene into the
primary cultured fibroblasts as previously described
[19, 20]. Retrovirus infection was performed at passage
2 (PD10-15), and the cells were cultured for more than
6 additional passages. We examined 5 different primary
cultured fibroblast cell lines obtained from 5 different
adult donors. As shown in Figure 6A and 6C, hTERT
expression resulted in continuous progression of
DNAmAge391CpG in all cell lines examined. In the case
of DNAmAge353CpG analysis, hTERT expression maintained the progression of DNAmAge in 4 of 5 cell lines
(Figure 6E, 6G), as previously reported [6, 21]. On the
other hand, the effects of SV40LT were inconsistent:

DNAmAge391CpG and DNAmAge353CpG progression was
maintained or reversed depending on the cell line
(Figure 6B, 6C (DNAmAge391CpG) and Figure 6F, 6G
(DNAmAge353CpG)). For example, SV40LT expression
resulted in
the rejuvenation (decrease) of
DNAmAge353CpG in 2 cell lines after several passages
(Figure 6G, dots below the line of 0 year/PD). In Figure
6D and 6H, the mean and S.E. of the speed of DNAm
age progression per PD is shown. There were no
significant differences (control, hTERT or SV40LT
expression). The extremely large S.E. of the SV40LT
group in Figure 6H reflects the inconsistent
(acceleration
or
rejuvenation)
effects
on
DNAmAge353CpG, as mentioned previously.

DISCUSSION
The present study demonstrated that (1) hypoxia slows
down the progression of DNAm age, (2) cell divisionassociated DNAm age progression depends on the
chronological age of the cell donor, (3) SV40LT
immortalization induces abnormal progression of
DNAm age, and (4) hTERT expression does not arrest
progression of DNAmAge.

Figure 5. The progression of DNAm age after more than 10 PD of fibroblasts from donors of different ages. (A and B) The

progression of DNAmAge391CpG (A) and DNAmAge353CpG (B) after more than 10 PD of cell culture is shown. Each panel shows the following
information: (A and B) Changes of DNAm age after more than 10 PD. (C and D) The Y axis indicates the values of DNAmAge391CpG/PD (C) and
DNAmAge353CpG/PD (D). The X-axis indicates the DNAm age at the beginning of this experiment. The impact of PD on the speed of DNAm age
progression becomes greater when the starting DNAmAge391CpG is older, but becomes lesser when the starting DNAmAge353CpG is older.
The dots with the same color are the results from the same cell line.
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The present study showed that DNAm age of fibroblasts
progressed after multiple cell divisions in vitro. In this
study, neonate fibroblasts were cultured approximately 6
weeks with 8 passages (4-6 days per passage). This
means that 6 weeks is long enough to detect the
progression of DNAm age in cell culture experiments.
However, the speed of DNAm age progression in cell
culture was much faster than the chronological time. For
example, approximately 0.65 years [Figure 3C; from 0.05
± 0.131 (passage 2) to 0.708 ± 0.168 (passage 8)] of
DNAmAge391CpG progressed over 6 weeks (equivalent to
0.12 years) under normoxia (Figure 3C); that is, the
speed of DNAmAge391CpG progression was 5 times faster
than the chronological time. Interestingly, this speed
became slower under hypoxia; 0.4 years [Figure 3C;
from 0.05 ± 0.131 (passage 2) to 0.450 ± 0.126 (passage
8)] of DNAmAge391CpG progression for 6 weeks (0.12
years) (Figure 3C). The oxygen concentration in the
human body is much lower than that of the air (21%

oxygen). For example, the oxygen concentration of the
brain, liver and kidney is reported to be approximately 23% and that of the hematopoietic stem cell niche is
approximately 1-2% [22, 23]. One of the reasons for the
fast progression of the DNAm age in the conventional
cell culture may be the high oxygen concentration
(normoxia) in the medium. The present study suggests
that oxygen increases epigenetic aging, a finding which
could elucidate the molecular mechanism of the
epigenetic clock. It is well established that HypoxiaInducible Factor 1α (HIF1α, a transcriptional factor),
mediates various cellular responses to hypoxia [24].
HIF1α is reported to decrease expression levels of DNA
methyl-transferases (DNMTs: DNMT1, 3A and 3B),
whereas it increases expression of DNA de-methylatiing
enzymes (Ten-eleven Translocation (TET) 2 and 3) [24].
Thus, HIF1α -induced modulations of the balance of
DNMTs and TETs is a plausible mechanism of how
hypoxia slows down the epigenetic clock.

Figure 6. Effects of hTERT and SV40LT transfection on the DNAm age of fibroblasts. These panels show DNAmAge391CpG (A–D) and

DNAmAge353CpG (E–H) of fibroblasts transfected with the hTERT and SV40LT genes, respectively. The changes of DNAm age more than 20 PD
after hTERT (A and E) or SV40LT (B and F) gene transfection are shown. The dots with the same color are the results from the same cell line.
Panels (C and D) show DNAmAge391CpG/PD (C) and DNAmAge353CpG/PD (G) of each cell line transfected with the hTERT or SV40LT gene. As
references, the DNAm age/PD values of non-transfected cells are shown for 3 cell lines. The starting DNAm age values are shown on the X
axis. Panels (D and H) show the average and S.E. of DNAmAge391CpG/PD (D) and DNAmAge353CpG/PD (H) of non-transfected control cells (n=3),
hTERT (n=5), and SV40LT (n=5). The effects of SV40LT were not consistent, and the S.E. of the average is very large.
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In addition to oxygen, there are other factors in
conventional cell culture systems that could potentially
impact the epigenetic aging. For example, the fibroblast
culture medium (FGM) used in this study contains fetal
calf serum (FCS) and 8 mM glucose, which could be
the reasons of the accelerated epigenetic aging of cells
in the conventional cell culture system. Further
investigation of the effects of these and other
constituents of cell culture systems is warranted to
identify the factors accelerating the progression of
DNAm age.

We examined the effects of two immortalization
treatments on the epigenetic age of cultured cells:
expression of hTERT and SV40LT. In the case of
hTERT expression, DNAmAge391CpG increased in all 5
cell lines examined (Figure 6A, 6C) and
DNAmAge353CpG increased in 4 of the 5 cell lines
(Figure 6E, 6G). This is consistent with previous reports
using keratinocytes, fibroblasts and endothelial cells [6,
21]. In the case of DNAmAge353CpG, one of the 5 cell
lines showed a slight decrease (Figure 6E dark blue
dots). At present, we do not have a clear explanation of
this unexpected result. However, one of the technical
pitfalls of retrovirus-mediated transfection is the
uncontrolled integration of the transfected gene into the
host chromosomes. Thus, chromosomal position effects
and copy number variations related to the integrated
hTERT gene might lead to differences in DNAm age
among transfected cell lines.

In this study, we examined fibroblasts from donors of
various ages. Neonate cells progressed their
DNAmAge353CpG at a higher rate than adult cells did. As
shown in Figure 5C, 5D, the progression per each cell
division became less when the starting age was older.
This result suggests that mitosis is accounted as a factor
progressing DNAmAge353CpG when the human body is
growing (e.g. neonate), but it becomes less critical after
the human body has reached maturity. In the case of
DNAmAge391CpG, 67% (4 cell lines among 6 cell lines) of
adult cell lines (>25 years old) showed faster progression
than neonate cells. This means that older cells are more
sensitive to cell division in terms of progression of
DNAmAge391CpG (Figure 5B). Since DNAmAge391CpG
predicts the chronological age of cfibroblasts more
accurately than DNAmge353CpG, we speculate that the
observation based on DNAmAge391CpG represent the
significance of cell division in the epigenetic aging
process of fibroblasts. Although the two epigenetic age
estimators showed different behaviors, the common point
is that the speed of the cell division-associated
progression of DNAm age was found to be different
between neonate and adult cells. The present result
suggests that the age of mother cells is a factor
controlling the speed of mitosis-associated progression of
the DNAm age in daughter cells.

For certain cancer types, p53 mutations have been
associated with slower epigenetic age acceleration in
malignant tissue samples [3, 30]. Horvath (2013)
hypothesized that p53 might be part of an epigenomic
maintenance system that underlies epigenetic aging. Our
in vitro studies of SV40LT (which is a well-known p53
inhibitor) support such a role for p53 in maintaining the
normal progression of the epigenetic clock. Specifically,
we found that SV40LT had inconsistent effects on both
DNAmAge391CpG and DNAmAge353CpG. These data
support the hypothesis that p53 inactivation induces
malfunction of the cellular system governing the process
of epigenetic aging. As a caveat, SV40LT also perturbs
other genes besides p53. It is known to perturb the
retinoblastoma family of tumor suppressors and pp2A
phosphatase [31, 32]. To further determine the role of
p53 in the regulation of the epigenetic aging, the specific
inhibition of p53 by siRNA or targeted mutation of p53
by CRISPR/Cas9, for examples, will be necessary.

The age-dependent increases of the methylation of
CpGs in KLF14 gene locus (KLF14-CpGs) has been
reported in human [25, 26] as well as mouse and
monkey [27]. KLF14-CpGs are included in the two age
estimator programs used in this study [3, 6]. Recently, it
was found that hypermethylation of KLF14-CpGs is
associated with the decrease of DNMT1 gene
expression in human fibroblasts [28]. There is another
study reporting the age-dependent decrease of the gene
expression of DNMT1 and DNMT3B in human
peripheral mononuclear cells [29]. The present study
showed that mitosis-associated progression of DNAm
age was influenced by the age of the cell. This
observation may be explained by the change of the
expression levels of DNMTs that is linked with the agedependent hypermethylation of KLF14-CpGs.

The present study suggests that mitosis-associated
progression of the epigenetic clock is under the
influence of oxygen level, the age of the cell, and tumor
suppressors. Although cell division progresses the
DNAm age, its speed is expected to be very different
depending on the differentiation status and other
environmental conditions. It is because the multiple cell
types with different proliferation history show a similar
DNAm age which is very close to the chronological age
of the whole body. Our finding indicates that oxygen,
the age, and tumor suppressors are the candidates of
these factors controlling the speed of the epigenetic
clock in different tissues. Further studies are necessary
to investigate how multiple cell types in a human body
can progress the DNAm age at the similar speed as the
chronological age progresses.
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METHODS
Epigenetic clocks
Several DNAm-based biomarkers have been proposed in
the literature which differ in terms of their applicability
(some are developed for specific tissues such as blood)
and in terms of their biological interpretation. In this
study, we focused on two epigenetic clocks that apply to
fibroblasts. The pan-tissue epigenetic clock (Horvath
2013) is based on 353 CpGs. It applies to all sources of
DNA (with the exception of sperm). The resulting age
estimate (in units of years) is referred to as
DNAmAge353CpG. Different postmortem tissues collected
from the same individual have roughly the same
epigenetic age [3, 6]. Hence, the pan tissue clock does not
measure proliferative history (or mitotic age) in most cell
types and tissues. We recently developed a new
epigenetic age estimator (referred to as the skin and blood
clock or DNAmAge391CpG) that leads to substantially
more accurate age estimates in fibroblasts, keratinocytes,
buccal cells, blood cells, saliva, and endothelial cells [3].
DNA extraction and methylation analysis

Progeria-related mutations. Fibroblasts were obtained as
a frozen stock, and these cells had already reached 9-10
population doublings. Fibroblasts were cultured using
Human Fibroblast Growth (HGF) Medium (Cell
Applications) that contains 8 mM glucose and 2% FCS
as a supplement. The cell density was 0.2 million
cells/15 ml/dish at the beginning of each passage
culture. When cells reached the confluent condition
after 4-6 days, they were collected and the total cell
number was determined. At each passage stage, unused
cells were frozen for DNAm analysis and HIF1α protein
expression. To examine the effects of hypoxia, cells
were cultured in an hypoxia chamber (1% O2) as
explained in the Results section.
hTERT and SV40Large T expression
hTERT or SV40LT (Large T) was expressed using
retrovirus-mediated gene transfection according to
previously established methods [19, 20]. The plasmids
necessary for retrovirus synthesis were the kind gifts
from Dr. Mark Jackson (Pathology, Case Western
Reserve University).
Western blot

DNA was extracted and purified from 2-3 million
cells/sample by using a QIAGEN DNA extraction kit
(Cat #51304) according to the manufacturer’s protocol.
To remove RNA, RNAase (ThermoFisher Cat#
EN0531, final 100 µg/ml) was added to the cell
suspension buffer during the DNA extraction procedure.
DNA methylation levels were measured on Illumina
450K arrays according to the manufacturer’s instructtions. The Illumina BeadChip (450K) measures
bisulfite-conversion-based,
single-CpG
resolution
DNAm levels at different CpG sites in the human
genome. These data were generated by following the
standard protocol for Illumina methylation assays,
which quantifies methylation levels by the β value using
the ratio of intensities between methylated and unmethylated alleles. Specifically, the β value is
calculated from the intensity of the methylated (M
corresponding to signal A) and un-methylated (U
corresponding to signal B) alleles, as the ratio of
fluorescent signals β = Max(M,0)/[Max(M,0)+
Max(U,0)+100]. Thus, β values range from 0 (completely un-methylated) to 1 (completely methylated).
We used the "noob" normalization method, which is
implemented in the "minfi" R package [33, 34].

Cell pellets were lysed in RIPA buffer (20 times
pipetting and 20 min rotation at 4°C), and the soluble
fraction was collected after centrifugation at 14,000 rpm
for 30 min. Samples with 20 µg total protein was loaded
in each lane. HIF1α antibody and the secondary
antibody (anti-rabbit goat IgG-HRP) were purchased
from NOVUS Biologicals (Cat # NB100-479) and
DAKO (Cat # P0448), respectively. Chemiluminescence substrate was purchased from Kindle
Biosciences (Cat #R1004) (www.kindlebio.com).
Western blot image was obtained by using a digital
camera (KwicQuant Imager, Kindle Biosciences).
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ABSTRACT
It was unknown whether plasma protein levels can be estimated based on DNA methylation (DNAm) levels, and
if so, how the resulting surrogates can be consolidated into a powerful predictor of lifespan. We present here,
seven DNAm‐based estimators of plasma proteins including those of plasminogen activator inhibitor 1 (PAI‐1)
and growth differentiation factor 15. The resulting predictor of lifespan, DNAm GrimAge (in units of years), is a
composite biomarker based on the seven DNAm surrogates and a DNAm‐based estimator of smoking pack‐
years. Adjusting DNAm GrimAge for chronological age generated novel measure of epigenetic age acceleration,
AgeAccelGrim.
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Using large scale validation data from thousands of individuals, we demonstrate that DNAm GrimAge stands
out among existing epigenetic clocks in terms of its predictive ability for time‐to‐death (Cox regression P=2.0E‐
75), time‐to‐coronary heart disease (P=6.2E‐24), time‐to‐cancer (P= 1.3E‐12), its strong relationship with
computed tomography data for fatty liver/excess visceral fat, and age‐at‐menopause (P=1.6E‐12).
AgeAccelGrim is strongly associated with a host of age‐related conditions including comorbidity count (P=3.45E‐
17). Similarly, age‐adjusted DNAm PAI‐1 levels are associated with lifespan (P=5.4E‐28), comorbidity count (P=
7.3E‐56) and type 2 diabetes (P=2.0E‐26). These DNAm‐based biomarkers show the expected relationship with
lifestyle factors including healthy diet and educational attainment.
Overall, these epigenetic biomarkers are expected to find many applications including human anti‐aging
studies.

INTRODUCTION

RESULTS

DNAm levels have been used to build accurate
composite biomarkers of chronological age [1-4].
DNAm-based age (epigenetic age) estimators, include
the pan tissue epigenetic clock by Horvath 2013 [1],
based on 353 CpGs, and an estimator developed by
Hannum 2013 [2], based on 71 CpGs in leukocytes.
These estimators predict lifespan after adjusting for
chronological age and other risk factors [5-9].
Moreover, they are also associated with a large host of
age-related conditions [10-20]. Recently, DNAm-based
biomarkers for lifespan (time-to-death due to all-cause
mortality) have been developed [21, 22]. For example,
Zhang et al (2017) combined mortality associated CpGs
[21] into an overall mortality risk score, while Levine et
al (2018) developed a lifespan predictor, DNAm
PhenoAge, by regressing a phenotypic measure of
mortality risk on CpGs [22].

Overview of the two-stage approach for defining
DNAm GrimAge
We constructed the DNAm GrimAge in two-stages.
First, we defined surrogate DNAm biomarkers of
physiological risk factors and stress factors. These
include the following plasma proteins: adrenomedullin,
C-reactive protein, plasminogen activation inhibitor 1
(PAI-1), and growth differentiation factor 15 (GDF15)
[23, 24]. In addition, given that smoking is a significant
risk factor of mortality and morbidity, we also used
DNAm-based estimator of smoking pack-years. Second,
we combined these biomarkers into a single composite
biomarker of lifespan, DNAm GrimAge, which is
expressed in units of years. We then performed a largescale meta-analysis (involving more than 7000 Illumina
array measurements), showing that DNAm GrimAge is
a better predictor of lifespan than currently available
DNAm-based predictors.

Many analytical strategies are available for developing
lifespan predictors from DNAm data. The reported
single stage approach involves the direct regression of
time-to-death (due to all-cause mortality) on DNAm
levels. By contrast, the current study employed a novel
two-stage procedure: In stage 1, we defined DNAmbased surrogate biomarkers of smoking pack-years and
a selection of plasma proteins that have previously been
associated with mortality or morbidity. In stage 2, we
regressed time-to-death on these DNAm-based
surrogate biomarkers. The resulting mortality risk
estimate of the regression model is then linearly
transformed into an age estimate (in units of years). We
coin this DNAm-based biomarker of mortality "DNAm
GrimAge" because high values are grim news, with
regards to mortality/morbidity risk. Our comprehensive
studies demonstrate that DNAm GrimAge stands out
when it comes to associations with age-related conditions, clinical biomarkers, and computed tomography
data.
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Our studies reveal a surprising finding; which is that in
some instances, the DNAm-based surrogate biomarkers
(e.g. for smoking pack-years) is a better predictors of
mortality than the actual observed (self-reported)
biomarker. We also correlated DNAm GrimAge with
lifestyle factors and a host of age-related conditions,
e.g. we demonstrate that these DNAm-based biomarkers
predict time to cardiovascular disease. Finally, we show
that DNAm GrimAge is also associated with age-related
changes in blood cell composition and leukocyte
telomere length.
Training and test data from the Framingham Heart
Study
We began by correlating the levels of 88 plasma protein
variables (measured using immunoassays) with DNAm
array data generated from the same blood samples of
n=2,356 individuals from the Framingham heart study

304

AGING

(FHS) Offspring Cohort [25] (Supplementary Note 1).
We divided the FHS data randomly into a training set
(70% of the FHS pedigrees, N= 1731 individuals from
622 pedigrees) and a test data set (30% pedigrees,
N=625 individuals from 266 pedigrees, Supplementary
Table 1). The mean age of individuals donating DNA
for the training set was 66 years, while that of
individuals in the test dataset was 67. These participants
had similar demographic profiles, smoking history, and
number of years’ follow-up as those in the training set
(Supplementary Table 1).

order to ensure future compatibility. Each of the 88
plasma protein variables (dependent variable) was
regressed on chronological age, sex, and the CpGs
levels in the training data using an elastic net regression
model [26], which automatically selected a subset of
CpGs (typically fewer than 200 CpGs) whose linear
combination best predicted the corresponding plasma
level in the training data (Methods). For example, the
DNAm levels of 137 CpGs and 211 CpGs allowed us to
estimate the plasma levels of GDF15 and PAI-1,
respectively. The predicted DNAm values of GDF15
and PAI-1 can then be used as surrogate markers for the
measured plasma levels. In general, we denote DNAmbased surrogate markers of plasma proteins and
smoking pack-years by adding the prefix "DNAm" to
the respective variable name, e.g. DNAm pack-years
(Fig. 1 and Supplementary Table 2).

Stage 1: DNAm-based surrogate biomarkers of
plasma proteins and smoking pack-years
We used the training data to define DNAm-based
surrogate markers of 88 plasma protein variables and
smoking pack-years. We restricted the analysis to CpGs
that are present on both the Illumina Infinium 450K
array and the new Illumina EPIC methylation array in

Not all of the available 88 plasma protein levels were
successfully imputed based on DNAm data.

Figure 1. Flowchart for developing DNAm GrimAge. Surrogate DNAm‐based biomarkers for smoking pack‐years and plasma protein
levels were defined and validated using training and test data from the Framingham Heart study (stage 1). Only 12 out of 88 plasma
proteins exhibited a correlation r >0.35 with their respective DNAm‐based surrogate marker in the test data. In stage 2, time‐to‐death
(due to all‐cause mortality) was regressed on chronological age, sex, and DNAm‐based biomarkers of smoking pack‐years and the 12
above mentioned plasma protein levels. The elastic net regression model automatically selected the following covariates: chronological
age (Age), sex (Female), and DNAm based surrogates for smoking pack‐years (DNAm PACKYRS), adrenomedullin levels (DNAm ADM),
beta‐2 microglobulin (DNAm B2M), cystatin C (DNAm Cystatin C), growth differentiation factor 15 (DNAm GDF‐15), leptin (DNAm Leptin),
plasminogen activation inhibitor 1 (DNAm PAI‐1), tissue inhibitor metalloproteinase 1 (DNAm TIMP‐1). The linear combination of the
covariate values XTβ was linearly transformed to be in units of years. Technically speaking, DNAm GrimAge is a mortality risk estimator.
Metaphorically speaking, it estimates biological age.
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Table 1. Reproducibility and age correlations of DNAm based surrogate biomarkers.
Training
(N=1731)
Observed
biomarker

Correlation ( r )

DNAm based surrogate
adrenomedullin
beta-2-microglobulin
CD56
ceruloplasmin
cystatin-C
EGF fibulin-like ECM protein1
growth differentiation factor 15
leptin
myoglobin
plasminogen activator inhibitor 1
serum paraoxonase/arylesterase 1
tissue Inhibitor Metalloproteinases 1
smoking pack-years

0.65
0.62
0.86
0.56
0.58
0.59
0.74
0.68
0.50
0.69
0.57
0.43
0.79

Age
0.63
0.83
0.17
0.04
0.81
0.72
0.71
0.06
-0.04
0.19
-0.22
0.92
0.17

Test
(N=625)
Observed
biomarker
0.38
0.43
0.36
0.49
0.39
0.41
0.53
0.35
0.38
0.36
0.51
0.35
0.66

Age
0.64
0.85
0.17
-0.02
0.83
0.87
0.81
0.05
0.03
0.16
-0.22
0.90
0.13

The table reports the correlation coefficients between the observed marker (i.e. observed plasma protein level or self‐
reported smoking pack‐years) and its respective DNAm‐based surrogate marker in 1) the FHS training data and 2) the FHS
test data. Each of the DNA‐based surrogate biomarkers (rows) leads to a correlation r > 0.35 in both training and test
datasets (columns 2 and 4). DNAm‐based pack‐years is highly correlated with the self‐report pack‐years in both training and
test datasets (r ≥ 0.66). The table also reports the correlation coefficients between the DNAm‐based surrogate biomarkers
(rows) and chronological age in the FHS training and test data (columns 3 and 5).

Instead, only 12 of the 88 plasma proteins exhibited a
moderately high correlation coefficient (r>0.35)
between their measured levels and their respective
DNAm-based surrogate marker in the test data set
(Table 1). We focused on these 12 DNAm surrogate
biomarkers in stage 2. Additionally, we constructed a
DNAm-based surrogate of self-reported smoking packyears, DNAm pack-years, based on a linear combination of 172 CpGs.

adrenomedullin (ADM), beta-2-microglobulim (B2M),
cystatin C (Cystatin C), GDF-15, leptin (Leptin), PAI-1,
and tissue inhibitor metalloproteinases 1 (TIMP-1),
(Supplementary Table 2). DNAm-based biomarkers for
smoking pack-years and the 7 plasma proteins are based
on fewer than 200 CpGs each, totaling 1,030 unique
CpGs (Supplementary Table 2). Details on the plasma
proteins can be found in Supplementary Note 2.
The linear combination of covariates resulting from the
elastic net Cox regression model can be interpreted as
an estimate of the logarithm of the hazard ratio of
mortality. We linearly transformed this parameter into
an age estimate, i.e., DNAm GrimAge, by performing a
linear transformation whose slope and intercept terms
were chosen by forcing the mean and variance of
DNAm GrimAge to match that of chronological age in
the training data (Methods, Fig. 1). In independent test
data, DNAm GrimAge is calculated without estimating
any parameter because the numeric values of all
parameters were chosen in the training data. Following
the terminology from previous articles on DNAm-based
biomarkers of aging, we defined a novel measure of

Stage 2: Constructing a composite biomarker of
lifespan based on surrogate biomarkers
In stage 2, we developed a predictor of mortality by
regressing time-to-death due to all-cause mortality
(dependent variable) on the following covariates: the
DNAm-based estimator of smoking pack-years,
chronological age at the time of the blood draw, sex,
and the 12 DNAm-based surrogate biomarkers of
plasma protein levels. The elastic net Cox regression
model automatically selected the following covariates:
DNAm pack-years, age, sex, and the following 7
DNAm-based surrogate markers of plasma proteins:
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epigenetic age acceleration, AgeAccelGrim, which, by
definition, is not correlated (r=0) with chronological
age. Toward this end, we regressed DNAm GrimAge on
chronological age using a linear regression model and
defined AgeAccelGrim as the corresponding raw
residual (i.e. the difference between the observed value
of DNAm GrimAge minus its expected value). Thus, a
positive (or negative) value of AgeAccelGrim indicates
that the DNAm GrimAge is higher (or lower) than
expected based on chronological age.

these analyses. For the same reason, we also used ageadjusted versions of our DNA-based surrogate markers
(for smoking pack-years and the seven plasma protein
levels). In general, all association tests were adjusted for
chronological age and, when required, other confounders as well (such as sex, Methods).
Pairwise correlations between DNAm GrimAge and
surrogate biomarkers
Using the test data from the FHS, we calculated
pairwise correlations between DNAm GrimAge and its
underlying variables (Fig. 2 and Supplementary Table
2). DNAm GrimAge is highly correlated with DNAm

Unless indicated otherwise, we used AgeAccelGrim
(rather than DNAm GrimAge) in association tests of
age-related conditions because age was a confounder in

Figure 2. Heat map of pairwise correlations of DNAm based biomarkers. The heat map color‐codes the pairwise Pearson
correlations of select variables (surrounding the definition of DNAm GrimAge) in the test data from the Framingham Heart Study
(N=625). DNAm GrimAge is defined as a linear combination of chronological age (Age), sex (Female takes on the value 1 for females
and 0 otherwise), and eight DNAm‐based surrogate markers for smoking pack‐years (DNAm PACKYRS), adrenomedullin levels (DNAm
ADM), beta‐2 microglobulin (DNAm B2M), cystatin C (DNAm Cystatin C), growth differentiation factor 15 (DNAm GDF‐15), leptin
(DNAm Leptin), plasminogen activation inhibitor 1 (DNAm PAI‐1), issue inhibitor metalloproteinase 1 (DNAm TIMP‐1). The figure also
includes an estimator of mortality risk, mortality.res, which can be interpreted as a measure of "excess" mortality risk compared to
the baseline risk in the test data. Formally, mortality.res is defined as the deviance residual from a Cox regression model for time‐to‐
death due to all‐cause mortality. The rows and columns of the Figure are sorted according to a hierarchical clustering tree. The
shades of color (blue, white, and red) visualize correlation values from ‐1 to 1. Each square reports a Pearson correlation coefficient.
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TIMP-1 (r=0.90) and chronological age (r=0.82). An
estimate of excess mortality risk (called mortality
residual mortality.res) exhibits higher positive
correlations with both DNAm GrimAge and DNAm
TIMP-1 (r ~ 0.40) than with chronological age (r ~
0.35, Fig. 2), in keeping with our later finding that these
DNAm biomarkers are better predictors of lifespan than
chronological age. With the exception of DNAm
Leptin, all of the DNAm-based biomarkers exhibited
positive correlations with the measure of excess
mortality risk (0.41 ≥ r ≥ 0.16, Fig. 2). With the
exception of DNAm Leptin, all DNAm based surrogate
biomarkers exhibited moderate to strong pairwise
correlations with each other. DNAm Leptin is elevated in
females (Supplementary Fig. 1A, B) consistent with what
has been reported in the literature [27, 28]. After
stratifying by sex, we find that plasma leptin levels
increase weakly with age (r=0.18 and P=2.1E-3 in males;
r=0.19, P=4.8E-4 in females, Supplementary Fig. 1E, F).

smokers (Supplementary Fig. 3) or to former/current
smokers (Supplementary Fig. 4). AgeAccelGrim remains
a highly significant predictor of lifespan after restricting
the analysis to never-smokers (N=3,988, meta analysis
P=1.1E-16, Supplementary Fig. 3A) or to former/current
smokers (P=3.5E-33, Supplementary Fig. 4A).
Instances in which DNAm-based
outperform observed biomarkers

The DNAm-based surrogate biomarker for smoking
pack-years has two surprising properties. First, it
predicts lifespan in never-smokers (P=1.6E-6, Supplementary Fig. 3I). Second, the surrogate marker is a
more significant predictor of lifespan than self-reported
pack-years: P=8.5E-5 for DNAm marker versus
P=2.1E-3 for observed pack-years in in the FHS test
data; similarly, P=5.3E-4 versus 0.18 in the InChianti
Study (Supplementary Table 3). The superior predictive
performance of DNAm based surrogate biomarkers visà-vis their observed/ counter parts also applies to PAI-1
plasma levels (P=8.7E-4 for the DNAm marker versus
P=0.074 for the observed levels), TIMP-1 (P=3.8E-4 for
the DNAm marker versus P=0.017), and to a lesser
extent to cystatin C (P=0.019 for the DNAm estimator
versus P=0.054 for the observed level, Supplementary
Table 4).

Predicting time-to-death in validation data
To evaluate whether our novel DNAm-based biomarkers are better predictors of lifespan than
chronological age, we analyzed N=7,375 Illumina
methylation arrays generated from blood samples of
6,935 individuals comprising 3 ethnic/racial groups:
50% European ancestry (Caucasians), 40% African
Americans, and 10% Hispanic ancestry (Table 2,
Methods, and Supplementary Note 1). The data came
from different cohort studies: test data from the FHS,
BA23 and EMPC study from the Women’s Health
Initiative (WHI), the InCHIANTI cohort study, and
African Americans from the Jackson Heart Study (JHS).
We stratified each cohort by race/ethnicity (resulting in
9 strata) to avoid confounding and to ascertain whether
the mortality predictors apply to each group separately.

Mortality prediction based on observed plasma
protein levels
The AgeAccelGrim is a composite biomarker derived
from DNAm-based surrogate biomarkers of plasma
protein levels and smoking pack-years. This begs the
question whether a predictor of lifespan based directly on
observed plasma protein levels and self-reported smoking
pack-years, would outperform its DNAm-based analog?
Analogous to our construction of DNAm GrimAge, we
used a Cox regression model to regress time to-death on
the observed plasma protein levels and self-reported
pack-year in the training data (Methods). The resulting
mortality risk estimator (defined as weighted average of
the observed biomarkers) was linearly transformed into
units of years. The resulting predictor, i.e., observed
GrimAge, and its age-adjusted version. i.e., DNAm based
AgeAccelGrim, were compared in the FHS, showing
similar HRs (observed AgeAccelGrim HR=1.10,
P=3.2E-7; DNAm based AgeAccelGrim HR= 1.12,
P=8.6E-5, Supplementary Table 5). Overall, this
comparison shows that DNAm levels in general and our
DNAm-based surrogate biomarkers in particular capture
a substantial proportion of the information that is
captured by the 7 selected plasma proteins and selfreported smoking pack-years. Since our study focuses on
DNAm-based biomarkers, we will only consider DNAmbased biomarkers in the following.

The mean chronological age at the time of the blood
draw was 63.0 years. The mean follow-up time (used
for assessing time-to-death due to all-cause mortality)
was 13.7 years. Since chronological age is one of the
component variables underlying DNAmGrimAge, it is
not surprising that the latter is highly correlated with
age in each of the study cohorts (r ≥ 0.79, Supplementary Fig. 2).
While each (age-adjusted) component variable
underlying DNAm GrimAge is a significant predictor of
lifespan (Fig. 3), DNAm pack-years (meta-analysis
P=1.7E-47) and DNAm PAI-1(P=5.4E-28) exhibit the
most significant meta-analysis P-values. The fixed
effects
meta-analysis
P-values
reveal
that
AgeAccelGrim stands out when it comes to lifespan
prediction (meta-analysis P=2.0E-75, Fig. 3A). The
same applies when the analysis is restricted to never-
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P=2.0E-10) and DNAm PAI-1 (HR=1.58 and P=8.9E10, Supplementary Fig. 5).

Figure 3. Meta analysis forest plots for predicting time‐to‐death due to all‐cause mortality. Each panel reports a meta‐
analysis forest plot for combining hazard ratios predicting time‐to‐death based on a DNAm‐based biomarker (reported in the figure
heading) across different strata formed by racial group within cohort. (A) Results for AgeAccelGrim. Each row reports a hazard ratio (for
time‐to‐death) and a 95% confidence interval resulting from a Cox regression model in each of 9 strata (defined by cohort and racial
groups). Results for (age‐adjusted) DNAm‐based surrogate markers of (B) adrenomedullin (ADM), (C) beta‐2 microglobulin (B2M), (D)
cystatin C (Cystatin C), (E) growth differentiation factor 15 (GDF‐15), (F) leptin, (G) plasminogen activation inhibitor 1 (PAI‐1), (H) tissue
inhibitor metalloproteinase 1 (TIMP‐1) and (I) smoking pack‐years (PACKYRS). The sub‐title of each panel reports the meta‐analysis p‐
value and a p‐value for a test of heterogeneity Cochran Q test (Het.). (A) Each hazard ratio (HR) corresponds to a one‐year increase in
AgeAccelGrim. (B‐H) Each hazard ratio corresponds to an increase in one‐standard deviation. (I) Hazard ratios correspond to a 1 year
increase in pack‐years. The most significant meta‐analysis P value (here AgeAccelGrim) is marked in red. A non‐significant Cochran Q
test p‐value is desirable because it indicates that the hazard ratios do not differ significantly across the strata. For example, the hazard
ratios associated with AgeAccelGrim exhibit insignificant heterogeneity across the strata (
=0.16).

Cross sectional studies reveal that AgeAccelGrim is
associated with hypertension (odds ratio [OR]=1.04 and
P= 5.1E-13, Supplementary Fig. 6), type 2 diabetes
(OR=1.02 and P=0.01, Supplementary Fig. 7), and
physical functioning (Stouffer P=1.7E-8, Supplementary Fig. 8). All of the reported associations are in
the expected directions, e.g. higher values of
AgeAccelGrim are associated with lower physical
functioning levels. In women, early age at menopause is
associated with significantly higher values of
AgeAccelGrim (P=1.6E-12, Supplementary Fig. 9A)
and to a lesser extent with all of the age-adjusted
versions of the DNAm based surrogate markers, notably
DNA cystatin C (P=2.2E-6) and DNAm GDF-15
(P=1.3E-5, Supplementary Fig. 9).

Age-related conditions
Our Cox regression analysis of time-to-coronary heart
disease (CHD), reveals that AgeAccelGrim is highly
predictive of incident CHD (HR=1.07, P=6.2E-24 and
=0.4, Fig. 4A). As expected, several underlying
DNAm-based surrogate biomarkers also individually
predict incident CHD; notably the age-adjusted versions of DNAm smoking pack-years (HR=1.02,
P=6.4E-14) and DNAm PAI-1 (HR=1.31 per SD,
P=3.6E-12).
Similarly, time-to-congestive heart failure (CHF) is also
associated with AgeAccelGrim (HR=1.10 and P=4.9E9), age-adjusted DNAm cystatin C (HR=2.02 and
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Figure 4. Meta analysis forest plots for predicting time‐to‐coronary heart disease. Each panel reports a meta‐analysis forest
plot for combining hazard ratios predicting time to CHD and the DNAm‐based biomarker (reported in the figure heading) across different
strata formed by racial groups within cohorts. (A) Results for AgeAccelGrim. Each row reports a hazard ratio (for time‐to‐CHD) and a 95%
confidence interval resulting from a Cox regression model in each of 9 strata (defined by cohort and racial groups). Results for (age
adjusted) DNAm‐based surrogate markers of (B) adrenomedullin (ADM), (C) beta‐2 microglobulin (B2M), (D) cystatin C (Cystatin C), (E)
growth differentiation factor 15 (GDF‐15), (F) leptin, (G) plasminogen activation inhibitor 1 (PAI‐1), (H) tissue inhibitor metalloproteinase
1 (TIMP‐1) and (I) smoking pack‐years (PACKYRS). The sub‐title of each panel reports the meta‐analysis p‐value and a p‐value for a test of
heterogeneity Cochran Q test (Het.). (A) Each hazard ratio (HR) corresponds to a one‐year increase in AgeAccelGrim. (B‐H) Each hazard
ratio corresponds to an increase in one‐standard deviation. (I) Hazard ratios correspond to a one unit increased in DNAm pack‐years. The
most significant meta‐analysis P value (here AgeAccelGrim) is marked in red.

mentary Figs. 5-7 and 9), while lower levels are
associated with disease free status (Stouffer P=2.9E-11,
Supplementary Fig. 10) and better physical functioning
(Stouffer P=1.4E-8, Supplementary Fig. 8).

DNAm plasminogen activation inhibitor 1
AgeAccelGrimAge outperforms (age-adjusted versions
of) DNAm smoking pack-years and the 7 DNAm-based
surrogate markers of plasma protein levels individually
with regards to prediction of time-to-death or time-tocoronary heart disease (Figs. 3 and 4). However, ageadjusted DNAm PAI-1 outperforms AgeAccelGrim for
several age-related traits (Supplementary Fig. 5-9),
notably the comorbidity index (defined as the total
number of age-related conditions) where Stouffer's
meta-analysis P value for DNAm PAI-1 (P=7.3E-56) is
more significant than that for AgeAccelGrim (P=2.0E16, Fig. 5). As with AgeAccelGrim, higher levels of
age-adjusted DNAm PAI-1 are associated with hypertension status, type 2 diabetes status, time-to-CHD (Fig.
4), time-to-CHF, and early age at menopause (Supple-
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Heritability analysis
We used pedigree based polygenic models (Methods) to
measure heritability estimates of AgeAccelGrim and the
individual biomarkers. There is significant heritability
for AgeAccelGrim ( =0.30, P=0.022) and observed
=0.37, P=0.006, Supplementary
AgeAccelGrim (
Table 6). Similarly, several of our DNAm-based
surrogate biomarkers (PAI1, B2M, ADM, and GDF15)
and their observed counterparts are also highly heritable
(Supplementary Table 6), e.g. DNAm PAI-1 ( =0.34
and P=7.1E-3), observed PAI-1 levels ( =0.51 and
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of year. AgeAccelGrim exhibits moderate positive
correlations with each of the three alternative measures
of epigenetic age acceleration (0.17 ≤ r ≤ 0.45,
Supplementary Fig. 11) with the strongest correlation
with AgeAccelPheno. The relatively weak correlation
with Horvath’s pan-tissue clock (r=0.17) probably
reflects the fact that DNAm GrimAge was developed
exclusively with blood methylation data. It is evident
that AgeAccelGrim is superior with respect to metaanalysis P-values for prediction of time-to-death:
AgeAccelGrim (P=2.0E-75, HR=1.10), AgeAccel
(Meta P=8.9E-5, HR=1.02, Supplementary Fig. 12),
AgeAccelHannum (Meta P=6.8E-16, HR=1.04),
AgeAccelPheno (Meta P=3.5E-36, HR=1.05). The
results remain qualitatively the same after restricting the
analysis to never-smokers or former/current smokers
(Supplementary Figs. 13 and 14).

P=6.2E-4), DNAm Beta 2 microglobulin levels (
=0.45 andP=2.4E-3), and observed B2M ( =0.34 and
P=3.3E-3). Overall, these results suggest that many
observed and DNAm-based biomarkers are heritable.
AgeAccelGrim versus other epigenetic measures of
age acceleration
Using the same validation datasets (N=7,375 arrays),
we compared DNAm GrimAge with three widely-used
DNA-based biomarkers of aging: DNAm age estimator
based on different somatic tissues by Horvath (2013)
[1],the DNAm age estimator based on leukocytes by
Hannum (2013) [2] and the DNAm PhenoAge estimator
by Levine (2018) [22]. The respective age-adjusted
measures of epigenetic age acceleration will be denoted
as AgeAccel (or AgeAccelerationResidual), AgeAccel
Hannum, and AgeAccelPheno following the notation of
previous publications. The four epigenetic measures of
age acceleration (including AgeAccelGrim) are in units

Similarly, AgeAccelGrim stands out when comparing
individuals in the top 20% percentile of epigenetic age

Figure 5. Meta‐analysis of associations with total number of age‐related conditions. Each panel reports a meta‐analysis
forest plot for combining regression coefficients between the comorbidity index and the DNAm‐based biomarker (reported in the figure
heading) across different strata, which are formed by racial group within cohort. (A) Meta analysis of the regression slope between
AgeAccelGrim and the comorbidity index. Analogous results for (age‐adjusted) DNAm based surrogate markers of (B) adrenomedullin
(ADM), (C) beta‐2 microglobulin (B2M), (D) cystatin C (Cystatin C), (E) growth differentiation factor 15 (GDF‐15), (F) leptin, (G)
plasminogen activation inhibitor 1 (PAI‐1), (H) tissue inhibitor metalloproteinase 1 (TIMP‐1) and (I) smoking pack‐years (PACKYRS). The
individual study results were combined using fixed effect meta‐analysis (reported in the panel heading). Cochran Q test for
heterogeneity across studies (Het.). The effect sizes correspond to one year of age acceleration in panel A, one pack‐year in panel I and
one standard deviation in other panels for DNAm proteins. The estimate with the most significant meta P value is marked in red.
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acceleration to those in the bottom 20% percentile
(Stouffer meta-analysis P= 6.4E-38, Supplementary Fig.
15), AgeAccelPheno (P=5.7E-21), AgeAccelHannum
(P=1.3E-5), and AgeAccel (P=0.17).

(younger/older than 65 years), body mass index (obese
versus non-obese), educational attainment, prevalent
condition at baseline such as prior history of cancer,
type 2 diabetes, or hypertension. In all of these strata,
AgeAccelGrim remains a significant predictor of timeto-death (Supplementary Table 7) and time-to-CHD
(Supplementary Table 8). Furthermore, AgeAccelGrim
outperforms existing DNAm-based biomarkers of aging
in all strata except for one (comprised of n=281
individuals with a prior history of cancer).

When it comes to significant associations with
comorbidity index, age-adjusted DNAm PAI-1(
=7.3E-56, Fig.5) outperforms all other
DNAm-based biomarkers including AgeAccelGrim
=2.0E-16)
and
AgeAccelPheno
(
(
=7.8E-21, Supplementary Fig. 16).

These subgroup analysis results also confirm that
epigenetic age acceleration is an independent predictor
of earlier mortality even after adjusting for possible
confounders and within major subgroups of the population. Additional results applied to age-adjusted DNAm
proteins and DNAm pack-years are listed in Supplementary Data 1. With few exceptions, we found that
DNAm-based PAI-1, TIMP-1 and pack-years remained
highly significant in each stratum.

AgeAccelGrim
is
more
informative
than
AgeAccelPheno
in
predicting
time-to-CHD
(
=6.2E-24 and
=1.07
versus
= 1.7E-8 and
=1.03, Supplementary Fig. 17) even after stratifying the
analysis by smoking status (Supplementary Figs. 18 and
19).
AgeAccelGrim greatly outperforms the other 3
measures of epigenetic age acceleration including
predicting time to (any) cancer (AgeAccelGrim P=
1.3E-12 versus AgeAccelPheno P=2.7E-3, Supplementary Fig. 20) and as related to an inverse association
with early age at menopause in women (AgeAccelGrim
P=1.6E-12 versus AgeAccel P=2.2E-3, Supplementary
Fig. 21). A sensitivity analysis reveals that the latter
finding remains qualitatively the same even after
removing the InChianti cohort, which exhibited the
strongest negative association between epigenetic age
acceleration and age at menopause (Supplementary Fig.
22).

Exceptionally fast/slow agers
The DNAm GrimAge estimate allows an intuitive
interpretation as physiological age since it is in units of
years. However, if someone is 8 years older than
expected, this does not mean that this person has on
average a 8 year shorter life expectancy. Rather, one
should use the hazard ratio when it comes to assessing
mortality risks. It is a statistical co-incidence that the
hazard ratio associated with one-year increase in
AgeAccelGrim is the same in strata comprised of neversmokers (HR=1.10, Supplementary Fig. 3A),
former/current smokers (HR=1.10, Supplementary Fig.
4A), and among all individuals combined (HR=1.10,
Fig. 3A). This allows us to evaluate the mortality risks
in exceptionally fast and slow agers (according to
AgeAccelGrim) irrespective of their smoking status.
The top 5th percentile and the 95% percentile of
AgeAccelGrim corresponds to -7.5 years and + 8.3
years respectively (Supplementary Table 9). A person in
the top 95th percentile of AgeAccelGrim (=8.3 years)
faces a hazard of death that is twice that of the average
person in their stratum (whose AgeAccelGrim equals
0). Specifically, fast aging status is associated with a
hazard ratio of HR=2.2=1.108.3. Conversely, a slow ager
in the bottom 5th percentile (-7.5 years) faces a hazard
of death that is half that of the average person in their
stratum, HR=0.49=1.10-7.5.

Multivariate Cox models adjusting for traditional
risk factors
The above-mentioned Cox regression models were
adjusted for age at blood draw (baseline), batch,
pedigree, and intra-subject correlation as needed. We
also fit multivariate Cox regression models that
included additional covariates assessed at baseline:
body mass index, educational level, alcohol intake,
smoking pack-years, prior history of diabetes, prior
history of cancer, and hypertension status (Methods).
Even after adjusting for these known risk factors for
morbidity, AgeAccelGrim remained a highly significant
predictor of lifespan (P=5.7E-29, Supplementary Fig.
23) and time-to-CHD (P=3.7E-11, Supplementary Fig.
24) and outperformed previously published measures of
epigenetic age acceleration.

DNAm GrimAge versus single stage estimators of
mortality risk

Stratified analyses

DNAm GrimAge was built using a novel two-stage
approach that critically depended on the development of
DNAm-based surrogate biomarkers. To justify the

We evaluated AgeAccelGrim and underlying DNAm
biomarkers in different strata characterized by age
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Association with blood cell composition

utility of this indirect approach, we compared DNAm
GrimAge with several DNAm-based mortality risk
predictors that were developed by directly regressing
lifespan on DNAm data (referred to as single stage
mortality predictors). To this end, we developed a new
mortality predictor, DNAm Mortality (in year units) by
directly regressing time-to-death (due to all-cause
mortality) on CpGs in the FHS training data. DNAm
Mortality was calculated as linear combination of 59
CpGs. The direct approach entailed the constructions of
DNAm Mortality, an elastic net Cox regression model,
and linear transformation of the mortality risk to ensure
that the values of DNAm Mortality are in units of years
(Methods). In addition, we also evaluated the published
mortality predictor by Zhang [21] which, remarkably, is
based on only 10 CpGs (Methods). The latter two
(single-stage) lifespan predictors were found to
correlate highly with each other (r=0.77 in the FHS test
data).

DNAm data allow one to estimate several quantitative
measures of blood cell types as described in Methods
[30, 31]. We previously showed that DNAm biomarkers
of aging, which capture age-related changes in blood
cell composition, are better predictors of lifespan than
those that are independent of blood cell counts [7].
Therefore, we hypothesized that several of our novel
DNAm biomarkers would exhibit significant correlations with these imputed measures of blood cell
composition. This is indeed the case as can be seen
from our large scale meta-analysis across the validation
data (Supplementary Fig. 27, Supplementary Data 2).
AgeAccelGrim is significantly associated with a
decrease in naive CD8 naïve cells (r=-0.22, P=9.2E-62,
Supplementary Fig. 27A and Supplementary Data 2),
CD4+T cells (r=-0.21, P=1.8E-57), and B cells (r=-0.18,
P=9.7E-43) and with an increase in granulocytes/neutrophils (r=0.24, P=1.5E-74) and plasma blasts (r=0.22,
P=7.3E-63). While these results demonstrate that
AgeAccelGrim is associated with an age-related decline
in immune system functioning, our cross sectional
analysis does not allow us to dissect cause-and-effect
relationships.

The novel age-adjusted DNAm Mortality estimator
(HR=1.07, P=3.0E-44) and both versions of Zhang's
mortality risk estimator (P=4.2E-39, Supplementary
Fig. 25) lead to a less significant meta-analysis P-value
for lifespan prediction than AgeAccelGrim (P=2.0E75). It is not meaningful to compare HR estimates (here
HR=1.02 and HR=1.10, respectively) because these HR
estimates critically depend on the scale/distribution of
the respective mortality predictors. To provide a
meaningful and scale-independent comparison, we
focused on the meta-analysis P-values.

Age-adjusted DNAm TIMP-1 exhibits the most
significant correlations with the measures of blood cell
composition (e.g. proportion of granulocytes r=0.36,
P=2.7E-172, Supplementary Fig. 27H and Supplementary Data 2) followed by age-adjusted DNAm Cystatin
C (proportion of CD4+ T cells counts r=-0.33, P=3.4E142). Although many of our DNAm biomarkers are
correlated with blood cell counts, this does not mean
that these measures only capture changes in blood cell
composition as can be seen from the following. First,
measures of blood cell composition correlate weakly
with our age-adjusted DNAm surrogate markers of
smoking pack-years (strongest correlation r=-0.14,
Supplementary Fig. 27I) and PAI-1 levels (strongest
correlation r=0.17, Supplementary Fig. 27G) even
though both biomarkers are strongly associated with
mortality risk and age-related conditions as shown
above. Second, the DNAm surrogate markers remain
significant predictors of mortality in multivariate Cox
regression models that include blood cell counts as
additional covariates as detailed in the following.

AgeAccelGrim also stands out in terms of its metaanalysis P-value for predicting time-to-CHD
(AgeAccelGrim
P=6.2E-24,
AgeAccelMortality
P=4.6E-11, AgeAccelZhang P=9.5E-12, Supplementary
Fig. 26).
It is useful to characterize the different lifespan
predictors in terms of their correlation with DNAm
pack-years because smoking is a major risk factor. Ageadjusted DNAm pack-years exhibits positive correlations with both DNAm Mortality and Zhang's mortality
predictor (r ≥ 0.55). The connection of single stage
mortality predictors to smoking can also be observed at
the CpG level. DNAm Mortality, Zhang’s mortality
predictor, and DNAm pack-years explicitly use CpG
cg05575921 (in the AHRR gene on chromosome
5p15.33), which has previously been identified by
epigenome-wide association studies of cumulative
smoking exposure [21, 29]. Overall, these results
suggest that the two single-stage lifespan predictors
relate more strongly to cumulative smoking exposure
than does AgeAccelGrim.
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Cox models that include blood cell counts
Our multivariate Cox regression models demonstrate
that AgeAccelGrim remains highly predictive of
lifespan (P=2.6E-53) even after adjusting for seven covariates that assess imputed blood cell counts
(Supplementary Fig. 28A). Note that this p-value is only
slightly lower than that obtained without adjustment for
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cytokine signaling pathway (P =3.6E-7 for DNAm PAI1 CpGs) or lipid function (P =3.8E-7 for DNAm PAI-1
CpGs). The significant gene sets for all DNAm
surrogate biomarkers can be found in Supplementary
Data 3.

blood cell counts (P=2.0E-75 in Fig. 3A). Further,
AgeAccelGrim remains highly predictive for time-toCHD (OR=1.07, P=1.1E-17 Supplementary Fig. 29A)
even after adjusting for blood cell counts.
Similarly, our other DNAm biomarkers (such as DNAm
PAI-1, DNAm PACKYRS) remain predictive of
lifespan and time-to-CHD after adjusting for blood cell
counts (Supplementary Figs. 28 B-I and 29 B-I). While
this adjustment typically lowers statistical significance
levels, there is one notable exception: DNAm leptin
levels exhibits more significant P values after adjusting
for blood cell counts (Supplementary Fig. 28 F versus
Fig. 3F; Supplementary Fig. 29F versus Fig. 4F).

Diet, education, and life style factors
Several previous measures of epigenetic age
acceleration in blood have been shown to exhibit
statistically significant but weak correlations with
lifestyle factors and biomarkers of metabolic syndrome
[22, 33]. Here we revisited these cross-sectional studies
in the WHI (comprising approximately 4000 postmenopausal women, Methods) with our novel measures
of AgeAccelGrim and its underlying DNAm-based
surrogate biomarkers (Fig. 6).

Association with leucocyte telomere length
Leukocyte telomere length (LTL) has been found to be
weakly predictive of mortality and cardiovascular
disease. Our meta-analysis reveals a statistically
significant but weak negative correlation between LTL
and AgeAccelGrim (r= -0.12 and meta P= 3.3E-10,
Supplementary Table 10) across data from the FHS,
WHI (BA23 sub-study) and JHS (total N =2,702, 27%
White and 73% African American). Similarly, LTL
exhibits (weak) negative correlations with DNAm based
surrogate biomarkers for GDF-15 (r= -0.10, meta P=
3.4E-7), DNAm PAI-1 (r= -0.10, meta P= 5.1E-8) and
DNAm smoking pack-years (r= -0.09 and meta P=
2.9E-6).

All (age-adjusted) DNAm-based biomarkers correlate
with plasma biomarkers measuring vegetable
consumption, but AgeAccelGrim (robust correlation
coefficient r=-0.26, P=9E-39, Fig. 6) and DNAm PAI-1
(r=-0.25, P=7E-36) stand out in terms of their strong
relationship with mean carotenoid levels (Fig. 6, Supplementary Fig. 30). Far less significant associations
could be observed for self-reported measures of fruit,
vegetable, and dairy intake, which highlights the
limitations of self-reported measures of dietary intake.
The following novel results could not be observed with
previous DNAm-based biomarkers of aging: (selfreported) proportion of carbohydrate consumption was
associated with lower AgeAccelGrim (robust
correlation r=-0.12, P=4E-13) and DNAm PAI-1 (r=0.15, P=3E-20). Conversely, an increased proportion of
fat intake (but not protein intake) was associated with
increased AgeAccelGrim (r=0.09, P=2E-8) and DNAm
PAI-1 (r=0.13, P=1E-14). Measures of lipid metabolism, triglyceride levels and HDL cholesterol levels,
were significantly correlated with AgeAccelGrim
(r=0.11 and r=-0.10, respectively) and even more so
with (age adjusted) DNAm PAI-1 levels (r=0.34 and r=0.11). Similarly, measures of glucose metabolism,
insulin- and glucose levels, exhibited positive correlations with AgeAccelGrim (r=0.16 and r=0.12,
respectively) and with (age adjusted) DNAm PAI-1
levels (r=0.30 and r=0.22).

Functional annotation of sets of CpGs
The genomic locations of the 1030 CpGs underlying the
DNAm GrimAge estimator were analyzed using the
GREAT software tool [32] which assigns biological
meaning to a set of genomic locations (here CpGs) by
analyzing the annotations of nearby genes. At a false
discovery rate of FDR < 0.05 we found 361 gene sets
from GO, KEGG, PANTHER. Among those, 28
surpassed the more stringent Bonferroni correction
including MHC class II receptor activity (nominal
P=1.2E-6), cytokine-mediated signaling pathway
(P=6.9E-5), response to interferon-gamma (P=1.5e-4),
regulation of protein sumoylation (P=4.4E-5), endoderm formation (P=5.9E-5), epigenetic regulation of
gene expression (P=6.7E-5), and fatty acid transmembrane transport (P=9.5E-5).

Similar to what we observed with previous DNAm
based biomarkers of aging, plasma C-reactive protein
levels exhibited comparatively strong positive correlations with DNAm-based biomarkers, particularly
AgeAccelGrim (r=0.28, P=2E-52), DNAm TIMP-1
(r=0.27, P=2E-49), and DNAm PAI-1 (r=0.26, P=1E46).

Similarly, we evaluated sets of CpGs underlying
DNAm-based surrogate biomarkers. At FDR < 0.05, we
found n=388, 307, and 153 significant gene sets for
DNAm B2M, PAI-1, and Cystatin-C, respectively. Of
those, the top gene sets are involved in immune function
(nominal P=1.1E-9 for DNAm B2M CpGs), adipo-
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Figure 6. Cross sectional correlations between DNAm biomarkers and lifestyle factors. Robust correlation coefficients
(biweight midcorrelation [62]) between 1) AgeAccelGrim and its eight age‐adjusted underlying DNAm‐based surrogate biomarkers and 2)
38 variables including self‐reported diet, 9 dietary biomarkers, 12 variables related to metabolic traits and central adiposity, and 5 life
style factors. The 2‐color scale (blue to red) color‐codes bicor correlation coefficients in the range [‐1, 1]. The green color scale (light to
dark) applied to unadjusted P values. The analysis was performed on the WHI cohort in up to 4200 postmenopausal women. An
analogous analysis stratified by race/ethnicity can be found in Supplementary Fig 30.

Measures of adiposity, BMI and waist-to-hip ratio, are
associated with increased AgeAccelGrim, age-adjusted
DNAm PAI-1, and other DNAm-based surrogate biomarkers. Higher education and income are associated
with lower AgeAccelGrim (P=2E-9 and P=2E-6).
AgeAccelGrim stands out when it comes to detecting a
beneficial effect of physical exercise (r=-0.10, P=3E-10).
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Several of our results in the WHI could be replicated in
a smaller dataset (N< 625 individuals from the FHS test
data) that included lipid and metabolic biomarker data
(Supplementary Fig. 31). In the FHS, hemoglobin A1C
and albumin levels (in urine) exhibited significant
positive correlations with AgeAccelGrim, age-adjusted
DNAm PAI-1 (0.10 ≤ r ≤0.12 and 1.4E-7 ≤ P ≤ 2.3E-3),
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and to a lesser extent with our other DNAm based
surrogate biomarkers (Supplementary Fig. 31).
Omega-3
polyunsaturated
supplementation

fatty

mass index is strongly correlated (r=0.42) with
epigenetic age acceleration in human liver but exhibits
only weak correlations with epigenetic age acceleration
in blood (r around 0.10) [39].

acid

Compared to previous epigenetic biomarkers of aging
(Supplementary Fig. 33), AgeAccelGrim and DNAm
PAI-1 stand out in terms of their strong correlations
with CT-derived measures of adiposity (Fig. 7):
AgeAccelGrim is negatively correlated with liver
density (bicor= -0.24, P=1.79E-10) and positively
correlated with VAT volume (bicor=0.23, P=1.77E-12)
in both sexes.

Omega-3 polyunsaturated fatty acid (PUFAs)
supplementation is increasingly used for protection
against cardiovascular disease. However, omega-3
PUFA supplementation was not found to be associated
with a lower risk of cardiac death, sudden death,
myocardial infarction, stroke, or all-cause mortality,
[34-36]. We studied the association between selfreported omega-3 intake and AgeAccelGrim in n=2,174
participants of the FHS and found that omega-3 acids
intake was negatively correlated with AgeAccelGrim
(robust correlation r=-0.10, P=4.6E-7, linear mixed
effects P=1.3E-5, Supplementary Table 11). The effect
of omega 3 supplementation is more pronounced in
males (r=-0.08, P=0.012) than in females (r=-0.05,
P=0.07).

Most of our DNAm-based surrogate biomarkers of
proteins are significantly associated with CT measures
of adiposity (Fig. 7) except for our DNAm-based
surrogate biomarkers of B2M and smoking pack-years
(which exhibit non-significant correlations after
adjusting for multiple comparisons).
The
strong
marginal
correlations
between
AgeAccelGrim and CT measures beg the question
whether they reflect confounding by BMI or sex. This is
not the case as can be seen from a multivariate
regression model that regressed AgeAccelGrim
(dependent variable) on BMI, sex, and several CT
derived measures of organ density and fat volume. Even
after
adjusting
for
potential
confounders,
AgeAccelGrim exhibits a significant association with
liver density (P=6.86E-4) (Model I in Supplementary
Table 12 and Methods). Interestingly, BMI is no longer
associated with AgeAccelGrim after adjusting the
analysis for liver density or VAT volume
(Supplementary Table 12) which suggests that liver
density mediates the relationship between BMI and
AgeAccelGrim.

A multivariate linear mixed model analysis revealed an
association between AgeAgelGrim and omega-3 acid
levels (linear mixed effects P=0.017) after adjusting for
gender, educational levels, data status (an indicator of
training data), and smoking pack-year.
Computed tomography measures of fatty organs
Computed tomography (CT) imaging techniques
provide "shadow images of fat" that can be used for the
indirect quantification of organ quality (e.g. liver).
Radiographic pixels measure the density of an organ
(referred to as attenuation) in Hounsfield units (HU).
CT scans are used for diagnosing fatty liver disease: a
low density/attenuation value (low HU) is associated
with high fat content in the liver.

A multivariate model analysis reveals that
AgeAccelGrim is more strongly associated with VAT
volume (P= 5.54E-4) than with SAT volume (Model II
in Supplementary Table 12) which supports the widely
held view that VAT is more dangerous than SAT.

We analyzed CT scan data from liver, spleen, paraspinal
muscle, visceral adipose tissue (VAT), and subcutaneous adipose tissue (SAT) from the Framingham
Heart Study cohort [37, 38] (Methods).
As expected, BMI exhibited strong positive correlations
with volumetric measures of SAT (r=0.82, Fig. 7) and
VAT (r=0.69). Further, we observed strong negative
correlations between body mass index and density
(attenuation) values in liver (r=-0.55, p=1E-101, Fig. 7),
spleen (r=-0.62,P=3E-157), paraspinal muscle (r=-0.34,
P=7E-42), subcutaneous adipose tissue (SAT, r=-0.42,
P=2E-49), and visceral adipose tissue (VAT, r=-0.60,
P=1E-126). With the exception of muscle, CT values
exhibit only weak correlations with chronological age in
this cohort comprised of older individuals (Supplementary Fig. 32). We previously found that body
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A comprehensive multivariate model that includes both
organ density measures and volumetric measures of
SAT/VAT reveals that liver density (P=7.32E-3)
exhibits the most significant association with
AgeAccelGrim (Model III in Supplementary Table 12).
Age-adjusted DNAm-based surrogate markers of PAI-1,
ADM, TIMP-1, and leptin also exhibit significant
correlation with the CT measures (Fig. 7). The finding
associated with age-adjusted DNAm leptin echoes the
earlier significant association between immunoassay
based leptin with SAT and VAT variables [37].
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Figure 7. Computed tomography variables versus with body mass index and age‐adjusted DNAm biomarkers in the FHS.
The columns correspond to BMI, AgeAccelGrim and age‐adjusted DNAm surrogates of plasma proteins. The rows correspond to
computed tomography‐derived organ density measures (Hounsfield units) or volumetric measures for subcutaneous adipose tissue (SAT
CM3) or visceral adipose tissue (VAT CM3). The columns report the available sample size (n) in the FHS, the robust correlation coefficient
(bicor, based on the biweight midcorrelation coefficient [62]). To avoid confounding by pedigree structure, we computed the p‐value
using a linear mixed effect model (pedigree as random effect). The bicor correlation coefficients are color‐coded (blue to red) across its
range of [‐1, 1]. P‐values are color‐coded in green (light to dark green scale). We applied the correlation analysis to males and females,
respectively, and then combined the results via fixed effect models weighted by inverse variance (listed in the top rows, denoted as “ALL”).

DISCUSSION

Age adjusted DNAm PAI-1 exhibits the strongest
associations with CT-based measures of adiposity: it is
strongly and positively correlated with VAT volume
(r=0.42, P=1.5E-41, Figu 7), SAT volume (r=0.28) and
negatively correlated with liver density (r=-0.41,
P=2.9E-37), VAT density (r=-0.37), and spleen density
(r=-0.23). A multivariate regression analysis of ageadjusted PAI-1 (dependent variable) reveals highly
significant associations with liver density (P=3.17E-14
in Model I) and VAT volume (P=4.22E-13, Model II in
Supplementary Table 13) even after adjusting for BMI
and other confounders. Including all CT variables as
covariates in a multivariate model reveals significant
associations with both liver density (P=3.16E-8) and
VAT volume (P=1.38E-7, Model III in Supplementary
Table 13).

Several articles have previously described DNAm-based
biomarkers for measuring tissue age and for predicting
lifespan [10, 40]. This work shows that DNAm
GrimAge, which is as a linear combination of chronological age, sex, and DNAm-based surrogate biomarkers
for seven plasma proteins and smoking pack-years,
outperforms all other DNAm-based biomarkers, on a
variety of health-related metrics. An age-adjusted version
of DNAm GrimAge, which can be regarded as a new
measure of epigenetic age acceleration (AgeAccelGrim),
is associated with a host of age-related conditions,
lifestyle factors, and clinical biomarkers. Using large
scale validation data from three ethnic groups, we
demonstrate that AgeAccelGrim stands out among preexisting epigenetic clocks in terms of its predictive ability
for time-to-death, time-to-coronary heart disease, time-tocancer, its association with computed tomography data
for fatty liver/excess fat, and early age at menopause.

Overall, these results suggest that fatty liver and excess
VAT are the most significant CT-based measures of
(age-adjusted) DNAm PAI-1 and DNAm Grim.
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Our DNAm-based surrogate biomarker of smoking
might complement self-reported assessments of packyears. The surprising finding that DNAm pack-years
outperforms self-reported pack-years in predicting
lifespan could reflect a) erroneous self-reporting or b)
the fact that DNAm pack-years captures intrinsic
variation across individuals with lasting biological
damage that results from smoking, i.e., inter-individual
sensitivities to smoking.

individual’s ‘aging’ status. Since DNAm captures
important properties of the DNA molecule, these
DNAm biomarkers are proximal to innate aging
processes [10].
Beyond lifespan prediction, AgeAccelGrim (and several
of its underlying surrogate biomarkers including DNAm
PAI-1) relate to many age-related conditions (multimorbidity,
metabolic
syndrome,
markers
of
inflammation) in the expected way, i.e. high values are
associated with a bad risk profile.

Markers of inflammation and metabolic conditions are
associated with several epigenetic biomarkers including
AgeAccelGrim, age-adjusted DNAm TIMP-1, and
DNAm PAI-1. However, DNAm PAI-1 stands out
when it comes to associations with type 2 diabetes
status, glucose-, insulin-, triglyceride levels, anthropometric measures of adiposity (body mass index and
waist-to-hip ratio), and computed tomography data on
fatty liver and excess adipose tissue.

In general, epigenetic aging is distinct from senescencemediated aging and is not prevented by telomerase
expression [50-52]. In spite of this, we do find that
higher values of AgeAccelGrim (and several DNAmbased surrogate markers) are associated with shorter
telomere length and an imputed blood cell composition
that is indicative of immunosenescence.

Our DNAm-based surrogate biomarkers of plasma
protein levels may be leveraged by researchers who rely
on bio-banked DNA samples without the availability of
plasma samples. Strong evidence supports links
between plasma proteins used in the construction of
GrimAge and various age-related conditions: ADM
levels are increased in individuals with hypertension
and heart failure [41]. Plasma B2M is a clinical
biomarker associated with cardiovascular disease,
kidney function, and inflammation [42]. Plasma
cystatin-C is used to assess kidney function [43]. ADM,
B2M, cystatin C, and leptin relate to many age-related
traits including cognitive functioning [44-46]. GDF-15
is involved in age-related mitochondrial dysfunction
[46]. PAI-1 plays a central role in a number of agerelated subclinical and clinical conditions[47], and
recent genetic studies link PAI-1 to lifespan [48]. The
tissue inhibitor of metalloproteinases, TIMP-1, plays an
anti-apoptotic function [49]. We acknowledge the
following limitations. The levels of relatively few
plasma proteins (12 out of 88) were accurately imputed
based on DNAm levels in blood. In the FHS data, the
measurement of the plasma proteins (exam 7) preceded
the measurement of blood DNAm data (exam 8) by 6.6
years, suggesting that the DNAm profiles may not
represent a highly accurate snapshot of the status of
these proteins at the time of blood collection. That said,
the elucidation of cause-and-effect relationships
between plasma proteins and DNAm will require future
longitudinal cohort studies and mechanistic evaluations.
Despite their obvious strengths, DNAm-based biomarkers are unlikely to replace existing clinical biomarkers such as blood glucose or blood pressure
measurements in medical practice. Rather, these
epigenetic biomarkers are expected to complement
existing clinical biomarkers when evaluating the

www.aging‐us.com

Overall, we expect that these DNAm-based biomarkers
will find useful applications in numerous human
studies, especially those of anti-aging interventions.

METHODS
Study cohort
To establish DNAm based estimators and DNAm
GrimAge, we used 2,356 individuals composed of 888
pedigrees from the FHS cohort [25], a large-scale
longitudinal study started in 1948, initially investigating
risk factors for cardiovascular disease (CVD). The FHS
cohort contains medical history and measurements,
immunoassays at exam 7, and blood DNA methylation
profiling at exam 8. The technology of immunoassay
was based on Luminex xMAP assay, an extension of the
enzyme-linked
immunosorbent
assay
(ELISA)
performed with multiple analyte-specific capture
antibodies bound to a set of fluorescent beads. The
DNA methylation profiling was based on the Illumina
Infinium HumanMethylation450K BeadChip.
We assigned 70% pedigrees (1731 individuals/622
pedigrees) to the training process and the remaining
30% of pedigrees (625 individuals/266 pedigrees) to the
FHS test data (Supplementary Table 1). The training
dataset was used to build the DNAm based surrogate
markers for plasma proteins, smoking pack-years, and
the composite biomarker DNAm GrimAge.
Validation data from 5 cohorts
Our validation analyses involved 7,375 Illumina arrays
measuring blood methylation levels in N=6,935
individuals from five independent cohorts: the FHS test
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dataset (N=625), WHI BA23 (N=2107), WHI EMPC
study (N=1972), JHS (N=1747), and InChianti (N=924
from 1 to 2 longitudinal measures on 484 individuals,
Table 2 and Supplementary Note 1). All the statistical
analyses were adjusted for the correlation structure due
to pedigree effects or repeated measurements as
described below.

[55, 56]. We kept the original normalization methods to
ensure consistency with previous publications.
Smoking Pack-Years
The variable "smoking pack-years" attempts to measure
the cumulative amount of cigarettes consumed by the
smoker. It is calculated by the number of packs of
cigarettes smoked per day multiplied by the number of
years the person smoked. We computed smoking packyears using the information up to exam 8 in the FHS
cohort.

Estimation of surrogate DNAm based biomarkers
We developed estimators for plasma proteins based on
blood methylation data. We leveraged immunoassay
measurements in the FHS which profiled 88 plasma
protein biomarkers (in units of pg/mL), including
cardiovascular disease related plasma proteins such as
C-reactive protein [53] and growth differentiation factor
15 (GDF-15) [54]. For each protein marker, missing
values were imputed by the respective median value.
The median missing rate was < 0.3%. Next the resulting
observed plasma levels were regressed on DNAm data
in the FHS training data.

Definition of DNAm GrimAge
We again used an elastic net Cox regression model[26]
to regress time-to-death (due to all-cause mortality)
since exam 7 on the 12 DNAm based surrogate markers
for plasma proteins and on DNAm PACKYR,
chronological age, and sex. As part of stage 2, we
validated the accuracy of the DNAm based surrogate
markers for their observed counterparts in the FHS test
dataset. However, mortality predictor (DNAmGrimAge)
was only fit in the FHS training dataset (N=1731). In the
training dataset, we performed 10-fold cross validation to
specify the value of the tuning parameter λ. A completely
unbiased evaluation of DNAm GrimAge is achieved in
the validation data sets (WHI, JHS, and InChianti).

Each plasma protein was regressed on the CpGs using
the elastic net regression model implemented in the R
package glmnet. Ten-fold cross validation was
performed in the FHS training data to specify the
underlying tuning parameter λ. The selection of CpGs
by the penalized regression model is not robust. Similar
estimator could be built using different sets of CpGs.

Calibration of DNAm GrimAge into units of years
We required the predicted variable associated with the
target variable with >0.35 correlation in both training
and test datasets. Only 12 out of 88 proteins exhibited a
correlation greater than 0.35 between observed plasma
levels and their respective DNAm based estimators in
the FHS test data (Table 1). The missing rates of the 12
ImmunoAssay proteins were less than 0.7%. The
correlation estimates have a distribution of 0.64±0.12
[0.43, 0.86] (mean±SD [range]) in the training dataset
and a distribution of 0.43±0.09 [0.35, 0.66] in the test
dataset.

The final elastic net Cox model listed in Supplementary
Table 2 results in an uncalibrated DNAm GrimAge
estimate, which can be interpreted as the linear
, or alternatively as
combination of the covariates,
the logarithm of the hazard ratio,
log

,

where
is the baseline hazard at time. The linear
, can be interpreted as an uncombination,
calibrated version of DNAm GrimAge. To facilitate an
intuitive interpretation as a physiological age estimator,
we linearly transformed it so that the resulting estimate
would be in units of years. Toward this end, we
imposed the following requirement:

DNA methylation data
Our study involved DNA methylation data generated on
two different Illumina array platforms: Illumina Inf
450K array and the Illumina EPIC array. Our analysis
focused on the subset of 450,161 CpGs that were
present on both platforms. We used meta analysis
techniques to combine the results from the difference
cohorts since the respective methylation data were
normalized using different methods, e.g. the WHI BA23
were normalized using the background correction
method implemented in GenomeStudio. By contrast, the
JHS data were normalized using the "noob" normalization method implemented in the minfi R package
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the mean and variance of the resulting value, DNAm
GrimAge, should be the same as the mean and variance
of the age variable in the FHS training data (exam 7).
This resulted in the following transformation
DNAm GrimAge = 50.28483

8.3268

.

Observed GrimAge
While our DNAm GrimAge was defined with respect to
DNAm based surrogate biomarkers, our observed Grim
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Age estimators is not based on DNA methylation levels.
Rather, it is based on observed plasma protein levels,
self-report pack-years, age, and gender. Observed
GrimAge was built by fitted a Cox regression model
using the observed variables in the same FHS training
data that were used for building the DNAm GrimAge
estimator. We computed a corresponding measure of
age acceleration, called observed AgeAccelGrim, by
adjusting observed GrimAge for chronological age
(defined as raw residual resulting from regressing
observed GrimAge on chronological age).

sema, and disease free status. The variable of “number
of age-related conditions” includes arthritis, cataract,
cancer, CHD, CHF, emphysema, glaucoma, lipid condition, osteoporosis, type 2 diabetes, etc. (see
Supplementary Note 1). In our validation analysis, we
used AgeAccelGrim (the age-adjusted measure of
DNAm GrimAge), and used the scaled measures of
seven DNAm surrogates for plasma proteins based on
the mean and standard deviation (SD) of the FHS
training dataset such that the effect size was approximately corresponding to one SD. All the models were
adjusted for age, and adjusted for batch effect as
needed. To avoid the bias due to familial correlations
from pedigrees in the FHS cohort or the intra subject
correlations from the repeated measures, we accounted
for the correlations accordingly in all the analyses in the
following. In Cox regression analysis, we used robust
standard errors, the Huber sandwich estimator,
implemented in R coxph function. We used linear
mixed models with a random intercept term, implemented in lme R function. We used generalized
estimation equation models (GEE), implemented in R
gee function, for our logistic regression models. Additional covariates related to demographic characteristics,
psychosocial behaviors and clinical covariates were
adjusted in multivariate Cox models analysis. The
additional covariates includes BMI (category),
education attainment (category), alcohol consumption
(gram/day), self report smoking pack-years, three
medical covariates: status of cancer, hypertension and
type 2 diabetes at baseline. The categories associated
with BMI ranges are a) 18.5 -25 (normal), b) 25 to 30

Statistical models used in validation analysis
Validation analysis was performed on 7,735
observations across 6,395 individuals (Table 2 and
Supplementary Note 1) coming from five datasets: the
FHS test dataset (N=625), WHI BA23 (N=2107), WHI
EMPC (N=1972), Jackson Heart Study (JHS, N=1747),
and InChianti study (N=924 from 1 to 2 longitudinal
measures on 484 individuals, Table 2 and Supplementary Note 1). Our validation analysis involved i)
Cox regression for time to death, for time-to-CHD, and
for time to coronary heart failure, ii) linear regression
for our DNAm based measures (independent variable)
associated with and number of age-related conditions
(dependent variable) and physical function score,
respectively, iii) linear regression for age at menopause
(independent variable) associated with our DNAm
measure, iv) logistic regression analysis for estimating
the odds ratios of our DNAm based measure associated
with any cancer, hypertension, type 2 diabetes, emphy-

Table 2. Overview of the cohorts used in the validation analysis.
Smoking status
Study
FHS*
test

N
625

53%

WHI BA23

2107

100%

WHI EMPC

1972

100%

JHS

1747
924
(484)

63%

InChianti**

Female

54%

Age
66.9±8.64
[61,73]
65.3±7.1
[60,70.9]
63.3±7.03
[57.9,68.7]
56.2±12.31
[46.5,65.4]
67±16.64
[60,78]

Never

Former

Current

37%

52%

10%

52%

36%

10%

52%

38%

9%

65%

21%

14%

57%

29%

14%

Pack-years
14.7±19.91
[0,23]
9.5±18.55
[0,12.5]
9±17.27
[0,12.5]
NA
10.3±17.33
[0,16.8]

Years of
Follow-up
7.7±1.78
[7.3,8.8]
16.9±4.63
[15.8,19.9]
18±4.02
[17.9,20.1]
11.7±2.55
[11.2,13.1]
5.4±4.84
[0.1,9.3]

NA=not available.
Quantitative variables are presented in the format of mean ±SD [25th, 75th].
*The distribution of age is based on exam 8.
**The statistics are based on the number of 924 observations across 484 individuals.
The table summarizes the characteristics of 6,935 individuals (corresponding to 7,375 Illumina arrays) from five independent cohorts
that were used in our validation analysis. For example, up to two longitudinal measurements were available for each of 484 individuals
in the InChianti cohort.
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(over), and c) >30 (obese). The categories associated
with education attainment are a) less than high school,
b) high school degree, c) some college, and d) college
degree and above. Both smoking pack-years and
education variables were not available in the JHS
cohort. Smoking category (never, former and current)
was used in the analysis using the JHS cohort.

composite score based on 10 CpGs with weights
determined by a Cox regression with lasso penalty. Of
the 10 CpGs, cg06126421 and cg23665802 were absent
in the JHS cohort and had to be imputed (by the respective median values in the FHS training data).
To provide an unbiased comparison with our mortality
predictors, we applied our age calibration method to the
Zhang estimator as well, resulting in the mortality
predictor "DNAmZhang". The second Zhang estimator,
referred as DNAmZhangScore, was defined as the total
sum of scores of the 10 CpGs with aberrant methylation
[21]. The resulting risk score ranges from 0 to 10.

Meta analysis
We used fixed effect models weighted by inverse
variance to combine the results across validation study
sets into a single estimate by using the metafor R
function in most situations. We also used Stouffer’s
meta analysis method (weighted by the square root of
the sample size) in specific situations where the
harmonization of covariates across cohorts was challenging, e.g. when evaluating the number of age-related
conditions, disease free status and physical function
scores (Fig. 5).

AgeAccelGrim versus blood cell composition
The imputed blood cell abundance measures were
related to DNAm Grim Age models using the validation
study sets: FHS test, WHI BA23, JHS, and InChianti,
involving n=6,003 individuals. The following imputed
blood cell counts were analyzed: B cell, naïve CD4+ T,
CD4+ T, naïve CD8+ T, CD8+ T, exhausted cytotoxic
CD8+ T cells (defined as CD8 positive CD28 negative
CD45R negative), plasma blasts, natural killer cells,
monocytes, and granulocytes. The abundance of naive T
cells, exhausted T cells, and plasma blasts were based
on the Horvath method [61]. The remaining cell types
were imputed using the Houseman method [31]. More
details were described in Supplementary Methods. To
avoid confounding by age, we used AgeAccelGrim and
adjusted all DNAm based surrogate biomarkers by
chronological age (by forming residuals). The correlation results were combined across studies via the same
fixed effect models.

Heritability analysis
In general, epigenetic measures of age acceleration are
highly heritable [52, 57, 58]. To evaluate whether
AgeAccelGrim is heritable as well, we estimated the
using the polygenic models
narrow sense heritability
defined in SOLAR [59] and its R interface solarius [60].
Heritability is defined as the total proportion of
phenotypic variance attributable to genetic variation in
the polygenic model. All traits were adjusted for age
and gender. The robust polygenic model (with the
option of a t-distribution) was used to estimate heritability of AgeAccelGrim and DNAm based proteins.
The heritability estimate correspondents to the variance
component associated with the kinship coefficient. If
the corresponding P value is significant (P<0.05), the
underlying trait is deemed to be heritable.

Cox models that include blood cell counts
We also fit multivariate Cox regression models that
adjusted for imputed blood cell counts in addition to
chronological age, batch, and pedigree structure, for
predicting time-to-death and time-to-CHD. The blood
cell counts were imputed based on DNA methylation
levels (as detailed above). To avoid multi-collinearities
between blood cell counts, we only included the
following 7 blood cell counts into the multivariate
model: naïve CD8+T, exhausted cytotoxic CD8+ T
cells, plasma blasts, CD4+T, natural killer cells, monocytes and granulocytes.

Two stage estimate of mortality versus a single stage
estimate of mortality
To develop our single stage mortality estimator, DNAm
Mortality, we used elastic net Cox regression to regress
time-to-death on the CpG markers, chronological age
and sex in the FHS training data. We used the same
options in the training process (i.e., 10-fold cross
validation for choosing the lambda tuning parameter).
The resulting mortality risk estimator, (uncalibrated)
DNA Mortality, is a linear combination of 59 CpGs and
chronological age. Next we used the same age calibration method that we previously used for DNAm
GrimAge to arrive at a mortality risk estimator in units
of years, DNAm Mortality. We also evaluated the two
mortality risk estimators by Zhang (on the basis of 10
CpGs) [21]. The first risk estimator from Zhang is a
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GREAT analysis
We applied the GREAT analysis software tool [32] to
sets of CpGs (e.g. 1030 CpGs underlying DNAm
GrimAge).CpGs in non-coding regions typically lack
annotation with respect to biological functions. GREAT
assigns biological meaning to a set of non-coding geno-
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mic regions (implicated by the CpGs) by analyzing the
annotations of the nearby genes. Toward this end, the
GREAT software performs both a binomial test (over
genomic regions) and a hypergeometric test over genes
when using a whole genome background. We performed the enrichment based on default settings
(Proximal: 5.0 kb upstream, 1.0 kb downstream, plus
Distal: up to 1,000 kb) for gene sets associated with GO
terms, MSigDB, PANTHER and KEGG pathway. To
avoid large numbers of multiple comparisons, we restricted the analysis to the gene sets with between 10 and
3,000 genes. We report nominal P values and two adjustments for multiple comparisons: Bonferroni correction
and the Benjamini-Hochberg false discovery rate.

linear transformation of the original linear attenuation
coefficient measurement into one in which the
radiodensity of distilled water is defined as zero Hounsfield units (HU). Radiation attenuation in liver, spleen,
or muscle is inversely related to respective measures of
fat content.
The CT measures from three areas of the liver, two
areas of the spleen and two areas of the paraspinal
muscle were averaged to determine the average Hounsfield units in liver, spleen and muscle, respectively. The
CT-scan measures of visceral and sub-cutaneous
adipose tissue are described in [38].
In our analysis, we first performed marginal robust
correlation analysis (biweight midcorrelation, bicor
coefficient) [62] to study the association between the
CT-scan derived measures and DNAm based biomarkers. As gender affects adipose associated
parameters, we performed the analysis in males and
females, separately. Next we combined the results
across the two genders using fixed effects meta
analysis. To adjust for potential confounders, we also
performed three types of multivariate linear mixed
effects models that included gender, BMI as fixed
effects and pedigree structure as random effect. In
Model I, we regressed a DNAm based biomarker (e.g.
AgeAccelGrim) on CT derived covariates: liver density,
spleen density, and paraspinal muscle density. In Model
II, we regressed the DNAm based biomarker (dependent
variable) on volumetric measures of adipose tissue
(both SAT and VAT volume). We omitted measures of
adipose tissue density from the analysis since a) they
were not significant after adjusting for SAT/VAT
volumes, and b) we wanted to protect the model fit from
issues of multi-collinearity.

Lifestyle factors including diet and education
We performed a robust correlation analysis (biweight
midcorrelation, bicor [62]) between our novel
biomarkers (AgeAccelGrim and its eight age-adjusted
components) and 38 variables from the WHI including
12 self-reported dietary variables, behavioral variables,
9 dietary biomarkers, 12 variables related to metabolic
related traits and central adiposity, and 5 life style
factors. We combined the postmenopausal women from
the WHI BA23 and WHI EMPC (roughly n= 4000
women). This cross sectional, robust correlation
analysis was conducted in all groups combined and in
three separate ethnic groups (Hispanic ancestry,
European ancestry, African Ancestry). Ancestry information was verified using ancestry informative SNP
markers. Blood biomarkers were measured from fasting
plasma collected at baseline. Food groups and nutrients
are inclusive, including all types and all preparation
methods, e.g. folic acid includes synthetic and natural,
dairy includes cheese and all types of milk. The
individual variables are explained in [33].

In Model III, we used all CT measures as covariates
(i.e. liver, spleen and muscle density, SAT volume, and
VAT volume). We used the BMI measure assessed at
exam 9 in the FHS, i.e. the closest exam following the
CT-scan exam.

Computed tomography data from the Framingham
Heart Study
The computed tomography (CT) in liver, spleen,
paraspinal muscle, subcutaneous adipose tissue (SAT),
and visceral adipose tissue (VAT) were performed in
n=2,803 individuals from the FHS Offspring, Third
Generation and Omni 2 Cohort participants between
September 2008 and December 2011 [37, 38]. Of those,
1,177 Offspring Cohort participants were included in
our FHS study. The age at CT scan was in general
slightly older than the age at blood draw for the DNA
methylation profile (mean age difference= 3.7 years,
ranging from 1.2 to 6.1 years).
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ABSTRACT
Age‐associated DNA methylation changes have been widely reported across many different tissue and cell
types. Epigenetic ‘clocks’ that can predict chronological age with a surprisingly high degree of accuracy appear
to do so independently of tissue and cell‐type, suggesting that a component of epigenetic drift is cell‐type
independent. However, the relative amount of age‐associated DNAm changes that are specific to a cell or tissue
type versus the amount that occurs independently of cell or tissue type is unclear and a matter of debate, with
a recent study concluding that most epigenetic drift is tissue‐specific. Here, we perform a novel comprehensive
statistical analysis, including matched multi cell‐type and multi‐tissue DNA methylation profiles from the same
individuals and adjusting for cell‐type heterogeneity, demonstrating that a substantial amount of epigenetic
drift, possibly over 70%, is shared between significant numbers of different tissue/cell types. We further show
that ELOVL2 is not unique and that many other CpG sites, some mapping to genes in the Wnt and glutamate
receptor signaling pathways, are altered with age across at least 10 different cell/tissue types. We propose that
while most age‐associated DNAm changes are shared between cell‐types that the putative functional effect is
likely to be tissue‐specific.

INTRODUCTION
Age-associated DNA methylation (DNAm) changes
have been reported for a long time [1-3]. One of the first
studies to indicate that age-associated DNAm changes,
termed epigenetic drift, could be largely tissue specific
was a study by Christensen et al. [4]. This first study
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however only sampled a small percentage of the DNA
methylome, was largely underpowered and did not
adjust for potentially confounding cell-type heterogeneity [5, 6]. Building on an observation that DNAm
over specific Polycomb Repressor Complex-2 (PRC2)
promoter loci correlates with age across many different
tissue-types [7] , it was demonstrated that age-associat-
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ed DNAm changes can be used to build remarkably
accurate predictors of chronological age, termed
epigenetic clocks [8-11], which also appear to work
independently of tissue or cell-type [9].
Interestingly, a recent study has suggested however that
most age-associated DNAm changes are tissue-specific
[12]. Indeed, the study concluded that, with the
exception of the ELOVL2 promoter, epigenetic drift is
not shared between tissues. This is a surprising
conclusion given that several pan-tissue epigenetic
clocks have been constructed [9, 13, 14]. It led us to
investigate the tissue and cell-type specific nature of
epigenetic drift in more detail. In doing so, we have
identified a number of critical issues with the statistical
analyses performed in [12], which may have led to
premature conclusions. First, the study performs the
primary analyses using very stringent Bonferronicorrected thresholds. While this controls for the FamilyWise-Error-Rate (FWER), the use of a Bonferroni
threshold is known to suffer from a very large False
Negative Rate (FNR), i.e. to a substantial reduction in
power. This is particularly pertinent because their
analyses generally compare age-associated differentially
methylated positions (aDMPs) between studies and
tissues, which according to our estimates were not
adequately powered. Second, the authors do not report
P-values of overlap, only overlapping fractions, which
does not allow the statistical significance of the overlaps
to be assessed. Assessing statistical significance is
important because if aDMPs are not preferentially
shared between tissue-types, then the reported overlaps
should not deviate significantly from random. Third, the
authors perform additional analyses using an arbitrary
threshold on the effect size, as an alternative to statistics
and P-values to select aDMPs, to argue that the “lack of
overlap of aDMPs derived from different tissues” is not
due to a lack of power. As we shall show here, using
only a threshold on the effect size to select aDMPs is a
highly problematic procedure, because of issues like
heteroscedasticity, selection bias and study-specific
confounding factors. Indeed, a fourth key concern is
that the analysis performed in[12] does not always fully
adjust for cell-type heterogeneity, especially in complex
tissues such as buccal, kidney, brain or liver. As shown
recently by us, tissues like buccal, kidney or liver are
highly heterogeneous, containing a substantial amount
of immune-cell infiltrates [15], which means that
adjustment for variations in the amount of infiltrating
leukocytes and other stromal cells is critically important
[5, 15, 16].
To address these issues, we here provide a complementary analysis to the one presented in [12],
adjusting for cell-type heterogeneity, and using,
wherever possible, matched multi cell-type or multi-
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tissue EWAS data from the same individuals, since such
data allows for a more objective comparison between
tissues and cell-types. This new analysis demonstrates
that the conclusions drawn in [12] are too premature,
and that the evidence so far points to at least 70% of
epigenetic drift being shared by at least two different
cell or tissue types.

RESULTS
Most age-associated DMPs are shared between blood
cell subtypes
First, we aimed to demonstrate that age-associated
DMPs (aDMPs) derived from different cell or tissue
types do exhibit a highly statistically significant
overlap. We note that a highly significant overlap would
be a strong cue that aDMPs shared between relevant
cell or tissue-types is the norm and not the exception. In
order to avoid the confounding effect of cell-type
heterogeneity we first focused on three DNAm datasets
profiling purified blood cell subtypes. Specifically, we
analysed Illumina 450k DNAm data of 1199 purified
CD14+ monocyte and 214 purified CD4+ T-cell
samples from Reynolds et al. [17], and of 100 purified
CD8+ T-cells from Tserel et al. [18]. For each dataset,
we derived age-associated DMPs (aDMPs), adjusting
for potential technical confounders (Methods). We used
two different significance thresholds: a false discovery
rate (FDR) < 0.05, and a Bonferroni-adjusted Pbonf <
0.05 thresholds. The former admits 5% of false
positives but ensures that the FNR is not abnormally
high, whereas the Bonferroni threshold ensures in
principle no false positive but at the expense of a much
larger FNR. Using an FDR < 0.05 threshold, we
observed a very strong and highly statistically significant overlap of aDMPs between all 3 cell-types (Fig.
1A). For instance, almost 4000 aDMPs were found to
be shared between all 3 cell-types using an FDR < 0.05
threshold (Fig. 1A). The high statistical significance of
the overlaps remained if Bonferroni thresholds were
used (Fig. 1B). Thus, even though “only” 198 aDMPs
were in common between all 3 cell-types when using
Bonferroni thresholds, this number was highly significant, i.e. much higher than what would be expected
if aDMPs were cell-type specific.
An alternative to estimating significance of overlaps, is
to evaluate the consistency of the t-statistics between
aDMPs, which therefore also takes into account the
directionality of DNAm change. This can be done by
generating scatterplots of the t-statistics of selected
aDMPs in one dataset against the corresponding tstatistics in another dataset, the rationale being that if an
aDMP declared in one dataset is not an aDMP in
another, then its t-statistic in this other set will be
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distributed with a mean value of 0. Thus, if aDMPs are
cell-type specific and only valid in one dataset, their tstatistics in the other set profiling a different cell-type
should form a data cloud centered around 0. Applying
this strategy to the three purified blood cell type datasets above, revealed in each case that t-statistics were
strongly skewed away from 0 and very strongly positively correlated (Fisher-test P-values <1e-100, Fig.
1C).

In order to validate these findings, we analyzed
independent data from a multi cell-type EWAS from the
BLUEPRINT consortium [19], encompassing Illumina
450k data from CD4+ T-cells, CD14+ monocytes and
CD16+ neutrophils for a total of 139 individuals. We
note that the matched nature of this dataset naturally
adjusts for age-range and sample size, since all 3 celltypes are available for each of the 139 individuals. We
performed exactly the same analysis as before, which

Figure 1. Most age‐DMPs are shared between blood cell subtypes. (A) Landscape overlap diagram for age‐DMPs defined
using FDR<0.05 threshold in three separate purified blood cell subtype datasets (1199 Monocytes from Reynolds et al, 214 CD4+
T‐cells from Reynolds et al and 100 CD8+ T‐cells from Tserel et al). Barplots indicate the number of aDMPs found in each purified
cell‐type, or the corresponding aDMP overlap between cell‐types. For the overlapping categories, the P‐value of the overlap is
indicated by the color of the bar, as shown. (B) As A), but now using a Bonferroni corrected P<0.05 threshold. (C) Smoothed
scatterplots of t‐statistics of age‐DMPs called in a given blood cell subtype vs. the corresponding t‐statistics in another cell
subtype, as indicated for the 3 pairwise comparisons. In each panel, we only depict the 100 most outlier data points, provide the
number of probes in each significant quadrant and the P‐value assessing agreement is from a one‐tailed Fisher‐test. The vertical
red lines indicate the line of FDR<0.05, whilst the horizontal lines depict the “validation threshold” of P<0.05.
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confirmed that overlaps were highly statistically
significant, using either a FDR or Bonferroni-based
threshold (Fig. 2A-B), and importantly, that there was
also a very strong correlation between the t-statistics of
corresponding aDMPs (Fisher test P-values < 1e-100,
Fig. 2C), further supporting the view that a large
fraction of aDMPs in one blood cell-type constitute
aDMPs in another.

Many age-associated DMPs are shared between
tissue types
Next, we decided to compare aDMPs across different
tissues. These comparisons are particularly problematic
if tissues derive from different datasets that profiled
variable numbers of samples, with different age-ranges
and subject to potentially different confounding factors,

Figure 2. Most age‐DMPs are shared between blood cell subtypes: validation in BLUEPRINT. (A) Landscape overlap
diagram for age‐DMPs defined using FDR<0.05 threshold in the matched multi cell‐types DNAm dataset from BLUEPRINT (139
monocyte samples, 139 matched CD4+ T‐cell samples and 139 matched neutrophil samples. Barplots indicate the number of aDMPs
found in each purified cell‐type, or the corresponding aDMP overlap between cell‐types. For the overlapping categories, the P‐value
of the overlap is indicated by the color of the bar, as shown. (B) As (A), but now using a Bonferroni corrected P<0.05 threshold. (C)
Smoothed scatterplots of t‐statistics of age‐DMPs called in a given blood cell subtype vs. the corresponding t‐statistics in another
cell subtype, as indicated for the 3 pairwise comparisons. In each panel, we only depict the 100 most outlier data points, provide
the number of probes in each significant quadrant and the P‐value assessing agreement is from a one‐tailed Fisher‐test. The vertical
red lines indicate the line of FDR<0.05, whilst the horizontal lines depict the “validation threshold” of P<0.05.
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all of which could greatly impact on statistical
significance estimates [20]. Thus, ideally, a cross-tissue
comparison should include multiple tissue samples from
the same set of individuals, all profiled as part of the
same study. Therefore, we analyzed Illumina 850k data
from an EWAS profiling blood, buccal and cervical
samples from a common set of 263 women (Methods).
Because blood is a complex mixture of many immunecell (IC) subtypes, and buccal and cervical samples are
highly contaminated by immune cells [15], we identified
aDMPs in each tissue after adjustment for batch effects
and cell-type heterogeneity using EpiDISH [21] (in the
case of blood) and HEpiDISH [15] (in the case of buccal
and cervix). Although aDMPs identified with or without
cell-type correction were highly correlated (Fig. 3A), we

observed that adjusting or not for cell-type heterogeneity
did have a marked impact on the number of aDMPs, and
that the number of aDMPs also varied substantially
between tissue-types (Fig. 3B). Of note, using either an
FDR < 0.05 or Bonferroni adjusted P-value < 0.05
thresholds, the overlap of aDMPs between the 3 tissues
was highly significant (Fig. 3C, P<1e-100), mimicking
the result obtained on blood cell subtypes. For instance,
we observed a total of 2200 aDMPs in common between
blood, buccal and cervix, an overlap which cannot be
explained by random chance (Fig. 3C, P<1e-100).
Scatterplots of t-statistics of aDMPs between tissues
further supported an extremely strong correlation, suggesting that shared aDMPs between blood, buccal and
cervix is the norm and not the exception (Fig. 3D-F).

Figure 3. Most age‐DMPs are shared between tissue‐types. (A) Smoothed scatterplots of age‐DMP (aDMP) t‐statistics obtained
after adjustment for cell‐type heterogeneity (x‐axis) against the corresponding t‐statistics without adjustment (y‐axis), for 3 different
tissue‐types (Blood, Buccal and Cervix) separately. In each scatterplot, we only depict the 100 most outlier data points, provide the
number of probes in each significant quadrant and the P‐value is from a one‐tailed Fisher‐test. The vertical red lines indicate the line of
FDR<0.05, whilst the horizontal lines depict the “validation threshold” of P<0.05. (B) Barplot of the number of aDMPs (FDR<0.05) in
each tissue‐type before and after adjustment for cell‐type heterogeneity. (C) Venn‐diagrams representing the number of overlapping
aDMPs between the 3 tissue‐types using an FDR<0.05 threshold for calling aDMPs (top panel) and using a Bonferroni threshold (lower
panel). P‐value as estimated using a nested Hypergeometric test. (D) Smoothed scatterplots of aDMP t‐statistics (adjusted for cell‐type
heterogeneity) in blood (x‐axis) against their corresponding t‐statistics in buccal (y‐axis) for top panel, with lower panel depicting the
reverse analysis, as indicated. (E‐F) As (D), but for the combinations blood‐cervix and buccal‐cervix, respectively.
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Figure 4. Empirical Power Analysis. (A) Boxplot of the sensitivity (y‐axis) to detect gold‐standard aDMPs, defined
at the full purified monocyte sample size n=1199, at random subsampling sizes (x‐axis), as indicated. Each boxplot
displays the sensitivity over 10 separate runs, in each run aDMPs were defined at the Bonferroni 0.05 level. (B) As A),
but now defining aDMPs in each run as those with an FDR<0.05. Because the FDR estimates are more unstable, we
performed 100 runs at each subsampling size. (C) As A), but now defining the gold‐standard set of aDMPs by imposing
a threshold on the effect size (2% DNAm change over 10 years), in addition to a Bonferroni adjusted P‐value < 0.05. At
each subsampling run, aDMPs were also defined using the same criterion and 10 runs were performed at each
subsampling size. (D) As A), but now only using the threshold on the effect size to define gold‐standard aDMPs and to
define aDMPs each subsampling size. A total of 100 runs at each subsampling size were performed.

Studies profiling only a few hundred samples are
underpowered to detect most age-DMPs
The previous analyses clearly support the view that at
least thousands of aDMPs are shared between two and
three tissue/cell-types. However, is this lower bound a
significant underestimate on the true number of aDMPs
that are shared between any two given cell or tissue
types? To address this question requires careful
consideration of the expected power of the studies. To
estimate empirically the expected power as a function of
sample size, we devised a subsampling strategy using
the Reynolds monocyte dataset (Methods). We reasoned
that this set, due to its large size (n=1199) and purified
nature of the cell population, would allow us to objecttively define a gold-standard set of aDMPs in monocytes. Using a stringent Bonferroni-adjusted P<0.05
threshold and using all 1199 monocyte samples, we thus
defined a gold-standard set of 18596 monocyte aDMPs.
We note that although this is certainly only a small
subset of all true monocyte aDMPs, that it would never-
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theless allow us to assess the impact of sample size on
power. We next subsampled 100 samples from the
1199, and re-derived a new set of aDMPs at the same
Bonferroni threshold. This subsampling strategy was
performed for increasing subsampling size (from 100 to
1000, in units of 100), and a total of 10 times for each
subsampling size. Sensitivity to detect the 18596 goldstandard aDMPs was computed and plotted against subsampling size, revealing that for sample sizes on the
order of 100 or 200, the sensitivity was very low (Fig.
4A). Indeed, for a subsample of 100, we estimated a
mean sensitivity of only 0.00001, for a subsample of
size 200 the mean sensitivity was 0.005, for 300 the
value was 0.04, and at a value of 600 (i.e. about half of
the full set) the sensitivity was still only 0.35. Thus, in
light of this, if we were to now compare aDMPs across
different tissue-types with some of the corresponding
datasets in the order of 100-200 samples, as done in
[12], then even if all aDMPs were shared between
tissue-types, we would never be able to detect much
overlap and we would wrongly conclude that most
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aDMPs are “dataset-specific”, i.e. tissue-specific in the
context of the analysis presented in [12]. For instance,
using a Bonferroni threshold we observed an overlap of
“only” 213 aDMPs between the 18596 gold-standard
monocyte aDMPs and the 291 aDMPs derived from the
214 CD4+ T-cell samples (Fig. 1B), and so we would
be inclined to conclude that most aDMPs are cell-type
specific. However, assuming that all aDMPs are shared
between monocytes and CD4+ T-cells, our subsampling
analysis (Fig. 4A) would suggest that the expected
sensitivity to detect the 18596 gold-standard monocyte
aDMPs using the 214 T-cell samples would be a value
between 0.005 (n=200) and 0.04 (n=300) (Fig. 4A),
with the value closer to 0.005. Indeed, under this shared
aDMP scenario, the detected overlap of 213 aDMPs
represents a sensitivity fraction estimate of 213/18596 ≈
0.01, in line with our subsampling estimate. Thus, the
observed overlap of aDMPs at the given sample sizes of
the two studies is not inconsistent with the great
majority of aDMPs being shared between monocytes
and T-cells. We note that this result is also highly
congruent with the statistical significance estimates
obtained previously via the Fisher-test (Fig. 1B-C).
We further note that using a more relaxed FDR < 0.05
threshold, sensitivity would be substantially higher: at
about n=600, sensitivity is already close to 1, and for
300 samples, sensitivity is over 0.4 (Fig. 4B). Thus,
when comparing aDMPs between multiple cell or
tissue-types it is even more critical to use FDR-based
thresholds, since otherwise using Bonferroni-based
adjustment, the expected overlap of aDMPs derived
from say 4 separate studies will be zero, even if all
aDMPs are common to all 4 cell/tissue-types. Our
analysis suggests that many hundreds if not thousands
of samples would be needed to ensure that overlaps
over 3 or more studies would have the appropriate
sensitivity to detect the majority of shared aDMPs (Fig.
4A-B). We verified that all these results are independent
of whether an additional threshold on the effect size is
used to select aDMPs (Fig. 4C). Indeed, using an
additional and identical threshold on the effect size to
define aDMPs as used in [12], i.e demanding at least a
2% change in DNAm over 10 years in addition to
Bonferroni significance, yielded higher sensitivities, but
at sample sizes of 100 and 200, the expected sensitivity
was still only 0.0002 and 0.05, respectively (Fig. 4C).
Using only a threshold on effect size for feature
selection suffers from strong selection bias
If we were to ignore statistical significance estimates
(which depend on sample size) altogether, and instead
rank features by effect size using the above mentioned
threshold (a 2% DNAm change over 10 years) to
declare aDMPs, we can see that sensitivities increase
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substantially, exhibiting a much lower dependency on
sample size (Fig. 4D). For instance, at n=100, the
sensitivity would be as high as 0.6 (Fig. 4D). At first,
this seems to support the argument by Slieker et al. that
an observed lack of overlapping aDMPs defined via an
effect size threshold would imply that aDMPs are
largely tissue-specific. However, this argument is
problematic, primarily for two reasons. First, selecting
aDMPs based on effect size still suffers from selection
bias, i.e. the fact that in the dataset where aDMPs are
selected effect sizes will naturally be higher than in
independent studies. This selection bias arises in real
data because of numerous study-specific confounders
which can significantly inflate or deflate effect sizes.
Indeed, our subsampling analysis shows that the sensitivity to detect aDMPs at a sample size of 100 to be
approximately 40% lower than at the full sample size
(n=1199) (Fig. 4D), which is a substantial reduction
given that the subsample derives from the same dataset.
While this also demonstrates that using an effect size to
rank and select aDMPs does not guarantee that the
ranking and selection is independent of sample size, as
claimed in [12], we stress that the selection bias will be
even more pronounced when comparing across independent studies. Thus, the observation made by Slieker et
al. [12] that the effect sizes of aDMPs selected from one
dataset appear reduced in another set profiling a
different tissue could easily be the result of selection
bias, and nothing to do with the nature of the different
tissue being profiled.
A second major problem associated with using an effect
size threshold to select and validate aDMPs is related to
confounding factors such as cell-type heterogeneity,
which may artificially deflate effect sizes in spite of
associations with age remaining highly significant. To
demonstrate this, we posited that the fraction of aDMPs
derived in the monocyte set that would validate in a
large whole blood set [10] (which contains monocytes)
would be much reduced if an effect size criterion is used
throughout, as compared to using a statistic and P-value.
Confirming this, out of the 844 aDMPs with an effect
size larger than 2% over 10 years in the Reynolds
monocyte set, only about 40% passed this same
threshold across the 656 whole blood samples from
Hannum et al. [10] (Fig. 5A-B). While the fraction
validating in whole blood was similar if a Bonferroni
threshold is used (fraction was 41%), the fraction
doubled to 84% if an FDR<0.05 threshold was used
instead (Fig. 5B). Thus, using only an effect size
threshold to select and evaluate overlap of aDMPs
between studies could lower sensitivities by as much as
another 40% in relation to using an FDR-based
threshold. Of note, using effect size thresholds in the
original beta-value basis, which is highly heteroscedastic, may also strongly bias aDMPs towards those
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with intermediate DNAm values. Indeed, we verified
that selecting aDMPs using the 2% change over 10-year
threshold resulted in very few or no aDMPs with mean
DNAm values close to 0 or 1 (Fig. 5C). Since the mean
DNAm level of a CpG site in a complex tissue may be
strongly influenced by cell-type heterogeneity, using an
effect size threshold to select or validate aDMPs could
therefore easily miss a large fraction of true aDMPs.
In summary, the implicit assumption made by Slieker et
al. [12] that the effect size of an aDMP should not
depend on sample size and on other factors such as celltype heterogeneity of the tissue or other confounders,
appears to not hold and would lead to the false
conclusion that a lack of overlapping aDMPs, all
selected using effect size thresholds, is due to a lack of
shared aDMPs. In fact, our analysis above clearly
indicates that using only effect sizes to select aDMPs
could result in a severe overall selection bias, with
sensitivities reduced by as much as 80% if not more.
FDR analysis suggests that most of the DNA
methylome is altered with age
A clue as to how many aDMPs are cell/tissue specific
can also be inferred from the FDR characteristics in the
largest datasets. For the 1199 monocyte sample set from
Reynolds et al. we used the estimated FDR values (qvalues) to further estimate that on average only 52419
of the 482,091 probes (i.e. 10%) are not associated with
age, suggesting therefore that approximately 90% of the

DNA methylome is altered with age. Because FDR
estimates are notoriously sensitive to confounding
factors, it is important to check the consistency of the
FDR estimates in Reynolds et al. against those obtained
in smaller studies, ideally profiling identical or related
cell-types. For the 201 monocyte samples profiled with
Illumina 450k as part of BLUEPRINT, we estimated
41% of the probes to be aDMPs, whereas the fraction of
aDMPs was similar, around 45%, for the 104 monocyte
samples (52 twin pairs) from Paul et al. [22]. In the case
of whole blood, in Hannum et al. which encompassed
656 samples and therefore approximately half of the
numbers in the Reynolds monocyte set, FDR values
yielded an estimate of approximately 66% aDMPs. This
value is very close to the one we estimated for the 689
whole blood samples profiled in Liu et al. [5]: the
fraction of probes estimated there to be aDMPs was
68%. For a smaller set such as the 263 whole blood
samples from FORECEE, FDR values yielded a
correspondingly lower estimate of only 12% aDMPs.
Thus, assuming that the fraction of aDMPs (~90%) in
the Reynolds monocyte set is inflated due to some
confounder, it is unlikely to be inflated by more than
25%, since the fraction of predicted aDMPs in two large
whole blood studies was consistently over 65%. This
supports the view that a very high fraction (likely to be
well over 65%) of the DNA methylome of blood cell
subtypes is altered with age, and therefore this also
means that there would be a large overlap of aDMPs
between any two blood cell subtypes, consistent with

Figure 5. Pitfalls of using a threshold on effect‐size only to select aDMPs. (A) Boxplots comparing the effect size distribution
for the 844 aDMPs defined in the Reynolds monocyte set against their effect sizes in the whole blood dataset from Hannum et al. (B)
Barplots comparing the fraction of aDMPs, defined either by the effect size threshold (blue) or P‐value threshold (red & magenta,
Bonferroni‐adjusted), that validate in the whole blood set from Hannum et al. In Hannum et al, validated aDMPs were defined either
as those passing the same effect size threshold (blue), or the same Bonferroni‐threshold (red), or a more relaxed FDR<0.05 threshold
(magenta). The numbers below the bars indicate the absolute number of aDMPs validating in Hannum et al. This panel demonstrates
that using the same effect size threshold to define aDMPs in a dataset of complex tissue samples could miss up to 40% of true
aDMPs. (C) Comparison of the density profiles of the average DNAm for the 844 aDMPs defined by having an effect size larger (in
absolute magnitude) than 0.002 (equivalent to a 2% DNAm change over 10 years) (blue line) across the 1199 monocyte samples of
Reynolds et al., versus the corresponding density profile of the 18596 gold‐standard aDMPs with Bonferroni adjusted P‐values < 0.05.
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our observations. Moreover, the fact that we observe
equally strong overlaps of aDMPs between tissues like
blood and cervix, further suggests that relatively high
fractions of the DNA methylome of other cell-types
(e.g. epithelial and fibroblasts) are also altered with age.
Most of Horvath’s clock CpGs are pan-tissue
aDMPs
Finally, to demonstrate that there are indeed many
examples of aDMPs that are shared between tissues, we
analyzed in detail the 353 CpGs that make up Horvath’s
clock [9]. Specifically, we computed their t-statistics
and P-values using linear models against age, including
potential covariates as confounding factors, across a
total of 10 different cell/tissue types, which included
Monocytes, CD4+ and CD8+ T-cells, B-cells, Neutrophils, Buccal, Cervix, Liver, Brain and Fibroblasts
(Methods). In the case of buccal, cervix and liver we
adjusted for variations in the epithelial, fibroblast and
immune cell fractions, whereas in the case of brain we
adjusted for variations in neuronal and non-neuronal
fractions (Methods, Table S1). Although only 3% (i.e
10 CpGs) of the 353 clock CpGs were aDMPs in all 10

tissues, approximately 78% were aDMPs across at least
3 different cell/tissue types, with only 7% appearing to
be “tissue or cell-type specific” (Fig. 6, Table S2). The
10 CpGs defining aDMPs in all 10 tissue/cell types
mapped to genes that included VGF, GRIA2, FZD9,
KLF14, RHBDD1, KCNC2, NHLRC1, P2RX6 and
CECR6. Of note, FZD9 is a transmembrane receptor for
Wnt signaling proteins, whilst GRIA2 is a glutamate
neurotransmitter receptor, both of which have previously been demonstrated to be part of interactome
“hotspots” of age-associated DNAm which occur
independently of cell or tissue-type [23]. Thus, this
confirms that ELOVL2 is not unique and that many of
Horvath’s clock CpGs constitute aDMPs across several
cell/tissue types.

DISCUSSION
Here we have tried to address what appears to be an
apparent paradox between a number of studies reporting
pan-tissue epigenetic clocks that yield DNAm-based
correlates of age independently of cell or tissue-type [9,
13, 14], and a recent study suggesting that only sites
mapping to the ELOVL2 promoter constitute cell and

Figure 6. Pan‐tissue analysis of Horvath’s clock CpGs. Heatmap displays the signed P‐values of the 353 Horvath Clock
CpGs across 10 independent cell or tissue‐types, where the P‐values derive from a linear model of DNAm against age plus
additional confounders as covariates. Blue denotes highly significantly age‐associated hypermethylation (hyperM), red
denotes highly significant hypomethylation (hypoM). The 353 clock CpGs have been ranked according to the number of
cell/tissue types where they are age‐DMPs (using FDR<0.05), indicated by horizontal black bars at top. The cumulative
proportion of the 353 CpGs that are age‐DMPs in 10, 9, 8, 7, 6, 5, 4, 3, 2 or 1 studies are shown as vertical bars.
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tissue-type independent aDMPs [12]. While we agree
with Slieker et al. [12] that specific sites mapping to
ELOVL2 are special aDMPs in the sense that their effect
sizes are particularly large across a number of different
tissue-types, our analysis suggests that most aDMPs are
valid across multiple different tissue types, suggesting
that shared aDMPs are common.
In a nutshell, their argument was based on a lack of
“substantial overlap” of aDMPs derived from different
tissues, either when using a very stringent Bonferroniadjusted threshold, or when using a threshold on the
effect size, which in principle is sample-size
independent. In our view, this analysis is problematic.
First of all, to state that overlaps of aDMPs were not
substantial without assessing the statistical significance
of the overlaps themselves is a common pitfall not
unique to their study. The expected number of overlapping aDMPs will naturally be small if a very stringent Bonferroni correction is used to define aDMPs.
Even so, and as demonstrated here using several multitissue and multi-cell type EWAS, the overlaps using
Bonferroni thresholds were highly statistically
significant, a strong cue that the number of overlapping
aDMPs between tissues and cell-types is not random.
Indeed, using a more relaxed FDR<0.05 threshold, we
have seen that there are at least thousands of aDMPs
that are shared between blood cell-subtypes and also
between unrelated tissues such as blood, cervix and
buccal.
Second, the use of a very stringent Bonferroni threshold
is specially misleading since most of the studies
analysed in [12] were not adequately powered. Indeed,
we devised an empirical subsampling analysis, which
clearly demonstrated that datasets profiling only a few
hundred samples or less are inadequate for assessing
overlaps of aDMPs. If using Bonferroni thresholds, our
power analysis suggests that many hundreds if not a
thousand samples in individual studies are needed to
achieve the desired high sensitivities across independent
studies. We stress that these power estimates are true
even for studies profiling the same cell or tissue-type,
and therefore to reject the null hypothesis that most
aDMPs are cell-type independent would require studies
at least as large as these. That many hundreds if not
thousands of samples are needed to detect large
numbers of overlapping aDMPs should not be
surprising: indeed, it has long been known that the
ranking of features derived from large omic datasets is
extremely unstable, requiring sample sizes in the order
of thousands to ensure robustness of rankings under
even small sample perturbations [24]. This applies
particularly to data and phenotypes characterized by
small effect sizes, and would therefore apply to the case
of DNAm and age. Indeed, Principal Component
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Analysis (PCA) on whole blood sets has consistently
revealed that age-associated components of DNAm
variation are generally only ranked 5th or 6th [7, 25],
which typically account only for a relatively small
proportion (usually around 1%) of the total DNAm data
variance. Thus, overlap analysis of aDMPs between
pairs, or several groups, of datasets is potentially very
misleading if effect sizes are small and if specific
datasets are not adequately powered.
The third key problem is the use a threshold on the
effect size as the sole criterion to select aDMPs, and to
subsequently argue that the lack of overlap of aDMPs is
not due to lack of power. While we agree that the effect
size is in principle not dependent on sample-size, the
lack of overlap of aDMPs defined in this way could be
due to other factors. Indeed, our subsampling analysis
indicated that even when using only an effect size
threshold to select aDMPs, that this could still lead to
reductions in sensitivity of at least 40% in studies
containing only a hundred or a few hundred samples.
This “selection bias”, which naturally inflates the effect
sizes of the features in the studies they were derived
from in comparison to other independent studies, can be
further aggravated by confounders such as cell-type
heterogeneity. For instance, we have demonstrated how
the sensitivity to detect aDMPs defined in a pure celltype is reduced by as much as another 40% if assessed
in a cell-type mixture such as blood. Thus, overall,
using only effect size thresholds to define aDMPs
across tissues or cell-types could result in sensitivities to
detect shared aDMPs being reduced by as much as 80%
if not more. Moreover, we have shown that selected
aDMPs whose effect sizes marginally miss what is an
arbitrary threshold of 2% DNAm change over 10-years
in independent datasets, could still be highly significantly associated with age in these same sets.
We further note that using only an effect size to select
interesting features represents a “step-back” to the very
old days when microarray data was first analysed, and
when using thresholds on “fold-changes” in geneexpression was a common procedure. In those days,
fold-changes were used because no, or very few,
replicate samples were available. It was soon realized
however that improved statistical inference is achieved
by ranking features by a statistic. It is therefore surprising and also extremely unlikely, that an analysis based
only on effect sizes can lead to critical insight not
obtainable via statistics. Of note, imposing a threshold
on the effect size after selecting features by statistics is
a perfectly acceptable procedure.
Another related problem of using only a threshold on
effect sizes to select features and which applies
specifically to DNAm data, is the heteroscedasticity of
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beta-values [26]. Indeed, as shown here, performing
such feature selection directly on beta-values could
aggravate the selection bias even further by tuning the
selection of aDMPs to those exhibiting intermediate
average DNAm values. This is particularly relevant in
the context of assessing tissue-specificity of aDMPs,
since many of the enhancer regions that are known to be
highly cell-type specific would naturally exhibit such
intermediate levels of DNAm. Thus, the average
DNAm of such regions may be particularly variable
across studies profiling different tissues, which could
lead to a high FNR and reduced power.

For other aDMPs, we estimate that at the very most
only 30% to 35% are cell or tissue-type specific since
this is the estimated fraction of non age-DMPs in blood
cell-types, and only these could be called cell-type
specific aDMPs in other non-blood cell-types. Fifth, the
special status of ELOVL2 as defining the only tissueindependent aDMPs is questionable, since according to
our analysis, at least another 10 CpGs mapping to
unrelated genes (e.g. FZD9, GRIA2) constitute aDMPs
across at least 10 different cell/tissue types, with almost
80% of the 353 Horvath clock CpGs defining aDMPs
across at least 3 cell/tissue types.

Irrespective of all the above statistical issues, there are
other strong arguments supporting the view that shared
aDMPs between cell and tissue-types is the norm and
not the exception. First, is the observation that in the
largest studies, FDR estimates consistently indicate that
most of the DNA methylome is altered with age. Using
the 1199 monocyte samples from Reynolds we
estimated that over 90% of the Illumina 450k probes are
aDMPs. Somewhat smaller but still relatively high
fractions of approximately 65% were obtained in two
separate large (n>650) whole blood studies. We further
note that overlaps between aDMPs from different
tissues like cervix, buccal and blood were as strong as
those seen between different blood cell subtypes, a
strong indication that for other cell-types, say epithelial
and fibroblasts, most of the DNA methylome is altered
with age (as otherwise it is unlikely that we would
observe such strong overlaps). Second, that most of the
DNA methylome is altered with age is also highly
consistent with the report of large (>1Mb) age
hypomethylated blocks where sites that are normally
methylated lose DNAm, and with CpG islands
contained within these blocks (where sites are normally
unmethylated) gaining DNAm [27, 28]. Thus, if these
large-scale age-associated DNAm alterations apply to
cell-types generally, and we see no good reason why
they should not, shared aDMPs must be the norm, not
the exception. Third, we and others [7, 13, 29, 30] have
observed how specific PRC2 marked sites in the
genome, which are constitutively unmethylated across
many fetal tissue types, consistently acquire DNAm
during aging, independently of tissue or cell-type. It
could well be that these specific cell-type independent
aDMPs were missed in the analysis of Slieker et al. due
to lack of power and the use of an effect-size threshold
which would bias selection against these particular sites,
since these exhibit low average DNAm. Fourth, the
existence of pan-tissue epigenetic clocks which can
reliably predict chronological age independently of
tissue or cell-type is unlikely to happen if not for a
substantial number of shared aDMPs. Indeed, we
estimated that at most only 7% of the 353 CpGs making
up Horvath’s clock may be tissue or cell-type specific.

There are of course several caveats to our analysis,
which however also apply to the study of Slieker et al.
[12]. First is the lack of studies profiling thousands of
purified cell-types. As our empirical power analysis
strongly indicates, thousands of samples would be
needed to reliably determine which loci are age and not
age-associated, and sample purity is important to
remove cell-type composition as a potential confounder.
It should be noted that even for FACS sorted cell
populations, these are still only a composite and that
age-associated variations in the underlying subpopulations may account for aDMPs that survive cell-type
adjustment at a coarser resolution level. Another caveat
is that not all tissue and cell-types analysed here derived
from the same individuals, meaning that comparisons
between tissues can be problematic due to differences in
age-range, age distribution, gender and other studyspecific factors, all of which can affect genome-wide
statistical significance estimates and confound analyses.
On the other hand, our analysis did include one matched
multi cell-type and one matched multi tissue-type
DNAm dataset, in each case encompassing 3 different
cell/tissue types from the same individuals, for which
age-distribution and sex were perfectly matched.
Results derived from these matched DNAm sets were in
line with those obtained using unmatched sets, suggesting that the unmatched nature of some of the
datasets is not a major limitation. In future however, it
will be important to profile thousands of highly purified
samples from a significant number of different celltypes, all from the same individuals to rigorously
establish the fraction of aDMPs that are shared between
cell-types.
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Finally, we discuss the potential implications of our
findings. First, it is important to point out that even if
age-associated DNAm changes are widespread across
the genome that downstream functional effects may be
rare. There are several reasons why this would be the
case. First, we have previously observed that ageassociated promoter hypermethylation in blood
occurred mostly at genes that are not expressed at birth
(cord blood), while age-associated hypomethylation was
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seen mostly at genes that were expressed [28]. Thus, it
would appear that a substantial proportion of aDMPs at
regulatory elements may only act to stabilize preexisting gene expression levels, and therefore will be
non-functional. Second, most aDMPs are characterized
by relatively small changes in DNAm (typically only
about 1-5% over a decade), which means that the
changes are occurring only in a relatively small fraction
(1-5%) of the cells present in the tissue. Thus, while
age-associated DNAm changes may affect gene
expression in these 1-5% of cells, when averaged across
the whole tissue, the associated mRNA changes are
likely to be insignificant, without affecting tissue/organ
function. As far as the tissue-specificity of aDMPs is
concerned, we remark that although our analysis points
towards shared aDMPs between cell-types being the
norm and not the exception, that functional effects of
epigenetic drift may nevertheless be tissue-specific. A
concrete example is that of CpG sites mapping to the
promoter of the HAND2 gene, a target gene of the
progesterone receptor. It has been indicated that gradual
age-associated epigenetic silencing of HAND2 in the
endometrial stroma could inactivate the progesterone
tumor suppressor pathway, sensitizing endometrial
epithelial cells to oncogenic oestrogen, thus predisposing them to carcinogenic transformation [31].
Interestingly, HAND2 promoter sites have also been
observed to undergo hypermethylation with age in
blood [28], yet the potential functional and biological
significance of this hypermethylation in blood is
unclear. Thus, while specific aDMPs may be shared
between tissue-types, it is only in specific tissues or
cell-types that any associated functional deregulation
may be of biological and clinical significance. It will be
interesting for future studies to investigate whether the
example of HAND2 could serve as a more general
paradigm for how shared aDMPs may exhibit functional
effects in a tissue-specific manner.
In summary, our novel analysis of
suggests that aDMPs shared between
tissue-types is common, and not
estimate at most 30% of aDMPs to
type specific.

existing datasets
different cell and
exceptional. We
be cell-or-tissue-

METHODS
DNAm datasets
DNAm data from purified blood cell types
We used Illumina 450k DNAm data from Reynolds et
al. [17], encompassing DNAm profiles for 1202
purified monocyte and 214 CD4+ T-cell samples. Data
was downloaded from GEO (GEO accession numbers:
GSE56581, GSE56046) and further processed and
normalized as described by us previously [13]. Because
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of confounding by gender and race, we removed 3
monocyte samples which had unique gender/race
combination, leaving a total of 1199 monocyte samples.
Age range for monocytes was 44 to 83. Age range for
CD4+ T-cells was 45 to 79. The CD8+ T cell data was
derived from Tserel et al. [18] (GEO accession number:
GSE59065), containing 100 CD8+ T cell samples, with
age ranging between 22 and 84. The raw data was
normalized with BMIQ [32]. Blueprint data was derived
from the European Genome-phenome Archive (EGA
accession number: EGAS00001001456, BLUEPRINT
study) [19], containing 139 CD4+ naive T-cells, 202
Neutrophil and 201 Monocyte samples with age range
between 22 and 77. For the matched multi cell-type
aDMP analysis we used the 139 individuals with all 3
cell-types measured. Data was normalized as described
previously [19].
Multi-tissue (blood, buccal and cervix) DNAm dataset
DNA methylation data encompassing whole blood,
buccal swabs and cervical smears from 272 women were
obtained as part of the ethically approved FORECEE
study [33]. Briefly, samples from five different European
centres were sent to UCL for storage at -80C until DNA
extraction. DNA extraction was performed using a Zymo
spin column system. Genome-wide DNA methylation
was profiled using the Infinium MethylationEPIC
BeadChips (Illumina). In the case of blood and cervical
samples, 500ng of genomic DNA were bisulfite converted, whereas in the case of buccal swabs, where yields
were lower, 200ng were used. Pilot data had confirmed
the use of 200ng to be sufficient for reliable assay-performance. BeadChips were processed by UCL Genomics
using the standard recommended protocol. DNA was
hybridized to BeadChips and single nucleotide extension
followed by immunohisto-chemistry were performed
using a Freedom EVO robot (Tecan). BeadChips were
subsequently imaged using the iScan Microarray Scanner
(Illumina). All idat files were then processed with minfi
(v.1.22) using the Illumina definition of beta-value.
Using the detection P-values estimated by minfi, we first
computed coverage per probe (fraction of samples with
detection P-value < 0.05), removing low quality probes
(coverage < 0.99) and subsequently computing coverage
per sample over the good-quality probes, removing low
quality samples (coverage < 0.95). The small remaining
number of missing values were imputed using
impute.knn (with k=5) from the impute R-package [34].
Raw data and all idat files are available from GEO under
accession number GSE117370.
Liver DNAm dataset
We constructed a merged Illumina 450k set by
combining BMIQ normalized data from two separate
studies (GSE61258 & GSE48325). The merged set was
defined over 417,123 probes and 164 samples.
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Fibroblast DNAm dataset
We used the Illumina DNAm 450k dataset from [35],
consisting of a merged set of 147 fibroblast samples.
Brain DNAm dataset
We downloaded the Illumina DNAm 450k set
GSE74193 [36] from GEO. Only control non-fetal
samples were used (n=300). Probes were removed if the
fraction of failed samples (p>0.01) was more than 0.25,
otherwise values were imputed using impute.knn
function. The resulting matrix had 473536 probes left.
Subsequently type-2 probe bias was normalized with
BMIQ.
Construction of brain DNAm reference
We used the Illumina DNAm 450k Brain reference
dataset [37] in RGSet object format from Bioconductor
package FlowSorted.DLPFC.450k. It was then
processed with minfi (v.1.22) using the Illumina
definition of beta-value. Using the detection P-values
estimated by minfi, we first computed coverage per
probe (fraction of samples with detection P-value <
0.05), removing low quality probes (coverage < 0.99).
The small remaining number of missing values were
imputed using impute.knn (with k=5) from the impute
R-package [34]. The resulting beta value matrix had
471209 probes left and 58 samples with half of them
being neurons and the other being non-neurons. We
compared neuron samples to non-neuron samples to
derive DMCs requiring Bonferroni adjusted P value
threshold 0.05 from moderated t test. DMCs were
filtered further by demanding at least a 70% DNAm
difference between neurons and non-neurons.
.
Identification of age-DMPs
In each dataset we used linear models with the DNAm
value as the response variable and with age of the
sample as the predictor. Depending on the dataset,
linear models were run with additional covariates to
account for potential confounding factors. In the case of
purified cell samples, covariates included those
provided by the publications which included batch or
ethnicity information. In the case of Reynolds et al.,
age-DMPs were derived by linear regression on 482127
(CD4T) and 482091 (Monocytes) probes, with gender
and race as covariates (which dominated variation as
determined by a PCA). In the case of the CD8+ T-cells,
age-DMPs were derived by linear regression on 472484
probes, with gender and array number as covariates
(which dominated variation as determined by a PCA).
In the case of Blueprint data, age-DMPs were derived
by linear regression on 473719 probes, with gender and
batch number as covariates (which dominated variation
as determined by a PCA).
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In the case of complex tissues, besides adjusting for
batch effects (if these were present), we also corrected
for cell-type heterogeneity. Briefly, in the case of whole
blood, we used our previously validated DNAm
reference matrix for blood with our EpiDISH algorithm
[21] to obtain cell-type fraction estimates for the 7 main
immune cell subtypes: neutrophils, basophils, monocytes, B-cells, NK-cells, CD4+ and CD8+ T-cells. In
the case of other tissues, like buccal and cervix, we used
the corresponding DNAm reference matrix from our
HEpiDISH algorithm [15] to obtain cell-type fractions
for the total epithelial, total fibroblast and the 7 main
immune cell subtypes. In the case of liver, we derived
aDMPs using sex, body-mass index, cohort and celltype fractions as covariates. In each case, the estimated
cell-type fractions were used as covariates in the linear
models. In the case of brain, we derived aDMPs using
sex, plate, position and brain cell fraction (neuron and
non-neuron) as covariates.
Age-DMPs (aDMPs) were generally defined at two
distinct thresholds: at a false discovery rate (FDR)
threshold less than 0.05, where FDR values were
estimated using the q-value procedure [38], and using a
much more conservative Bonferroni threshold (P <
0.05/n with n the number of probes for which the linear
model was run).
Subsampling power analysis in Reynolds Monocyte
set
We used the large (n=1199) purified monocyte sample
set from Reynolds et al. to define a gold-standard list of
18596 monocyte aDMPs using a Bonferroni threshold.
We then subsampled 100, 200, 300, 400, 500, 600, 700,
800, 900, 1000 samples from the original 1199 and
redefined aDMPs at each subsampling size using the
same Bonferroni threshold. At each subsample size we
estimated the sensitivity to detect the 18596 aDMPs
from the full set. A total of 10 different runs were
performed at each subsample size. We also derived
aDMPs and sensitivities at each subsample size but now
using an FDR<0.05 threshold. Because the FDR
estimation is more unstable, we performed 100 different
Monte-Carlo runs at each subsampling size.
The whole analysis above was repeated by defining
aDMP by the additional requirement, that the effect size
(i.e. slope) is larger than 2% over 10 years, i.e. a slope
value of absolute magnitude larger than 0.002, which is
the effect size threshold used in [12]. In a final analysis,
we repeated the procedure but now defining aDMPs
using only the threshold on the effect size, discarding
statistics and P-values.
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SUPPLEMENTARY MATERIAL
Please browse the Full Text version to see the data of
Supplementary Tables.
Table S1. Contains the DNAm reference matrix for
estimating neuronal and non-neuronal fractions in a
brain sample.
Table S2. Contains the t-statistics and P-values of ageassociation for all 353 Horvath clock CpGs across 10
tissue/cell types with CpGs ranked according to number
of tissue/cell types in which they are significant.
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ABSTRACT
Human DNA‐methylation data have been used to develop highly accurate biomarkers of aging ("epigenetic
clocks"). Recent studies demonstrate that similar epigenetic clocks for mice (Mus Musculus) can be slowed by
gold standard anti‐aging interventions such as calorie restriction and growth hormone receptor knock‐outs.
Using DNA methylation data from previous publications with data collected in house for a total 1189 samples
spanning 193,651 CpG sites, we developed 4 novel epigenetic clocks by choosing different regression models
(elastic net‐ versus ridge regression) and by considering different sets of CpGs (all CpGs vs highly conserved
CpGs). We demonstrate that accurate age estimators can be built on the basis of highly conserved CpGs.
However, the most accurate clock results from applying elastic net regression to all CpGs. While the anti‐aging
effect of calorie restriction could be detected with all types of epigenetic clocks, only ridge regression based
clocks replicated the finding of slow epigenetic aging effects in dwarf mice. Overall, this study demonstrates
that there are trade‐offs when it comes to epigenetic clocks in mice. Highly accurate clocks might not be
optimal for detecting the beneficial effects of anti‐aging interventions.

INTRODUCTION
Our understanding of age-related epigenetic changes in
DNA-methylation in humans has progressed rapidly
with the technical advancement of genomic platforms
[1-14]. For mammalian genomes, DNA methylation is a
modification that regulates gene expression via its
presence or absence at gene promoters and enhancers.
During development, germline DNA methylation is
erased, but re-established in tissue-specific patterns as
tissue development programs unfold after implantation
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[15]. Age-based methylation changes accompany the
functional decline of adult stem cells [16-18], and even
small changes can lead to loss of regulatory control of
gene transcription, either directly or via additive effects
[19].
The correlation between chronological age and DNA
methylation over the course of an entire lifespan is
strong [20-23]. Recent studies have taken advantage of
this relationship to accurately estimate chronological
age based on the methylation levels of multiple CpG
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dinucleotides [10, 13, 24]. For example, the human
multi-tissue epigenetic age estimation method combines
the weighted average of DNA methylation levels of 353
CpGs into an age estimate that is referred to as DNAm
age or epigenetic age [13]. Most importantly, we and
others have shown that human epigenetic age relates to
biological age, not just chronological age. This is
demonstrated by the finding that the discrepancy
between DNAm age and chronological age (what we
term “epigenetic age acceleration”) is predictive of allcause mortality even after adjusting for a variety of
known risk factors [25-29]. Epigenetic age acceleration
is associated with lung cancer risk [30], cognitive and
physical functioning [31], Alzheimer's disease [32],
centenarian status [29, 33], Down syndrome [34],
Werner Syndrome [35], HIV infection [36],
Huntington's disease [37], obesity [38], menopause
[39], osteoarthritis [40], and Parkinson's disease [41].
Moreover, we have demonstrated that the human
epigenetic clock applies without change to chimpanzees
[13] but it loses utility for other animals as a results of
evolutionary genome sequence divergence. Moving
beyond primates into the broader mammalian arena, we
recently constructed an epigenetic clock for canids
using DNA-methylation data from Canis familiaris
(domesticated dog) and Canis lupus (wolf) [42].
Recently, other groups constructed epigenetic clocks for
mice and used these to evaluate gold standard longevity
interventions [43]. Petkovich, et al., derived a clock
from blood samples of approximately 250 mice in order
to examine changes induced by diet treatments and
changes associated with genetic backgrounds that
produce dwarfism (and long-lived) phenotypes [44].
Similarly, Cole, et al. examined the effects of genetic
background (dwarf genotypes) and diet interventions on
longevity, and their data was utilized by Wang, et al. to
construct a DNA-methylation clock [45, 46]. Stubbs, et
al, developed a clock for multiple tissue types.
Application of their clock to samples from experimental
interventions yielded biologically meaningful differences in epigenetic age [47]. Overall, these
independent publications led to the important insight
that epigenetic clocks for mice detect anti-epigenetic
aging effects of gold standard interventions such as
calorie restriction and growth hormone receptor
knockouts.
Our current study addressed the following aims. First, to
develop a multi-tissue DNA-methylation based
estimator of chronological age across the entire lifespan
based on new and existing reduced representation
bisulfite sequencing (RRBS) data. Second, to evaluate
the robustness of reported findings surrounding gold
standard anti-aging interventions using the novel
epigenetic clocks. Third, to assess whether one can
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develop an epigenetic clock based on roughly 1k CpGs
in evolutionarily conserved genomic regions.
To address these aims, we combined hundreds of new
DNA-methylation samples collected from several
mouse tissues with publicly available data from
previous studies of mouse DNA-methylation. These
data include samples obtained with RRBS and wholegenome bisulfite sequencing (WGBS). We compared
clocks built with different regression methods using
hundreds of thousands of CpGs as input as well as a
clock constructed from a limited set of mammalianconserved CpGs. We evaluated the performance of
these clocks across samples and tissues. We applied the
most accurate clock to samples from previous longevity
studies of mice to measure the effects of these
interventions on epigenetic aging. And, finally, we
performed a GWAS analysis using epigenetic age as a
trait in a subset of age-matched mouse samples covering
88 strains.

RESULTS
Data set
Based on calculations and criteria described in the
Methods section, we constructed a matrix of high
confidence methylation levels for 1189 mouse samples
at 193,651 CpG sites. Of these 1189 mice, 893 were
used as the training set for regression models described
below. This was the largest matrix we could construct
while minimizing missing values to 2% of total. The
remaining 296 samples were held out entirely from the
training so they could be used to investigate the effects
of the experimental treatments (e.g. calorie restriction)
and growth hormone receptor knockouts.
Four different epigenetic clocks
We considered 4 types of epigenetic clocks. The first
two clocks are constructed on the basis of all 193,651
CpG sites (covariates). In particular, the "elastic net
clock" used an elastic net model to regress chronological age (dependent variable) on all methylation
levels. The second clock ("ridge regression clock") used
a ridge regression model instead of an elastic net
regression model. The two "conserved" clocks were
constructed using elastic net regression and ridge
regression, respectively, using 952 highly conserved
CpGs, i.e. located in highly conserved stretches of DNA
(Methods).
Accuracy with respect to chronological age
We compared the four different epigenetic clocks with
respect to estimating chronological age at the time of
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DNA sample collection (Table 1). The training set
estimates of accuracy are overly optimistic and should
be ignored. To arrive at unbiased estimates of the age
correlation R (defined as Pearson correlation between
DNAm age and chronological age) and the median
absolute error (mae), the table reports three types of
cross-validation estimates: i) leave-one-batch-out
estimate (row "batch" in Table 1), ii) leave-one-sampleout estimate (row "sample" in Table 1), and iii) a 10
fold cross validation estimate. The three different cross
validation estimates lead to the same conclusion: elastic
net regression outperforms the other clocks when it
comes to CV estimates of age correlations and median
error. For example, the elastic net clock leads to a (leaveone-batch-out) age correlation of R=0.82 and a median
error of 2.5 months. Although the conserved clocks are
clearly inferior to those based on all CpGs, their
accuracy remains impressive. For example, the elastic
net conserved clock leads to a (leave-one-batch-out) age
correlation of R=0.68 and a median error of 3.8 months.

We find that these epigenetic clocks are multi-tissue
clocks, i.e. they lead to accurate age estimates in all
considered tissues: results for the ridge regression clock
based on all CpGs can be found Fig. 1. Analogous
results for elastic net clocks based on all CpGs or based
on only conserved CpG clock can be found in Suppl.
Fig. 1 and Suppl. Fig. 2, respectively. We also find that
accurate age estimates are made for samples taken from
time points from post-natal mice to mice of advanced
age, as can be seen in these figures.
Statistically speaking, the construction of epigenetic
clocks is highly degenerate. That is, there are many
clocks that select different sites, use slightly different
weights, and achieve similar performance. For this
reason, we have not emphasized the specific sites used
in our clocks, as we do not believe that they are unique,
but rather one set among many that could be used to
construct clocks. However, we have included two
Supplementary Tables of information for two of the

Table 1. Summary performance statistics of epigenetic aging models (“clocks”).

All CpGs Clock

CpGs

Estimate

Regression

Training set

Ridge

1.00

0.1

193651

0

Elastic net

0.99

0.7

582

0

Ridge

0.79

3.1

193641

0

Elastic

0.82

2.5

529

81

Ridge

0.85

2.1

193651

0

Elastic

0.89

1.8

444

81

Ridge

0.88

0.3

193641

0

Elastic

0.89

1.2

463

134

Ridge

0.85

2.7

952

0

Elastic

0.91

1.9

274

0

Ridge

0.64

4.0

952

0

Elastic

0.68

3.8

214

39

Ridge

0.75

3.3

952

0

Elastic

0.78

2.4

236

6

Ridge

0.77

3.5

952

0

Elastic

0.80

2.5

247

23

LO-Batch-Out
LO-Sample-Out
10-fold CV

Conserved CpGs Clock

Training
LO-Batch-Out

LO-Sample-Out
10-fold CV

Age cor.

mae

mean model size

model size std dev

Accuracy of estimating chronological age for 4 different epigenetic clocks. The 4 clocks differ in terms of the CpGs that
were used in their construction (first column) and in terms of the underlying regression model (third column). The
second column describes the method for estimating the predictive accuracy. The training set estimates are overly
optimistic and should be ignored. Leave‐one‐batch out estimates and leave‐one‐sample‐out estimates provide
accuracy estimates that are far less biased than those obtained in the training set. The mean model size refers to the
number of CpGs selected by the penalized regression model. Since the ridge regression is based on all CpGs, the
standard deviation is zero.
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clocks. Supp. Table 1 provides the CpGs used in the
elastic net model derived from all available methylation
data, along with the regression model coefficients, and
the distance of each CpG to the transcription start site of
the nearest gene(s). Supp. Table 2 provides the same
information but for the elastic net model derived from

the subset of RRBS data corresponding to CpGs that are
evolutionarily well-conserved in mammals. For the
ridge regression clock based on all CpGs, this information is provided as a text file on the Gene Expression
Omnibus (https://www.ncbi.nlm.nih.gov/geo/) under
super-series accession number: GSE120137.

Figure 1. Accuracy of ridge regression epigenetic age predictions. DNA methylation age (y‐axis) versus chronological age (x‐axis)
for all mouse samples. (a) Performance of ridge regression clock based on all 192K CpGs in all training samples. The training set estimates
of the accuracy are overly optimistic and should be ignored. (b) Results by tissue type of cross‐validated predictions obtained by
iteratively withholding one “batch” (tissue x publication). For the batch cross‐validation of this clock, the global Pearson correlation
between predicted and chronological age was 0.79 (p < 2E‐195) with a mae of 3.1 months. All models in these iterative cross‐validations
had the same size of 193,651 CpGs. (c) Scatter plots by tissue type based on DNAm age estimates made with an iterative leave‐one‐
sample‐out cross‐validation. The correlation between predicted and chronologic age was 0.85 (p < 6E‐258) with a mae of 2.1 months.
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Table 2. Datasets.
Reference

Tissue

Strain

Age Dist.

Novel. Current study

Adipose (56)
Blood (72)
Kidney (56)
Liver (60)
Lung (60)
Muscle (60)
Cortex (16)
Heart (15)
Liver (15)
Lung (15)

C57BL/6J (200)
BALB/cByJ (164)

Cole (2017) [45]

Liver (32)

Ames Prop1 Dwarf (16)
UM-HET3 (16)

Petkovich (2017) [44]

Blood (231)

Novel. Current study.
JAX lab

Kidney (190)

C57BL/6 (161)
B6D2F1 (22)
GHRKO (26)
Snell ([DW/J x C3H/HEJ]/F2)
(22)
Diversity Outbred (190)

Reizel (2015) [76]

Cerebellum
(8)
Liver (49)
Muscle (25)
Spleen (10)

C57BL/6

N=364
mean = 10.9
median = 10
std dev = 7.4
min = 1.7
max=21.3
N=61
mean = 5.1
median = 6.21
std dev = 3.4
min = 0.2
max = 9.4
N = 32
mean = 13.5
median = 22
std dev = 9.8
min = 2
max = 22
N = 231
mean = 14.7
median = 9.5
min = 0.6
max = 32.2
N = 190
mean = 12.1
median = 12
std dev = 4.9
min = 6
max = 18
N = 92
mean = 2.8
median = 4.6
std dev =1.9
min = 0.23
max = 4.6

Cannon (2016) [67]

Heart (5)
Liver (22)
Muscle (5)

C57BL/6

Cannon (2014) [52]

Liver (40)

C57BL/6

Orozco (2014) [66]

Liver (105)

91 different strains

Stubbs (2017)
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N=32
mean = 0.8
median = 0.6
std dev = 0.9
min = -0.6
max = 2.1
N = 40
mean = 2.07
std dev = 0
min = 2.07
max = 2.07
N = 105
mean = 4
median = 4
std dev = 0
min = 4
max = 4
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Figure 2. Age acceleration due to diet treatments. Results obtained from ridge regression clock. A meta‐
analysis p‐value for the 3 calorie‐restriction (CR) experiments is included. (a) Calorie restriction versus standard diet
in the C57BL/J strain. (b) Calorie restriction versus standard chow diet in the B6D2F1 strain. (c) Calorie restriction
versus standard diet for the HET3 strain. d) Rapamycin enriched diet versus standard diet for the HET3 strain.

Diet effects on epigenetic aging
We analyzed data from 3 calorie restriction experiments
and 1 rapamycin diet treatment experiment. These "test
data" had been left out of the training set used in the
construction of our epigenetic clocks. The most
significant results could be observed for the ridge
regression clock based on all CpGs (Fig. 2): significantly delayed epigenetic aging effects can be observed in
calorie restricted C57BL/6 mice (p=4.2E-6, Fig. 2a) and
in B6D2F1 mice (p=0.041, Fig. 2b). A similar pattern
could be observed for calorie restricted HET3 mice
(Fig. 2c) but the results did not quite reach statistical
significance (p=0.083), which might reflect the low
sample size (4 CR vs 4 chow fed HET3 mice) or the
fact that the latter data had been generated using a dif-
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ferent platform (WGBS). However, the age estimates of
the WGBS samples (HET3 strain) were consistent with
those obtained for RRBS samples despite the absence of
WGBS samples from the training set.
CR induced anti-epigenetic aging effects could also be
observed with the 2 elastic net clocks (based on all
CpGs and on highly conserved CpGs, respectively) but
the results were less significant than the above mentioned effects observed for the ridge regression clock
(Suppl. Fig. 3).
No significant effect for rapamycin
The single comparison of mice fed with a rapamycinenriched diet to those fed a standard diet did not yield a
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significant difference in age acceleration irrespective of
the underlying clock (e.g. p=0.15, Fig. 2d) which might
reflect the low sample size (4 Chow vs 4 Rapamycin fed
mice) or the fact that the latter data had been generated
using a different platform (WGBS).
Delayed epigenetic aging in dwarf mice
A few transgenic strains of mice have maximum life
spans substantially greater than that of most other
strains. In particular, the Ames and Snell mice, which
have mutations in pituitary transcription factors (and
hence are deficient in growth hormones, luteinizing
hormone, thyroid-stimulating hormone, and IGF1) have
extensions in maximal lifespan of up to 65% [48-50].
Using publicly available data, we aimed to replicate the
findings from previous publications on delayed epigenetic aging effects in dwarf mice. Three different
experiments within our composite dataset were design-

ed to examine DNA methylation and dwarfism: i)
growth hormone receptor knock out mice (GHR-KO)
versus wild type mice ([C57BL/6J x BALB/cByJ]/F2),
ii) Snell dwarf (SD) mice versus wildtype mice WT
([DW/J x C3H/HEJ]/F2), and iii) Ames dwarf mice
versus WT where these were generated by mating either
homozygous (df/df) or heterozygous (df/+) dwarf males
with heterozygous females (df/+), respectively. The
Ames dwarf mouse line carries a recessive mutation in
the Prop1 gene and homozygous animals [Prop1(df)/
Prop1(df)] show dwarfness and exhibit extended
lifespan [51]. Heterozygous littermates [Prop1+/Prop1
(df)] were generated by breeding heterozygous females
with homozygous males are of normal size.
The ridge regression clock based on all CpGs managed
to detect a delayed-epigenetic aging effect in all three
types of dwarf mice (Fig. 3). Despite low sample sizes,
the trend for homozygous dwarf strains to slow the
epigenetic clock is clear and statistically significant

Figure 3. Age acceleration and Dwarfism in mice. Results obtained from ridge regression clock. A meta‐
analysis p‐value for the 3 experiments is included. (a) Genetic knockout dwarf mice versus wild type. (b) Snell dwarf
mice versus wild type. c) Ames Dwarf mice versus wild type.
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with a meta-analysis p-value of 8E-7. However, these
results are not statistically robust with respect to
different epigenetic clocks: the association of dwarfism
and slow epigenetic aging could not be detected with
the same significance with the two elastic net regression
clocks (Suppl. Fig. 4).

Although, this finding is biologically plausible it is not
statistically robust with respect to other epigenetic
clocks. In particular, it cannot be observed for the two
elastic net regression clocks (Suppl. Fig. 5)
GWAS of epigenetic age in mice
We used epigenetic age as trait in our Genome Wide
Association Study (GWAS) in the Hybrid Mouse
Diversity Panel (HMDP). We calculated epigenetic age
via a cross validation approach in order to avoid
overfitting. Specifically, epigenetic age was computed
for 88 strains using the ridge regression based clock and
leaving out from the training set the sample whose age
was estimated. The mean calculated epigenetic age was

Maternal diet effects on epigenetic aging
Cannon, et al. investigated the potential influence of
maternal diet on gene expression and DNA methylation
in their offspring [52]. Our ridge regression clock
reveals that the slowest epigenetic aging effects can be
observed in low fat diet-fed offspring of low fat diet-fed
mothers (Fig. 4).

Figure 4. Age acceleration and maternal diet. Results obtained from ridge regression clock.
(a) Offspring of mothers fed a high fat diet (HFD) who were fed either a high fat or low fat diet
(LFD). (b) Offspring of mothers fed a low fat diet who were fed either a high fat or low fat diet.

Table 3. Top ten SNPs from GWAS analysis of DNAm age predictions corresponding to peaks
connected to LD blocks in HDMP (~2 Mbp). P‐values were computed with a linear mixed‐model (LMM).
SNP ID

Chr

Position

LMM
p-value

JAX00189882

6

77104479

1.08E-04

JAX00141186

6

55124351

1.59E-04

JAX00613802

6

73641278

1.67E-04

Ctnna2, Lrrtm1
Plekha8, Mturn, Znrf2, Nod1, Ggct, Gars, Crhr2, Inmt,
Mindy4, Aqp1, Ghrhr, Adcyap1r1
Dnah6, Suclg1, 4931417E11Rik

JAX00651898

7

115070069

3.06E-04

Calca, Calcb, Insc, Sox6

JAX00373522

14

14657081

4.48E-04

Olfr720, Olfr31, Il3ra, Slc4a7, Nek10

JAX00049927

14

9498134

4.83E-04

Fhit

JAX00140799

6

49976398

5.06E-04

Npy, Mpp6, Gsdme, Osbp13

JAX00189488

4

95990791

5.48E-04

Fggy, Hook1, Cyp2j13, Cyp2j12, Cyp2j11, Cyp2j8

Nearest gene(s)

JAX00087970

19

25717022

5.66E-04

Kank1, Dmrt1, Dmrt3, Dmrt2

JAX00374020

14

17587871

7.02E-04

Thrb

www.aging‐us.com

2839

AGING

4.18 months (±0.95) in the range of 2.3-7.1 months
with a median of 4.1 months. A set of 196,148 SNPs
(MAF>5%) was used for association studies. We used
linear mixed models to correct for population structure
using the pyLMM software. As our cohort size was
limited, we were not able to identify peaks whose
significance was beyond the Bonferroni threshold in
this analysis (Fig. 5a). Therefore the results presented in
Table 3 with the top 10 SNPS are only suggestive of an
association and will need to be confirmed in the future
with a larger cohort.

We analysed the genes that were found proximal (500
kbp up- and downstream) to the identified peak SNP
site. This list contains several genes that have previously been implicated in aging: Aqp1 (Aquaporin 1)
[53], Npy (Neuropeptide Y)[54], Adcyap1r1 (Adenylate
cyclase-activating polypeptide type I receptor 1) as a
receptor for PACAP (Pituitary Adenylate CyclaseActivating Peptide) [55, 56]. The most notable is Npy,
which encodes a hormone responsible for appetite
control [57], regulation of fat metabolism [58], and
plays a critical role in caloric restriction (CR) mediat-

Figure 5. Genome‐wide association results for DNAm Age. (a) Manhattan plot presenting genome‐wide association results for DNAm
Age. Epigenetic age predictions were calculated using all CpGs clock with ridge regression and leave‐one‐sample‐out estimates. GWAS analysis
was based on linear mixed model and a set of 196,148 SNPs (MAF > 0.05) from HMDP mice strains. (b) This SNP as identified using GWAS analysis
of epigenetic age predictions. It is located in an LD block on chromosome 6 and contains the genes Npy, Mpp6, Gsdme and Osbp13. A one‐sided t‐
test of DNAm ages between the two allelic groups shown is statistically significant. (c) It is located in an LD block on chromosome 6 and contains
the genes Npy, Mpp6, Gsdme and Osbp13. A one‐sided t‐test of DNAm ages between the two allelic groups shown is statistically significant.
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ed lifespan extension [59]. As examples, we found
statistically significant differences (p < 0.001) in
average DNAm ages of mice strains having allele C or
T within SNP JAX00140799 (Fig. 5b) and between
mice strains having allele T or C within SNP
JAX00373522 (Fig. 5c).

DISCUSSION
Based on multiple tissue samples taken from previous
studies and our own in-house collection we compiled a
dataset of 1189 mouse DNA methylation measurements
across hundreds of thousands of CpGs. These samples
represent the most comprehensive dataset thus far of
matched single base resolution methylomes in mice
across multiple tissues and ages.
We demonstrate that these data enable construction of
highly accurate multi-tissue age estimation methods
(epigenetic clocks) for mice that apply to the entire life
course (from birth to old age). We demonstrate that
these clocks perform well on new tissues not included
in the training of the clock by performing tissue
exclusion cross-validation. This gives us confidence
that these clocks will work on new samples from other
tissue types as well. However, we cannot rule out that
these clocks fail in specific cell types. Epigenetic age
estimators that focus on specific tissues or cell types can
have greater accuracy than pan tissue age estimators
[60].
Our study leads to several novel insights. First, our first
prototype of an age estimator based on fewer than 1000
highly conserved CpGs demonstrates that it will be
feasible to build highly accurate DNAm age estimator
on the basis of highly conserved CpGs.
Second, we find that epigenetic clocks that are optimal
for estimating age (namely those based on elastic net
regression) may be inferior to less accurate clocks
(based on ridge regression) when it comes to gold
standard anti-aging interventions. Only our ridge
regression clock manages to corroborate most of the
previously reported findings, e.g. only the ridge clock
showed that dwarf strains show slower epigenetic aging
relative to wild-type strains. The anti-epigenetic aging
effects of calorie restriction are highly robust and could
be observed with all clocks. Moreover, by utilizing
epigenetic ages as phenotypic traits in a GWAS study of
88 strains of mice we found suggestive associations
with several genes, including neuropeptide Y whose
role in appetite control and calorie restriction mediated
lifespan extension is well documented. However, none
of our clocks managed to detect an anti-aging effect of
rapamycin in a small data set which might reflect the
low sample sizes or technical reasons including low
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coverage afforded by the measurement platform
(WGBS).
All clocks were able to detect a slowing of the
epigenetic clock in mice fed a calorie restricted diet,
though with differing sensitivity, suggesting that the
effects of calorie restriction are pervasive across the
methylomes. In contrast, the slowing of epigenetic
aging in mice fed a low fat diet for two generations
were not detected by the clocks with fewer CpGs
(elastic net), suggesting these effects are either more
subtle or more localized in the methylome.
These results suggest that the multi-tissue ridge regression DNA-methylation clock is most useful in assessing
“biological age” for a variety of treatments, experimental interventions, and genetic backgrounds. However,
the elastic net clocks are better for assessing chronological age. We evaluated both ridge and lasso
regression in previous studies with human data and
found that lasso outperformed ridge not just in terms of
accuracy but also in terms of interpretability
(unreported findings). Therefore, it is a curious finding
that ridge regression has some merits when it comes to
mice.
We speculate that one reason that ridge regression
works best in our context is that our dataset is more
heterogeneous than those used in previous studies. Our
dataset includes mice of different ages, strains and
diverse tissues, all collected in different labs and
resulting in a whole that is larger than any previous
dataset. Because genetic diversity in mice is high, it is
possible that lasso models that only use a limited
number of sites are more prone to be influenced by
genetic variation (as DNA methylation is often
associated with genetic variation). Thus, on the whole,
it is possible that the ridge approach minimizes these
effects by using all sites, and thus leads to the most
robust overall performance.
The DNAm age estimates from our mouse clocks
exhibit a correlation coefficient with chronological age
that ranges from R=0.79 to 0.89 (Table 1). These
correlations are only slightly weaker than those
observed for human studies (R=0.96 for the pan tissue
estimator from Horvath). We have no doubt that more
accurate mouse clocks can be built by reducing
technical variation and by employing even larger data
sets.
We acknowledge several limitations. Our genetic study
of epigenetic aging rates was under-powered. Large
scale human studies have implicated genome-wide
significant loci including the TERT gene [61-63]. We
did not assess the intra-assay variation of replicate
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samples in the current article but refer the interested
reader to relevant articles [59, 60].
Rigorous quantitative comparisons to previously
published mouse clocks (e.g. comparing age correlation
values) could not be made due to technical differences
in the processing of sequence data, in the estimation and
correction of methylation calls, in the limited tissue
sampling of previous clocks, and, most importantly, in
the simple absence of particular CpGs in the various
datasets and clock models. The subset of CpGs with
high coverage in one RRBS data set tends to exhibit
poor overlap with a subset of CpGs from another RRBS
data set. This poor overlap of CpGs makes it difficult to
validate epigenetic clocks based on RRBS data. We are
currently working on a custom methylation array
platform that avoids these pitfalls.

METHODS
Data sets
We generated reduced representation bisulfite
sequencing (RRBS) methylation data for mouse
adipose, blood, liver, and kidney, muscle, and lung
tissue samples using the protocol below.
DNA methylation assay
Genomic DNA was isolated by standard phenolchloroform extraction method and used as input to
prepare Reduced Representation Bisulfite Sequencing
(RRBS) libraries as described previously [64] with
minor modifications. For each sample 50-100 ng of
purified genomic DNA was digested with 20 U of MspI
(NEB, cat # R0106L) at 37°C o/n in the presence of
RNase Cocktail Mix (Ambion, cat # AM2286). Endrepair and dA-tailing was performed by the addition of
Klenow Fragment 3’->5’ exo- (NEB, cat # M0212L) in
the presence of dATP, dGTP and d5mCTP (Fermentas).
Adapter Ligation was performed by the addition of 0.3
µl of Illumina TruSeq methylated Adapters (Illumina,
TruSeq Nano cat# FC-121-4001) and 2 µl of Illumina
Ligation Mix 2 (Illumina, TruSeq Nano cat# FC-1214001). Samples were pooled and purified using an equal
volume of SPRI beads (Beckman Coulter, cat #
B23318). Size-selection was performed using SPRI
beads to enrich for fragments from 200 to 300 bp.
Bisulfite treatment was performed using Epitect
Bisulfite kit (QIAGEN, cat # 59104) according to
manufacturer's protocol, except that two consecutive
rounds of conversion are performed, for a total of 10 hr
of incubation. Purified converted DNA was PCR
amplified using MyTaq HS Mix (Bioline, cat# BIO25045) and TruSeq PCR Primer Cocktail (Illumina,
TruSeq Nano cat# FC-121-4001) according to the
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following protocol: initial denaturation at 98°C for 30s;
12 cycles of 98°C for 15s, 60°C for 30s, 72°C for 30s;
final extension at 72°C for 5 min. Amplified libraries
were purified twice with an equal amount of SPRI
beads to remove primer and adapter dimers. Libraries
were sequenced 100 bp single-end on an Illumina
HiSeq4000. For the kidney data from JAX laboratories,
the sequencing protocol was as follows. RRBS libraries
were prepared using 100 ng DNA, the Ovation RRBS
Methyl-Seq System 1–16 (NuGEN Technologies, San
Carlo, CA) part number 0353, and the EpiTect Fast 96
Bisulfite Conversion kit (Qiagen, Hilden, Germany)
part number 59720. The manufacturer’s protocols were
followed except for the number of PCR cycles in the
library amplification step, which was increased, from 12
to 13. Libraries were quantified using the Library
Quantification Kit (Kapa Biosystems, Wilmington,
MA) part number KK4835, normalized to 10nM, and
pooled in groups of 12. Each pool was sequenced 1 x
100 bp on one lane of the HiSeq2500 (Illumina, San
Diego, CA) at The New York Genome Center (New
York, NY).
These datasets were integrated with RRBS data made
available to the public via the GEO repository [65]. We
included datasets from previous RRBS-based
“epigenetic clock” studies [44, 47] along with RRBS
data from an EWAS study of metabolic traits [66], from
a study of maternal diet effects on gene expression and
DNA methylation [52], from a study of post-natal
hepatocyte development [67], from a multi-tissue study
of sex hormone effects on DNA methylation [68].
Kidney data from the Jackson Laboratory
Kidneys were collected from male and female Diversity
Outbred mice at ages 6, 12 and 18 months. Mice were
group housed in SPF condition and fed a standard lab
chow diet (5K0G) with 6% calories from fat. Tissues
were flash frozen in LN2, pulverized and mixed prior to
DNA extraction. RRBS sequencing was carried out at
the New York Genome Center. Although wholegenome bisulfite-sequencing data (WGBS) has a variety
of characteristic differences from RRBS, we obtained
the set of this data collected previously to examine
longevity interventions in mice and build an epigenetic
clock [45, 46].
Data processing
Where possible, we downloaded the raw sequencing
files from previous studies via (GEO) and performed
alignments and methylation calling identically as for
our in-house data using BS_Seeker2 with default
parameters [69]. All mouse methylation data in this
study utilized mouse genome mm10 coordinates. When
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technical replicates were available for a given sample,
they were merged by summing the sequencing counts.
For the kidney data from JAX laboratories, a Bismarkbased pipeline was initially used as follows [70]. All the
samples were subjected to QC using the trim galore
module then trimming of the diversity adapters was
performed by trimRRBSdiversityAdaptCustomers.py
script from NuGen. High quality trimmed reads were
aligned to all eight diversity outbred founder strains
(A/J,
C57BL/6J,
129S1/SvImJ,
NOD/ShiLtJ,
NZO/HlLtJ, CAST/EiJ, PWK/PhJ, and WSB/EiJ,) separately using Bismark at default parameters. The
alignment to founder genomes except C57BL/6J were
converted to reference genome coordinates (mm10)
using g2gtools v1. Then, we selected the reads which
were mapped to the same locus in multiple founders
strains (assigned to founder strains with minimum edit
distance) or mapped uniquely to one founder strains by
custom in-house script. The bed file of estimated
methylation proportion of each founder (except
C57BL/6J ) was converted to reference genome coordinate by g2gtools v1 and, finally, combined to provide
the methylation proportion in each diversity outbred
animals.

Penalized regression models

For each CpG site in each sample we estimated the
methylation frequency as the number of methylated
mapped read counts over the total mapped read counts.
Where available, the counts for the forward and reverse
Cytosines of the CpG were pooled and treated as a
single measurement. We then computed a 95% confidence interval with a Bayesian approach using a Beta
distribution (0.5,0.5) (“Jeffrey’s Prior”) for all
methylation values [71,72]. For inclusion in our
analysis, we required that each CpG site had confident
methylation frequencies in at least 95% of samples.
Confidence was defined as having a confidence interval
smaller than 0.50. True missing values or measurements
failing that confidence interval filter were imputed
using k-nearest-neighbor approach with k=5. This select
strategy resulted in CpGs whose mean methylation
levels ranged from zero to 1 (Suppl. Fig. 6).

Cross-validation estimates of accuracy

Sample exclusion
In order to maximize the number of samples and
coverage of the methylomes, it was necessary to
exclude a number of samples both from our new data
and from previously published datasets. First, we
removed samples with fewer than 500,000 measured
CpGs. Next, after an initial matrix was constructed, we
iteratively removed samples with the most missing
values until we arrived at a matrix with ~2% total
missing values.
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Penalized regression models were created with glmnet
[73]. We investigated models produced by both elastic
net regression (alpha=0.5) and ridge regression
(alpha=0). The optimal penalty parameters in all cases
were determined automatically by using a 10 fold
internal cross-validation (cv.glmnet) on the training set.
By definition, the alpha value for the elastic net
regression was set to 0.5 (midpoint between ridge and
lasso type regression) and was not optimized for model
performance. We omitted the results from lasso
regression models (alpha=1) because the age estimates
tended to be less accurate than those from elastic net
regression.
The covariates in our data (methylation of CpGs) are
known to have a high degree of multicollinearity. While
lasso and elastic net regression allow regression
coefficients to go to zero and thus yield a sort of
“feature
selection”
which
is
desirable
for
interpretability, the correlations among methylation
sites may contain subtle information that might be
useful to retain (which supports the use of ridge
regression).

We performed three types of cross-validation schemes
for arriving at unbiased (or at least less biased)
estimates of the accuracy of the different DNAm based
age estimators. One type consisted of leaving out a
single sample (LOOCV) from the regression, predicting
an age for that sample, and iterating over all samples.
The second type (10-fold) was similar to the first except
that 10% of samples were withheld per iteration. The
third type consisted of iteratively leaving out all
samples of a particular “batch” where batched was
defined as combination of tissue type and publication of
origin. For example, three batches resulted from a single
publication if the underlying RRBS data were obtained
from 3 distinct tissues. Samples from longevity
intervention studies (CR, Rapamycin, dwarf mice)
along with their respective control samples were
excluded from all instances of training-set construction.
Conserved-CpG clock
Our team is currently developing a mammalian DNAmethylation array for measuring methylation levels in
mammals. The primary selection criteria for CpGs for
the probe-design of this bead-chip array was
conservation of the local sequence context of the CpG
across 60 sequenced mammalian genomes. We obtained
the list of candidate CpGs in this effort and intersected
it with CpGs in our high-quality RRBS data.
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Epigenetic age acceleration
To investigate effects of biological interventions and
genetic background on epigenetic aging, we employ a
quantity termed “age acceleration”. In the simplest
form, it is just the difference between the epigenetic age
estimated by the clock and the chronological age.
However, this measure can be age-dependent itself,
causing difficulty in interpretation. Instead, age
acceleration is computed as the residual, per sample,
after fitting predicted ages to chronological ages. This
fitting is done on a per-batch basis. P-values for age
acceleration comparisons found in Figs 2, 3, 4, and
Suppl. Figs 3, 4 and 5 were obtained using the nonparametric Kruskal-Wallis test.
Genome-wide association study
GWAS was performed using 88 strains from the Hybrid
Mouse Diversity Panel (HMDP, listed in Suppl. Table
1), that have been extensively used as a resource for
systems genetics analyses [66, 74, 75]. Of the total of
459 895 SNPs, we selected a set of 196 148 SNPs that
exhibited minor allele frequency greater than 5%.
DNAm ages, computed using all CpGs clock with ridge
regression and leave-one-sample-out estimates, were
treated as phenotypes in the association studies. All of
the mice were at chronological age of 4 months. GWAS
was conducted using the linear mixed model python
package pyLMM to account for population structure
and relatedness among the mouse strains. We selected
the top SNPs in each of the peaks from the pyLMM
analysis that were located a minimum of 2 Mbp apart,
which is the average of LD block size for SNPs in the
HMDP.
Data availability
Raw sequencing data and processed data for samples
collected at UCLA and JAX, as well as re-processed
data from previous studies have been made available at
the Gene Expression Omnibus (https://www.ncbi.nlm.
nih.gov/geo/) under super-series accession number:
GSE120137
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SUPPLEMENTARY MATERIAL
This information is provided as supporting information
and results to the main ones presented in the
manuscript.
SUPPLEMENTARY FIGURES

Supplementary Figure 1. Accuracy of the elastic net clock based on all CpGs. DNA methylation age (y‐axis)
versus chronological age (x‐axis) for all mouse samples. (a) Performance of elastic regression clock on all training
samples. (b) Results by tissue type of cross‐validated predictions obtained by iteratively withholding one “batch”
(tissue x publication). (c) Results by tissue type of predictions from leave‐one‐out‐cross‐validation.
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Supplementary Figure 2. Accuracy of the conserved clock based on elastic net regression. DNA methylation
age (y‐axis) versus chronological age (x‐axis) for all mouse samples. (a) Performance of elastic net regression clock on all
training samples. (b) Results by tissue type of cross‐validated predictions obtained by iteratively withholding one
“batch” (tissue x publication). (c) Results by tissue type of predictions from leave‐one‐out‐cross‐validation.
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Supplementary Figure 3. This figure corresponds to Fig. 2 in the main text for diet treatments
and longevity. The upper panel shows the same results for an elastic net clock using all CpGs as input.
The lower panel shows the same results for an elastic net clock using only conserved CpGs as input.
Overall, the results for these two clocks are less significant than those observed for the ridge regression
clock. But both of these clocks detect anti‐epigenetic aging effects CR in the C57BL/6 strain (panel a).
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Supplementary Figure 4. This figure corresponds to Fig. 3 in the main text for dwarfism and
longevity. The upper panel shows the same results for an elastic net clock using all CpGs as input. The
lower panel shows the same results for an elastic net clock using only conserved CpGs as input.
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Supplementary Figure 5. This figure corresponds to Fig. 4 in the main text for
the effects of maternal diet on DNA methylation in offspring. The upper panel
shows the same results for an elastic net clock using all CpGs as input. The lower panel
shows the same results for an elastic net clock using only conserved CpGs as input.
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Supplementary Figure 6. Histogram of methylation levels of all CpGs in the training set of samples.

SUPPLEMENTARY TABLES
Please browse Full Text version to see the data of
Supplementary Tables:
Supplementary Table 1. CpGs utilized in the elastic
net age clock derived from all CpGs measured. Listed
are the genomic coordinates, the linear coefficients of
the model, and the distances to the transcription site
(TSS) of the nearest genes.
Supplementary Table 2. CpGs utilized in the elastic
net age clock derived from evolutionarily conserved
CpGs for which methylation data was available. Listed
are the genomic coordinates, the linear coefficients of
the model, and the distances to the transcription site
(TSS) of the nearest genes.
Supplementary Table 3. List of strains from the
Hybrid Mouse Diversity Panel (HMDP) used in the
Genome-Wide Association Study.
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ABSTRACT
The paramount role of senescent cells in ageing has prompted suggestions that re-expression of telomerase
may prevent ageing; a proposition that is predicated on the assumption that senescent cells are the sole cause
of ageing. Recently, several DNA methylation-based age estimators (epigenetic clocks) have been developed
and they revealed that increased epigenetic age is associated with a host of age-related conditions, and is
predictive of lifespan. Employing these clocks to measure epigenetic age in vitro, we interrogated the
relationship between epigenetic ageing and telomerase activity. Although hTERT did not induce any perceptible
change to the rate of epigenetic ageing, hTERT-expressing cells, which bypassed senescence, continued to age
epigenetically. Employment of hTERT mutants revealed that neither telomere synthesis nor immortalisation is
necessary for the continued increase in epigenetic age by these cells. Instead, the extension of their lifespan is
sufficient to support continued epigenetic ageing of the cell. These characteristics, observed in cells from
numerous donors and cell types, reveal epigenetic ageing to be distinct from replicative senescence. Hence,
while re-activation of hTERT may stave off physical manifestation of ageing through avoidance of replicative
senescence, it would have little impact on epigenetic ageing which continues in spite of telomerase activity.

INTRODUCTION
Although ageing is readily observed at the level of the
organism, our understanding of why and how this
process occurs has remained speculative until normal
human cells were successfully cultured outside the
body, where they were found to have a finite capacity to
proliferate. Hayflick estimated that a population of
human cells grown ex vivo can double approximately
sixty times after which they adopt a permanent state of
dormancy termed replicative senescence [1, 2]. The
cause of this natural limitation to proliferation was
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eventually found to lie in the “end-replication problem”,
which if not addressed by the cell, would lead to
telomere attrition at every round of DNA replication [3,
4]. It was eventually demonstrated that this does indeed
occur and when telomeres shorten to a critical length
they trigger cells to adopt the senescent state [5, 6]. The
identification of telomerase, which replicates telomeres
[7, 8], and the fact that most adult somatic cells do not
produce this enzyme, provided the last major piece of
the puzzle that describes the ageing process from events
beginning with molecules, proceeding to cells and
culminating in the organism. Significantly, this chain of
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events can be prevented by ectopic expression of
hTERT, the catalytic sub-unit of telomerase, which can
preserve telomere length and avert senescence of some
cells [9, 10]. Impressively, these profound insights into
the process of human ageing were acquired from careful
study of ex vivo cell behaviour.
It was initially thought that the functional and physical
deterioration that characterise organismal ageing are a
result of insufficient replenishment of cells due to
telomere-mediated restriction of cellular proliferation.
Senescent cells, which accumulate increasingly in
tissues in function of age, were assumed to be passive
and merely a consequence of the above-described
processes. This notion was short-lived when senescent
cells were found to secrete molecules that are
detrimental to cells and tissues; a cellular characteristic
described as senescence-associated secretory phenotype
(SASP) [11-13]. The role of senescent cells in actively
causing age-related physical deterioration was elegantly
revealed when reversal of ageing phenotype in organs
and tissues was observed following the removal of
senescent cells in mice [14]. As such, it would follow
that if cells were prevented from becoming senescent in
the first place, ageing could be avoided. Although there
are external instigators such as stress and DNA damage
that can also cause cells to become senescent [15],
replicative senescence is particular in that it is an
intrinsic feature that is part of cellular proliferation and
occurs even in an ideal environment. As expression of
hTERT has been repeatedly demonstrated to prevent
replicative senescence of many different cell types, it is
reasonable to consider ectopic expression or reactivation of endogenous hTERT expression as
potential means to prevent replicative senescence, delay
ageing and improve health [16].
The above proposition would be valid if senescent cells
were indeed the only cause of ageing. Relatively
recently, an apparently distinct form of ageing, called
epigenetic ageing was described (reviewed in [17]).
This discovery stems from observations that the
methylation states of some specific cytosines that
precede guanines (CpGs) in the human genome changed
rather reliably and strictly with age [18-22]. This
allowed supervised machine learning methods to be
applied to DNA methylation data to generate DNA
methylation-based age estimators (epigenetic clocks) of
epigenetic age, which in the majority of the human
population is similar with chronological age [23-27].
The difference between epigenetic age and
chronological age, which reflects the rate of epigenetic
aging, carries biological significance: increased
epigenetic aging is associated with numerous agerelated pathologies and conditions [17, 28-41].
Conversely, healthy lifestyle and diet is associated with
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younger epigenetic age [17, 42]. Furthermore,
epigenetic age can be reversed or reset, as expression of
Yamanaka factors in somatic adult cells reset their
epigenetic ages to zero [26, 43]. Hence, epigenetic age
is not merely an alternative means of determining
chronological age but is to some degree a measure of
biological age or health; a proposition that is further
supported by the impressive demonstration that
acceleration of epigenetic ageing is associated with
increased risk of all-cause mortality [34, 39].
Collectively, the descriptions above highlight the fact
that epigenetic ageing, in spite of the mathematical
origins of its discovery, is not a mathematical
contrivance but a genuine ageing process innate in cells.
Several DNAm-based biomarkers have been reported in
the literature that differ in terms of their applicability
(some were developed for specific tissues such as
blood) and their biological interpretation. The pantissue epigenetic clock developed by Horvath [26] is
applicable to almost all sources of DNA with the
exception of sperm. The resulting age estimate by this
clock is referred to as epigenetic age or more precisely
DNAm age. Although the pan-tissue epigenetic clock is
highly accurate and applicable to the vast majority of
tissues in the body, it performs sub-optimally when
estimating the age of fibroblasts. In response to this, we
recently developed a new epigenetic age estimator,
referred to as skin & blood clock that is more accurate
in estimating age of different cell types including
fibroblasts, keratinocytes, buccal cells, blood cells,
saliva and endothelial cells [44]. Studies employing
skin & blood clock and the pan-tissue epigenetic age
clock revealed a startling consistency of epigenetic age
across diverse tissues from the same individual, even
though cellular proliferation rates and frequencies of
these tissues are not the same [26, 44]. This suggests
that the ticking of the epigenetic clock is not a reflection
of proliferation frequency, which is in stark contrast to
telomere length, which enumerates cellular division. It
would therefore appear that the process of epigenetic
ageing is distinct from that which is driven by telomeremediated senescence. To understand their relationship
or interaction, if one indeed exists, we set out to test the
impact of hTERT on epigenetic ageing. To this end we
employed wild type hTERT that can prevent telomere
attrition and its mutants that cannot [45], with some still
able to nevertheless prolong cellular lifespan [46].
Expressing these hTERT constructs in primary cells
from numerous donors, ages and cell types, we observe
that while hTERT expression can indeed prevent
cellular senescence, it does not prevent cells from
undergoing epigenetic ageing and that extension of
cellular lifespan is sufficient to support continued
epigenetic ageing of the cell. These simple observations
provide a very important piece to the puzzle of the
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Figure 1. Effects of hTERT on growth and epigenetic ageing of human primary neonatal fibroblasts. (A) Growth dynamics
of primary cells from two different donors (A and B) transduced with either empty vector (control) or hTERT expressing vector
(hTERT). The ages of a selection of cell passages of donor A (B) and donor B (C) were imputed by the pan-tissue clock (left panel) or
the skin & blood clock (right panel). The ages are plotted against cumulative population doubling (CPD) that corresponded to the
passage of cells that were analysed.

ageing process because it reveals the distinctiveness of
epigenetic ageing from replicative senescence-mediated
ageing. They provide further empirical support to the
epidemiological observation that hTERT variant that is
associated with longer telomeres are also associated
with greater epigenetic ageing [47].

RESULTS
To test the effect of hTERT on epigenetic ageing, we
first transduced primary neonatal foreskin fibroblasts
www.aging-us.com
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with hTERT vectors and subjected them and the control
isogenic cells, which harbour empty vectors, to
continuous culture with passaging. The growth curve in
Figure 1A shows that control fibroblasts from neonatal
donors A and B (blue and red dots) senesced after about
a hundred days in culture and having doubled
approximately 50 times (supplementary Figures 1 and
2A). Unsurprisingly, cells bearing hTERT expression
vector bypassed replicative senescence. They
proliferated unabated beyond 130 days and 75
cumulative population doubling. The last green and
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Figure 2. Effects of hTERT on growth and epigenetic ageing of adult primary human coronary artery endothelial cells.

(A) Growth dynamics of primary cells from one donor (C) transduced with either empty vector (control) or hTERT expression vector
(hTERT). (B) The ages of a selection of cell passages of donor C were imputed by the pan-tissue clock (left panel) or the skin & blood
clock (right panel). The ages are plotted against cumulative population doubling (CPD) that corresponded to the passage of cells that
were analysed.

orange dots represent the time-point at which the
experiments were terminated, and not the end of cellular
viability. These cells have effectively become
immortalised. Cellular DNA from a selection of cell
passages were subjected to methylation analyses with
Illumina EPIC array. The resulting data were processed
using the pan-tissue clock and the new skin & blood
clock. The results in Figure 1B (for Donor A) and
Figure 1C (for Donor B) show control cells to age in
culture and this was not perturbed by hTERT
expression. Importantly, cells transduced with hTERT
not only evaded replicative senescence, their epigenetic
ages continued to steadily increase past the point of
replicative senescence encountered by their respective
isogenic control counterparts (last blue and red dots).
While this behaviour is observed with results derived
from both epigenetic ageing clocks, the pan-tissue clock
clearly displays an off-set from the chronological age of
the neonatal cells, which is zero years, as correctly
indicated by the skin & blood clock. Incidentally, this
systematic offset/error in accurately estimating the
epigenetic age of young fibroblasts was one of the
reasons for developing the skin & blood clock.
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To ascertain whether the effect of hTERT seen in
neonatal foreskin fibroblasts was observable in cells
from another tissue and age, we utilised human
coronary artery endothelial cells (HCAEC) from adult
donor (Donor C; 19 years old). The growth dynamics of
these cells as shown in Figure 2A are similar in
principle with those of the neonatal fibroblasts, with the
difference being the earlier time-point at which the
control cells senesce (Supplementary Figure 2B). This
is consistent with them being adult cells and as such
would have lower replicative potential. As with
neonatal fibroblasts, the adult HCAEC expressing
hTERT were also immortalised. A startling difference
however, is apparent when the ages of these cells were
estimated by the two clocks (Figure 2B). While once
again the skin & blood clock showed hTERTexpressing cells, which bypassed replicative
senescence, to continue ageing steadily, the epigenetic
age estimates from the pan tissue clock were much
higher and with no significant change in age (Figure
2B). We have observed similar pattern with HCAEC
isolated from another donor (26 years old) [44].
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Table 1. Mutants of hTERT used in the experiments.
Catalytic activity

Extension of Life-span

Telomere Synthesis

Immortalisation

hTERT wt

YES

YES

YES

YES

hTERT IA

YES

YES

NO

NO

hTERT N-DAT116

YES

YES

NO

NO

hTERT N-DAT92

YES

NO

NO

NO

The characteristics of the hTERT mutants in the left column are indicated by yes or no in regards to whether they are
capable of lifespan extension, telomere synthesis or cellular immortalisation.

To further investigate the relationship between hTERT
and epigenetic ageing, we employed a previously
validated and published panel of hTERT mutants which
all possess catalytic activity but are compromised in one
or several hTERT properties, namely, extension of
replicative
lifespan,
telomere
synthesis
or
immortalisation (Table 1 and Supplementary Figure 3)
[48]. The growth characteristics of the neonatal foreskin
fibroblasts transduced with these vectors confirmed that
cells expressing wildtype hTERT bypassed replicative
senescence (Figure 3) and aged steadily pass the point
of replicative senescence encountered by the control
cells (Figure 4A). Notably the hTERT IA mutant [46],
which can significantly extend replicative lifespan
(Figure 3) but can neither replicate telomeres nor
immortalise cells, is also able to elicit steady epigenetic
ageing pass the point of replicative senescence of the
control cells (Figure 4B). This feature is particularly
important because it shows that neither telomere
synthesis nor immortalisation contribute to the steady
rise in epigenetic ageing seen with hTERT-expressing
cells. Instead extension of cellular lifespan appears to be
the critical property associated with increased
epigenetic ageing. Accordingly, the N-DAT116 mutant
[46], which was reportedly also able to extend cellular
lifespan of human mammary epithelial cells [46, 48],
but did so only very marginally with neonatal
fibroblasts, did not cause a substantial rise in epigenetic
ageing (Figure 4C). Likewise the N-DAT92 [46]
hTERT mutant that does not increase lifespan also did
not increase epigenetic ageing (Figure 4D). The patterns
described above largely hold true between the two
epigenetic age clocks. It is evident that age scatter plots
derived from the pan-tissue clock appear more linear, as
is seen in the composite plot in Figure 4E. This is not
surprising as the spread of ages estimated by it is much
greater than those by the skin & blood clock.
Notwithstanding the age off-set that is apparent with the

Figure 3. Effects of hTERT and its mutants on growth
and senescence of human primary neonatal
fibroblasts. (A) Growth dynamics of primary cells transduced
with either empty vector (control), vector expressing wildtype
hTERT (WT), IA mutant (IA), N-DAT116 mutant (N116) or NDAT92 mutant (N92). (B) Cells from a selection of passages
were subjected to senescence assay and the senescence index
is plotted against cumulative population doubling that
corresponded to the passage of cells that were analysed.
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Figure 4. Effects of hTERT and its mutants on epigenetic ageing of human primary neonatal fibroblasts. Ages of primary

human neonatal fibroblasts bearing empty vector (blue dots), wildtype hTERT (A), IA mutant (B), N-DAT116 mutant (C) or N-DAT92
mutant (D) were determined using the pan-tissue clock (left panel) and the skin & blood clock (right panel). (E) Composite plot of all the
hTERT mutants. The ages of cells from a selection of passages are plotted against cumulative population doubling (CPD) that
corresponded to the passages of cells that were analysed.

pan-tissue clock, and the greater noise of the skin &
blood clock, their results are consistent in showing that
while hTERT can prevent replicative senescence, it is
ineffective in stopping epigenetic ageing.

DISCUSSION
We carried out these simple but very long-drawn out
experiments to interrogate the connection, if there was
one, between replicative senescence (as mediated by
telomeres) and epigenetic ageing. In order to interpret
these findings correctly, it is necessary to be reminded
that epigenetic age, as imputed by the epigenetic clocks
is neither a measure of cellular proliferation rate nor a
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measure of proliferation or passage number. This is
evident from the fact that epigenetic age of isogenic
tissues (from the same individual) with high and low
turn-over rates (blood and heart for example) are similar
[26, 44]. Epigenetic ageing is also not a measure of
senescent cells, as is evident from this study where
epigenetic age continues to rise inexorably in hTERTexpressing cells, which do not senesce. These
characteristics underline the distinctiveness of
epigenetic ageing from replicative senescence-mediated
ageing, which supports our previous findings [49] and
three genome-wide association studies (GWAS) which
did not detect a relationship between telomere length
and epigenetic ageing [50-53].

AGING

Do these two different ageing processes interact? Since
hTERT-expressing cells (subsequently referred to as
hTERT cells) exhibit greater age, it would appear that
hTERT promotes epigenetic ageing. This however is
not the case because hTERT cells do not exhibit higher
ages than control cells prior to the point of replicative
senescence of the latter. This is evident from the similar
gradient of age increase between control and hTERT
cells. The acquisition of greater age by hTERT cells
after senescence of the control cells is a smooth
continuum of the ageing gradient. As such, observations
from these experiments do not support the proposition
that hTERT stimulates epigenetic ageing. Instead, by
causing cells to bypass replicative senescence, hTERT
allows the inherent process of epigenetic ageing, which
occurs regardless of its presence, to continue. Put
simply, while hTERT may appear on the surface, to
exacerbate the epigenetic ageing of cells, in truth
hTERT, by preventing telomere attrition, prolonged the
lifespan of the cells, allowing them growing older (as
measured by the epigenetic clocks).
Accordingly, telomere synthesis and immortalisation
are not necessary for the acquisition of greater age; a
point that is clearly made by hTERT IA mutant, which
increased epigenetic age in spite of its inability to
maintain telomere length or immortalise cells, but is
still able to extend lifespan [46]. It is interesting that
although both IA and N-DAT116 mutants are
reportedly able to increase life-span of human
mammary epithelial cells [46, 48], the magnitude of
their effect in human neonatal fibroblasts is very
different. The hTERT IA mutant, which is far more
effective in this regard, is also highly effective in
increasing epigenetic age. The hTERT N-DAT116
mutant on the other hand induces only a marginal
increase in lifespan and accordingly, no age increase
beyond the control cells is evident (measured by the
skin and blood clock) and a correspondingly small
increase as measured by the pan-tissue clock. These
observations are consistent and they point to increased
epigenetic ageing in hTERT cells as a result of
extension of lifespan.
This conclusion is also consistent with the recently
reported genome-wide association study (GWAS) that
identified an variant of hTERT that is associated with
increased epigenetic ageing [47]. Interestingly, this
allele is also associated with longer telomeres. This
observation appeared counter-intuitive in the first
instance because short telomeres are unequivocally
associated with greater age. As such hTERT variants
that generate short telomeres would be expected to be
associated with increased epigenetic ageing. The
apparent paradox disappears when it is realised that
while telomere length undoubtedly records the
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proliferative history of the cell, it also indicates its
proliferative or lifespan potential. As such, cells with
longer telomeres have longer lifespan, and as
empirically demonstrated here, longer lifespan is
accompanied by greater epigenetic ageing. In other
words, ectopic expression of hTERT (in this study) and
expression of a natural hTERT locus variant associated
with longer telomeres in vivo (suggested by GWAS)
would increase cellular lifespan, with the consequence
of greater epigenetic ageing.
The distinctiveness and independence of epigenetic
ageing from replicative senescence, exerts a serious
impact on ageing intervention strategies. It is likely that
re-activation of hTERT expression or elimination of
senescent cells will go some way to mitigate the effects
of ageing. These measures however, are unlikely to be
sufficient to halt ageing altogether since they will not
prevent epigenetic ageing. Interventions that prevent or
eliminate senescent cells hold great promise for
extending human healthspan. Our study suggests that
these interventions might not arrest epigenetic aging,
which is disconcerting considering the over-whelming
evidence that point to the association between
accelerated epigenetic ageing and a host of disparate
diseases and conditions [17, 28-41]. To what extent
epigenetic aging of various cells causes the decline in
organ function remains an area of active research, but it
is arguable that to maximise healthspan there may be a
need to develop compounds that target epigenetic
ageing as well. In this regard the new skin & blood
clock can form the basis of an assay to test for such
interventions. This clock out-performs the pan-tissue
clock which is already highly accurate for most tissues
and cells in the body, but for unknown reasons exhibit a
considerable age off-set when used on some cells
cultured in vitro. Furthermore, the pan tissue clock also
differed substantially from the skin & blood clock when
applied to adult human coronary artery cells: unlike the
skin & blood clock, it led to a substantial offset and did
not reveal the increase of epigenetic age in function of
cell growth. We have at present, no explanation for this
curious observation. Overall, it appears that the skin &
blood clock is more suitable for cultured cells, which is
particularly important because the ability to accurately
measure cellular age in vitro will allow the yet unknown
mechanism of the epigenetic clock to be elucidated
more easily. Gratifyingly, the compatibility of the skin
& blood clock with cells in vitro does not come with
any loss of compatibility with cells in vivo, as was
recently described [44].
In summary, these experiments greatly advance our
understanding of the connection between epigenetic
ageing and senescence-mediated ageing and on this,
they have successfully provided empirical evidence that

AGING

these two mechanisms of ageing are distinct and
uncoupled. With the tools that are available (epigenetic
clock and primary cells) and the realisation of the
difference between these two ageing processes, we are
in much improved position to proceed towards
understanding the mechanism of epigenetic ageing and
its role in human pathology.

procedure of passing the cells, counting and
ascertaining population doubling is similar to those
described for neonatal foreskin fibroblasts above.
Retroviral-mediated transduction of cells with
hTERT vectors
The procedure of transducing neonatal foreskin
fibroblasts and adult human coronary artery endothelial
cells are similar with the exception of the media that is
used to collect the retroviruses.

MATERIALS AND METHODS
Isolation and culture of primary cells
Primary human neonatal fibroblasts were isolated from
circumcised foreskins. Informed consent was obtained
prior to collection of human skin samples with approval
from the Oxford Research Ethics Committee; reference
10/H0605/1. The tissue was cut into small pieces and
digested overnight at 4 °C with 0.5 mg/ml Liberase DH
in CnT-07 keratinocyte medium (CellnTech)
supplemented with penicillin/streptomycin (Sigma) and
gentamycin/amphotericin (Life Tech). Following
digestion, the epidermis was peeled off from the tissue
pieces. The de-epidermised tissue pieces were placed
faced down on plastic cell culture plates and allowed
partially dry before addition of DMEM supplemented
with 10% FBS and antibiotics. After several days
incubation in a 37 °C, 5% CO2 humidified environment,
fibroblasts can be seen to migrate out from the tissue
pieces and when their growth reached confluence, they
were trypsinised, counted and seeded into fresh plates
for experiments. Adult human coronary artery
endothelial cells (HCAEC) were purchased from Cell
Applications (USA) and cultured in MesoEndo Cell
Growth Medium (Sigma) at 37 °C humidified incubator
with 5% CO2.

The various retroviral vectors bearing wildtype hTERT
(Addgene, cat. 1774), IA mutant, N-DAT116 mutant,
HA mutant or N-DAT92 mutant (kind gifts from Dr.
Christopher Counter, USA) were individually
transfected into Phoenix A cells using the calcium
chloride method according to the manufacturer’s
instructions (Profection Cat No: E1200 Promega). They
next day, media were removed from the transfectants
and replaced with either DMEM supplemented with
10% foetal calf serum (for subsequent use on neonatal
fibroblasts) or MesoEndo media (for infection of human
coronary artery endothelial cells). The following day,
the media containing recombinant retroviruses were
collected, filtered through 0.45micron filter and mixed
with polybrene (Sigma) up to 9ug/ml and used to feed
the cells intended for infection. The next day, fresh
media containing puromycin (1ug/ml) was given to the
cells. After 3-4 days when all the control cells in the
uninfected plates were dead, the surviving infectants
were grown and used for experiments as described
above.

Neonatal foreskin fibroblasts

DNA was extracted from cells using the Zymo Quick
DNA mini-prep plus kit (D4069) according to the
manufacturer’s instructions and DNA methylation
levels were measured on Illumina 850 EPIC arrays
according to the manufacturer’s instructions.

100,000 cells were seeded into a 10cm plate and
cultured as described above. Upon confluence the cells
were harvested with trypsin digestion followed by
neutralisation with soybean trypsin inhibitor. The
number of cells was ascertained and 100,000 was taken
and seeded into a fresh plate. The remaining cells were
used for DNA extraction. Population doubling was
calculated with the following formula: [log(number of
cells harvested) – log(number of cells seeded)] x 3.32.
Cumulative population doubling was obtained by
addition of population doubling of each passage.
Adult human coronary artery endothelial cells
500,000 cells were seeded into a fibronectin-coated
75cm2 flask and cultured as described above. The
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DNA extraction

Cellular senescence assay
Cells were trypsinised, neutralised and counted. After
centrifugation at 8,000 revolutions per minute in a
micro-centrifuge, cell pellet was resuspended in 200 μl
reaction buffer (Cell Signaling, Senescence βGalactosidase Staining Kit #9860) containing 10 mM
FDG and 0.2% of TritonX-100. After an hour of
incubation at 37oC, measurements of fluorescence were
made with a plate reader with emission at 488 nm. The
fluorescence reading is divided by the cell number to
obtain the fluorescence index.
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DNA methylation data
The Illumina BeadChips (EPIC or 450K) measures
bisulfite-conversion-based,
single-CpG
resolution
DNAm levels at different CpG sites in the human
genome. These data were generated by following the
standard protocol of Illumina methylation assays, which
quantifies methylation levels by the β value using the
ratio of intensities between methylated and unmethylated alleles. Specifically, the β value is
calculated from the intensity of the methylated (M
corresponding to signal A) and un-methylated (U
corresponding to signal B) alleles, as the ratio of
fluorescent signals β = Max(M,0)/[Max(M,0)+
Max(U,0)+100]. Thus, β values range from 0
(completely un-methylated) to 1 (completely
methylated). We used the "noob" normalization method,
which is implemented in the "minfi" R package. Both
pan-tissue clock and Skin & blood clock algorithms
were previously published [26, 44].
Western blot analysis
30 μg of protein lysates were separated on 6 %
polyacrylamide gel and transferred onto PVDF
membrane (Bio-Rad, cat. 170-4156) using semidry
Trans-Blot® Turbo™ Transfer System (Bio-Rad) and
high molecular weight standard protocol. Membranes
were blocked in 5 % TBS-T milk at room temperature
for a minimum of 1 hour with gentle rocking and
incubated overnight at room temperature with the
following primary antibodies: hTERT (Rockland, cat.
600-401-252, 1:10 000 dilution) and GAPDH (Santa
Cruz, cat. sc-25778, 1:30 000 dilution).
Telomerase catalytic activity (TRAP) assay
Telomerase catalytic activity (TRAP) was measured
using TRAPEZE® RT Telomerase Detection Kit
(Millipore, cat. S7710) according to manufacturer’s
instructions. Briefly, for each sample 1 million cells was
resuspended in CHAPS buffer supplemented with
0.2U/μl of Superaze in inhibitor and incubated on ice
for 30 min. Cellular debris were pelleted for 20 min at
12 000 g at 4 °C, supernatant aliquoted into fresh low
protein binding tubes and stored at -80°C until further
use; 5μl of the lysates was used for protein
concentration measurement. Real-time quantitative PCR
was performed using RotorGene Q. All reactions were
run in triplicate using master mix provided with the kit
and AccuStart II Taq DNA polymerase (Quanta
Bioscience, cat. 733-2258). Equivalent of 2500 cells
was used per reaction. Cycling parameters were 30 min
at 30°C, then 2.0 min at 95 °C, followed by 45 cycles of
15 sec at 94 °C, 60 sec at 59 °C and 10 sec at 45 °C
where fluorescence readings were taken.
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Data was collected and analysed by RotorGene Q
analysis software using standard curve prepared from
artificial template provided with the kit. The following
controls were run with the samples, positive and
negative hTERT control, non-template control and heat
inactivated control for each sample analysed.
Abbreviations
CpG - CpG island; hTERT - the catalytic sub-unit of
telomerase; SASP - senescence-associated secretory
phenotype.
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SUPPLEMENTARY MATERIAL

Human Foreskin Fibroblasts (Donor A)
Vector p16 (55 CPD)
hTERT p20 (82 CPD)

Supplementary Figure 1. Senescence-associated β-galactosidase assay on Human Foreskin Fibroblasts infected

either with hTERT or empty vector at high cumulative population doubling (CPD). Scale bar measures 200μm.
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Human Foreskin Fibroblasts (Donor A)
Vector p5 (20 CPD)
hTERT p5 (20 CPD)

Vector p16 (54 CPD)

hTERT p20 (82 CPD)

Supplementary Figure 2A. Phase contrast pictures of Human Foreskin Fibroblasts harbouring either hTERT expressing
vector or empty vector at low and high cumulative population doubling (CPD). Scale bar measures 200μm.
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Human Coronary Artery Endothelial Cells
Vector (8 CPD)
hTERT (16 CPD)

Vector (18 CPD)

hTERT (62 CPD)

Supplementary Figure 2B. Phase contrast pictures of Human Coronary Artery Endothelial Cells harbouring either hTERT
expressing vector or empty vector at low and high cumulative population doubling (CPD). Scale bar measures 200μm.
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Supplementary Figure 3. (A) Western blot analysis of hTERT protein in human foreskin fibroblasts harbouring various

hTERT constructs. (B) Telomerase catalytic activity (TRAP) assay on the same samples. Bars represent amount of artificial
template in atto mole synthesised by telomerase in each sample.
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ABSTRACT
DNA methylation (DNAm)‐based biomarkers of aging have been developed for many tissues and organs.
However, these biomarkers have sub‐optimal accuracy in fibroblasts and other cell types used in ex vivo
studies. To address this challenge, we developed a novel and highly robust DNAm age estimator (based on 391
CpGs) for human fibroblasts, keratinocytes, buccal cells, endothelial cells, lymphoblastoid cells, skin, blood, and
saliva samples. High age correlations can also be observed in sorted neurons, glia, brain, liver, and even bone
samples. Gestational age correlates with DNAm age in cord blood. When used on fibroblasts from Hutchinson
Gilford Progeria Syndrome patients, this age estimator (referred to as the skin & blood clock) uncovered an
epigenetic age acceleration with a magnitude that is below the sensitivity levels of other DNAm‐based
biomarkers. Furthermore, this highly sensitive age estimator accurately tracked the dynamic aging of cells
cultured ex vivo and revealed that their proliferation is accompanied by a steady increase in epigenetic age. The
skin & blood clock predicts lifespan and it relates to many age‐related conditions. Overall, this biomarker is
expected to become useful for forensic applications (e.g. blood or buccal swabs) and for a quantitative ex vivo
human cell aging assay.

INTRODUCTION
While our arsenal of potential anti-aging interventions
is brimming with highly promising candidates that
delay aging in model organisms, it remains to be seen
whether these interventions delay aging in humans. The
relatively slow pace of this stage is primarily due to the
fact that while efficacy of age-related interventions can
be reasonably tested in short-lived model organisms,
they are not quickly testable in humans, who live much
longer. Apart from the impractical measure of human
life-span, it is not immediately obvious how the efficacy
of an intervention on human aging can be ascertained.
To address this challenge, robust biomarkers of aging
that are equally effective in in vivo as well as ex vivo
studies are required. These biomarkers must be
applicable especially to widely used cell types that are
easily derived from accessible human tissues such as
blood and skin.
Such a potential biomarker that has gained significant
interest in recent years is DNA methylation (DNAm).
Chronological time has been shown to elicit predictable
hypo- and hyper-methylation changes at many regions
across the genome [1-5], and as a result, DNAm based
biomarkers of aging were developed to estimate chronological age [6-10]. The blood-based age estimator by
Hannum (2013) [9] and the pan-tissue estimator by
Horvath (2013) [6] produce age estimates (DNAm age)
that are widely used in epidemiological studies [11, 12].
Mathematical adjustment of these age estimates in
context of their corresponding chronological ages
produces a measure of the rate of epigenetic aging,
which is referred to as epigenetic age acceleration that
can take a positive or negative value. Positive values of
epigenetic age acceleration (indicative of faster epigenetic aging) have been repeatedly observed to be
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associated with many age-related diseases and
conditions [11-24]. This indicates that epigenetic age is
more than an alternative measure of chronological age
but is instead an indicator of the state of health and as
such, of biological age.
As indicated by its name, the pan-tissue age estimator
applies to all sources of DNA (except for sperm) [6].
Despite its many successful applications, the pan-tissue
DNAm age estimator performs sub-optimally when
used to estimate fibroblast age [6]. This is particularly
perplexing because fibroblasts are widely used in ex
vivo studies of various interventions. As a case in point,
the Progeria Research Foundation provides fibroblast
lines derived from skin biopsies from patients with
Hutchinson Gilford Progeria Syndrome (HGPS) for use
in research. In spite of clear acceleration of clinical
manifestations of aging in HGPS, this is not mirrored in
epigenetic age measurements by current DNA methylation-based estimators [6]. While this could be due to a
genuinely interesting distinction between epigenetic and
phenotypic aging, it is also possible that the current
epigenetic age estimators fail to capture aspects of aging
that are specific to fibroblasts and epithelial cells. The
discernment between the two possibilities requires an
age estimator that is well-suited for accurately
measuring the epigenetic age of fibroblasts. However,
an epigenetic age estimator that is highly accurate and
equally compatible with fibroblasts and other readily
accessible human cells is currently not available. Such
an epigenetic age estimator would be very valuable in
performing ex vivo experiments because it would allow
testing anti-aging properties of new compounds in
human cells and minimize the need to carry out such
tests in humans. Ex vivo studies often employ keratinocytes, fibroblasts and microvascular endothelial cells,
which can be readily isolated from skin biopsies.

AGING

Here, we describe a novel powerful epigenetic age
estimator (called the skin & blood clock) that
outperforms existing DNAm-based biomarkers when it
comes to estimating the chronological ages of human
donors of fibroblasts, keratinocytes, microvascular
endothelial cells, skin cells, coronary artery endothelial
cells, lymphoblastoid cells, blood, and saliva samples.

RESULTS
DNA methylation data sets
We analyzed both novel and existing DNA methylation
data sets that were generated on the Illumina Infinium
platform (Table 1). DNA was extracted from human
fibroblasts, keratinocytes, buccal cells, endothelial cells,
blood, and saliva. We analyzed data from two Illumina
platforms (Infinium 450K and the EPIC array, also
known as the 850K array) to ensure that the resulting
estimator would apply to the latest Illumina platform
(the EPIC array).

The DNAm age estimator for skin and blood
To ensure an unbiased validation of the test data, we
used only the training data to define and construct the
DNAm age estimator. As detailed in Methods, a
transformed version of chronological age was regressed
on methylation states of CpGs using elastic net
regression [25], which automatically selected 391 CpGs
(Methods). We refer to the 391 CpGs as (epigenetic)
clock CpGs since their weighted average (formed by the
regression coefficients) amounts to a highly accurate
epigenetic aging clock.
The following description will demonstrate that the
resulting age estimator (referred to as skin & blood
clock) performs remarkably well across a wide
spectrum of cells that are most frequently used in ex
vivo studies. The new skin & blood clock even
outperforms the pan-tissue clock (Horvath 2013) [6] in
all metrics of accuracy (age correlation, median error) in
fibroblasts, microvascular endothelial cells, buccal epi-

Table 1. DNA methylation data. The rows correspond to Illumina DNA methylation data sets.
No.

Data Source

1

existing, Portales-Casamar 2016, GSE80261

2

existing, Berko 2014, GSE50759

3

novel, blood methylation

4

existing, Yang 2017, GSE104471

5

existing, Ivanov 2016, GSE77136

6

existing, Wagner 2014, GSE52026

7

novel fibroblasts

8

novel, Cell Applications

9

existing, Borman 2016, SkinE-MTAB-4385

10

existing, cord blood, GSE79056

11

existing, Jessen 2016, GSE94876

12

Lussier 2018, GSE109042

13

existing, Vandiver 2015, GSE51954

14

novel, Kenneth Raj

15

novel, Kenneth Raj
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n

Source

Median Age
(Range)

Train

216

Buccal

11 (5,18)

Train

96

Buccal

7 (1,28)

Train

278

whole blood

69 (2,92)

Train

72

Epithelium

30 (24,74)

Train

21

Fibroblast

33 (0.1,85)

Train

10

Fibroblast

37 (23,63)

Train

48

Fibroblast

50 (0.42,94)

Train

11

Fibroblast

56 (7,94)

Train

108

Skin

49.25 (18,78)

Train

36

cord blood

0 (-0.28,0.04)

Test

120

Buccal

46 (35,60)

Test

53

Buccal

10 (3.5,18)

Test

78

Dermis+Epidermis

65 (20,92)

Test

23

Endothelial

19 (19,19)

Test

44

Endothelial

19 (17,26)
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16

novel, Kenneth Raj

17

novel, Kenneth Raj

18

novel, Progeria Research Foundation+ vendors

19

novel, Junko Oshima

20

novel, Kenneth Raj

21

novel, Blood methylation Inf 450

22

novel, Lymphoblastoid cell

23

novel, Saliva methylation

24

existing, Horvath 2015, GSE111223

25

existing, cord blood, GSE62924

26

existing, cord blood, GSE80283

Test

Test

48

Fibroblast

0 (0,0)

Test

48

Fibroblast

0 (0,0)

Test

88

Fibroblast

8 (0,77)

Test

11

Fibroblast

36 (0,62)

Test

43

Keratinocyte

0 (0,0)

Test

100

Whole Blood

53 (19,82)

Test

100

Lymphoblast

53 (19,82)

Test

120

Saliva

44 (18, 81)

Test

229

Saliva

68 (36,88)

Test

38

cord blood

0 (-.10,0.04)

183

cord blood

-0.22(-0.3,-0.1)

The table reports the data set number, relevant citation (first author and publication year), public availability (for example, Gene
Expression Omnibus identifier), sample size (n), source of the DNA (for example, tissue), median age, age range (minimum and
maximum age). The column ‘Use’ reports whether the data set was used as a training set or test set.

thelial cells, keratinocytes, and dermis/epidermis
samples (Figure 1 and Supplementary Figure 1). As
indicated by its name, the new skin & blood clock is
also a highly accurate age estimator of blood methyltion data, where it provides more accurate age estimates
than the widely used estimators by Horvath (2013) [6]
and Hannum (2013) [9] (Figure 2A,D,G and Supplementary Figure 2). Further, it outperforms the
Horvath and Hannum DNAm age estimators when
applied to lymphoblastoid cell lines (Figure 2B,E,H),
i.e. B cells that have been immortalized using EBV
transformation. Interestingly, the DNAm age of blood is
highly correlated with the DNAm age estimate of the
lymphoblastoid cell line collected from the same donor
at the same time (r=0.83, Figure 2C). The skin & blood
clock accurately estimates age in two different saliva
DNA methylation data sets (age correlations r=0.9 and
r=0.95) and outperforms the pan-tissue DNAm age
estimator in these data (Supplementary Figure 3). The
skin & blood clock also applies to cord blood samples
as can be seen from the fact that it accurately estimates
gestational age in three different data (with correlations
ranging from r=0.15 to r=0.66, Supplementary Figure 4).
Skin & blood clock applied to brain, liver, bone, and
other body parts
The skin & blood clock leads to DNAm age estimates
that strongly correlate with chronological age in a host
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of different cell types and tissues including sorted
neurons and glial cells (Supplementary Figure 5), brain
samples (Supplementary Figure 6), liver samples
(Supplementary Figure 7), and trabecular bone samples
(Supplementary Figure 8). In the following, we provide
more details on the individual studies.
In sorted neurons, DNAm age correlates strongly
(r=0.83) with chronological age but the DNAm age
estimator is substantially lower than chronological age
(mean DNAm Age=6 years in a group of people whose
mean chronological age is 31 years, Supplementary
Figure 5A). Interestingly, the DNAm age of glial cells
is significantly higher than that of neurons from the
same individual (p=0.00024, Supplementary Figure
5B,C). Chronological age is also highly correlated with
DNAm age estimates in different brain regions (r
between 0.67 and 0.96, Supplementary Figure 6) but the
age estimates tend to be systematically lower than
chronological age. In particular, the cerebellum ages
substantially slower than other brain regions echoing
previous results for the pan-tissue clock [17].
DNAm age of liver tissue is highly correlated with
chronological age (r=0.86, Supplementary Figure 7) and
the corresponding measure of epigenetic age acceleration
correlates with body mass index (r=0.27, p=0.027, Supplementary Figure 7B). These results echo earlier results
obtained from the pan-tissue DNAm age estimator [13].
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An analysis of 30 different body parts from a 112 year
old woman reveals a) that most body parts have roughly
the same age and b) that the cerebellum is substantially
younger (Supplementary Figure 9) which is consistent
with previous results [17].
Epigenetic age of fibroblasts from Hutchinson
Gilford Progeria fibroblasts
Previously, the use of the pan-tissue clock revealed
epigenetic age acceleration in segmental progeroid syn-

dromes such as Down syndrome and Werner syndrome
[15, 24], but not in syndrome X, whose patients exhibit
dramatically delayed development (seemingly eternal
toddler-like state) [26]. The status of the epigenetic
aging rate in regards to HGPS and Atypical Werner
Syndrome (AWS) is less clear. These two conditions
can be caused by different progeroid mutations of the
LMNA gene (Figure 3). It is not yet known whether
HGPS patients, who generally appear normal at birth
but exhibit a “failure-to-thrive” syndrome, exhibit any
epigenetic age acceleration.

Figure 1. Age estimation accuracy of the skin & blood clock in fibroblasts, keratinocytes, and microvascular endothelial
cells. The left and right panels relate chronological age (x‐axis) to DNAm Age estimates (y‐axis) from the skin & blood clock (A,C,E,G,I)
and the pan‐tissue clock (Horvath 2013) (B,D,F,H,J) [6] respectively. Each row corresponds to a different tissue/cell type. DNA methylation
data from fibroblasts (A,B), microvascular endothelial cells (C,D), buccal epithelial cells (E,F), keratinocytes (G,H) and whole skin
(dermis/epidermis) samples (I,J). Each panel reports the Pearson correlation coefficient and the error (defined as median absolute
deviation between DNAm age and chronological age).
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Figure 2. Comparison of DNAm age estimators in whole blood and lymphoblastoid cell line data. The rows correspond to 3
different age estimators: (A,B,C) the novel skin & blood clock (D,E,F), the pan‐tissue clock (Horvath 2013) [6], (G,H,I) Hannum clock 9].
Panels in the first and second column report the accuracy in blood (A,D,C) and lymphoblastoid cell lines (B,E,H), respectively. Panels in
the third column (C,F,I) report the relationship between DNAm age estimates in blood (x‐axis) versus those in lymphoblastoid cell lines (y‐
axis). Panels report Pearson correlation coefficient and the estimation error, which is defined as median absolute deviation between the
DNAm age estimate and chronological age. The lymphoblastoid cell lines were generated from the same individuals for whom whole
blood was assessed, which facilitated the comparison in the third column.

HGPS is associated with many clinical manifestations
of accelerated aging including loss of subcutaneous fat,
joint contractures, and a striking aged appearance
during the first to third years of life [27]. Virtually all
HGPS patients die of myocardial infarction at a median
age of 14.6 years [28]. Classic HGPS is caused by a
recurrent heterozygous pathological variant, c.1824C>T
in exon 11 of the LMNA gene, which activates a cryptic
splice site and causes a 50-amino acid in-frame deletion
(Δ50) [29]. The resulting abnormal protein, termed
progerin, lacks the proteolytic site for an essential but
transient post-translational modification by the
ZMPSTE24 metalloprotease. This causes retention of
the C-terminal farnesylated moiety, resulting in aberrant
nuclear structure and function [29]. Non-classical
HGPS mutations at the exon 11 and intron 11 boundary,
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including c.1968+1G>A [30] and c.1968+2T>C [31],
can also activate the cryptic splice site, leading to the
accumulation of progerin and an infantile-onset HGPS
phenotype. Biallelic ZMPSTE24 mutations also cause
accumulations of farnesylated lamin A and a varying
degree of progeroid phenotypes, depending on the
residual enzymatic activity of ZMPSTE24 [32, 33]. In
rare instances, a homozygous amino acid substitution of
lamin A can present with a phenotype similar to HGPS
or mandibuloacral dysplasia, as described in cases with
[p.Met540Thr; p.Met540Thr] [34] and [p.Thr528Met;
p.Met540Thr] [35].
A small subset of cases of Atypical Werner syndrome
(AWS) (those with some features of Werner syndrome,
without mutations in WRN or altered expressions of the
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WRN protein) may be caused by accumulations of low
levels of progerin [36, 37]. Pathological lamin A
variants found in some patients with AWS include
c.1968G>A and c.1968+5G>A [36]. While there is a
general genotype-phenotype correlation between the
amount of progerin and the severity of the disease, the
amounts and structures of progerin can vary among
those who carry the same LMNA splice mutation, and
the severity of the disease can vary among patients
within the same family [36, 37]. The median age of
death of classic HGPS is ~14.6 years [38], while the
range in AWS patients with low levels of progerin is 37
to 60 years [36].
The original pan-tissue DNAm age estimator did not
detect any age acceleration in HGPS individuals
(Supplementary Table 1). By contrast, the application of
the novel skin & blood clock showed that while DNAm
age is highly correlated with chronological age in
normal fibroblasts, those from HGPS cases exhibited
accelerated epigenetic aging (Figure 4). The correlation
between age and DNAm age in HGPS children (<10
years old) is substantially lower (r=0.71) than that of

control children (r=0.71, Figure 4B). The epigenetic age
acceleration effects become particularly pronounced
after adjusting for differences in cell population
doubling levels and when the analysis was restricted to
children who are younger than 10 years old (p=0.00021,
Table 3). There is a non-significant trend of increased
DNAm age in Atypical Werner Syndrome cases with
low levels of progerin. It is perhaps not unexpected that
AWS, which presents with a lower progerin
concentration (Figure 3) is not significantly associated
with greater magnitude of epigenetic age acceleration.
Although non-classic HGPS patients often present at
later ages, they can nevertheless be diagnosed at ages
that are slightly younger than patients with classic
HGPS [27]. It should indeed be noted that the cases
examined in this study (see Methods for mutation
details), have exceptionally early manifestations – as
early as birth or younger than 5 months of age.
Interestingly, their DNA methylation age acceleration is
comparable and consistent with that of classic HGPS,
which as mentioned, is an early onset progeria condition
(Figure 4D).

Figure 3. LMNA mutations in progeria patients. The diagram shows the structure of lamin A. It
consists of globular head domain, linker regions, α‐helical coiled coil domain and globular tail domain. Locations
of the progeria LMNA mutations in this study were shown with molecular mechanism of mutant lamin A protein
and clinical phenotype, as previously reported in [34] (p.Met540Thr), [29] (c.1824C>T), [30] (c.1968+1G>A), [31]
(c.1968+2T>C), and [36] (c.2968G>A and c.1968+5G>A). Δ50 indicates the region of deletion in progerin, also
present in ZMPSTE24 mutant progeria [32]. Photos were reproduced with permission.
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Table 2. Epigenetic clock results for fibroblast samples from The Progeria Research Foundation.
Cell-line ID

Progeria

Mutation

Sex

Age

DNAmAge
SkinClock

AgeAccelS
kinClock

PSADFN086
PSADFN257

NonClassic
NonClassic

LM Exon 11 c.1968+1G>A
LM Exon 10 homozygous c.1619
T>C (p.Met540Thr)

m
m

0.58
1.83

0.39
4.44

-3.49
-0.51

PSADFN257.re
plicate

NonClassic

LM Exon 10 homozygous c.1619
T>C (p.Met540Thr)

m

1.8

4.84

-0.08

PSADFN317

NonClassic

ZMPste24 Exon 6 heterozygous
c.743C>T(p.Pro248Leu)and Exon 10
heterozygous c.1349G>A
(p.Trp450Stop)

m

3.8

8.86

2.23

PSADFN318

NonClassic

ZMPste24 Exon 6 heterozygous
c.743 C>T(p.Pro248Leu)and Exon
10 heterozygous c.1349G>A
(p.Trp450Stop)

m

0.4

7.48

3.75

PSADFN392
HGADFN003

NonClassic
Classic

LM Exon 11 c.1968+2T>C
LM Exon 11 heterozygous
c.1824C>T

m
m

7.3
2

21.61
3.39

11.99
-1.70

HGADFN169

Classic

LM Exon 11 heterozygous
c.1824C>T

m

8.5

23.73

13.08

HGADFN143

Classic

LM Exon 11 heterozygous
c.1824C>T

m

8.8

15.61

4.71

HGADFN167

Classic

LM Exon 11 heterozygous
c.1824C>T

m

8.4

17.88

7.32

HGADFN271

Classic

LM Exon 11 heterozygous
c.1824C>T

m

1.3

10.73

6.24

HGADFN164

Classic

LM Exon 11 heterozygous
c.1824C>T

f

4.66

10.64

3.28

HGADFN178

Classic

LM Exon 11 heterozygous
c.1824C>T

f

6.92

4.36

-4.93

HGADFN122

Classic

LM Exon 11 heterozygous
c.1824C>T

f

5

6.96

-0.70

HGADFN127

Classic

LM Exon 11 heterozygous
c.1824C>T

f

3.8

2.10

-4.53

HGADFN155

Classic

LM Exon 11 heterozygous
c.1824C>T

f

1.1

0.59

-3.73

HGADFN188

Classic

LM Exon 11 heterozygous
c.1824C>T

f

2.3

1.23

-4.11

HGADFN367

Classic

LM Exon 11 heterozygous
c.1824C>T

f

3

17.10

11.16

The columns report the cell line identifier, the disease status, mutational analysis, sex, age, DNAm age estimate
(based on the skin & blood clock), and the measure of age acceleration (defined as residual from a regression line).
Classic HGPS cases exhibit the following mutation: LMNA Exon 11, heterozygous c.1824C>T (p.Gly608Gly). By
contrast, non‐classic HGPS cases exhibit mutations elsewhere in the LMNA gene.
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Figure 4. Skin & blood clock analysis of fibroblasts from HGP individuals of the Progeria Research Foundation. (A,B) The
new skin & blood clock was used to estimate DNAm age (y‐axis) in fibroblasts from HGP individuals and controls. (A) All individuals. (B)
Children younger than 10 years old. Dots are colored by disease status: red=classical progeria, green=non‐classical progeria,
black=controls. The grey line corresponds to a regression line through control individuals. The epigenetic age acceleration effect for each
individual (point) corresponds to the vertical distance to the black regression line. The fact that red and green points tend to lie above the
grey line indicates that HGP cases exhibit suggestive accelerated epigenetic aging effect. (C) Mean epigenetic age acceleration (y‐axis)
versus HGP status. By definition, the mean age acceleration measure in controls is zero. (D) Epigenetic age acceleration (y‐axis) versus
disease status in individuals younger than 10. (E, F) report results for fibroblast samples from atypical Werner syndrome cases (low
progerin) provided by co‐author Junko Oshima. (E) DNAm age versus chronological age for atypical Werner syndrome samples (colored in
red) and controls (colored in black). (F) Epigenetic age acceleration versus disease status. The title of the bar plots also reports a P‐value
from a nonparametric group comparison test (Kruskal Wallis test). Each bar plot reports the mean value and one standard error.

Table 3. Multivariate regression model analysis of HGPS based on the novel skin & blood clock.
Outcome: DNAmAge (SkinClock)
Covariate
Intercept
Age
Age^2
Fibroblast
Population Doubl.
Level
HGP.Disease

Data: All, n=88
Coef
St. Error
-3.55
2.99
1.64
1.29E-1
-1.07E-2
2.08E-3

P-value
2.39E-1
3.44E-20
2.14E-6

Data: Age<10, n=44
Estimate
SE
7.34
2.97
-5.90E-1
8.33E-1
2.40E-1
9.58E-2

P-value
1.84E-2
4.84E-1
1.70E-2

4.46E-1

1.65E-1

8.52E-3

-1.20E-1

1.32E-1

3.71E-1

4.81

2.27

3.76E-2

5.18

1.25

2.12E-4

DNAm age is regressed on chronological age, the square of age, the population doubling level of the
fibroblast cell culture, and HGPS disease status. The table reports estimates of the regression coefficients and
corresponding standard errors, Wald test P‐values. The left panel and right panel report the results for all
n=88 fibroblast samples and for n=44 samples from children (younger than 10 years old), respectively.

Detailed results for the lines of skin fibroblasts provided
by The Progeria Research Foundation are presented in
Table 2 and Supplementary Table 2. The skin & blood
clock provides marginally significant evidence
(p=0.062) that fibroblasts from boys with classic HGPS
are epigenetically older than those from girls with
classic HGPS, but this gender effect is not apparent
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when classic and non-classic HGPS samples are pooled
for analyses (Supplementary Figure 10).
It is to be further noted that the epigenetic age
acceleration of HGPS fibroblasts revealed by the skin &
blood clock escaped detection when measurements were
carried out with the pan-tissue clock; indeed, the opposite
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appears to be the case (Supplementary Figure 11C,
Supplementary Table 2). Evidently, the ability to detect
such epigenetic age changes in fibroblasts is dependent
upon the choice of the DNAm age estimator that is used.
Ex vivo studies of anti-aging interventions
While it may appear obvious that the skin & blood
clock is superior in terms of compatibility with
fibroblasts, it was still necessary to verify and validate
this deduction by applying this clock to non-progeria
fibroblasts and other cell types. To this end, fibroblasts
derived from non-progeria neonatal foreskins are ideal

as they pose minimal to no confounding factors that
could alter their age. While the skin & blood clock
correctly estimated the neonatal fibroblast cells to be of
ages close to zero years, the pan-tissue age estimator
leads to age estimates that are greater than 10 years
(Figure 5A and B). Analyses of other skin cell types
namely, keratinocytes and microvascular endothelial
cells derived from neonatal foreskins also demonstrated
greater accuracy of the skin & blood clock over the
other age estimators. This conclusion continues to hold
true even when the analyses were extended to isogenic
skin cells derived from adult tissues (Supplementary
Figure 1).

Figure 5. DNAm age versus population doubling levels. Each panel reports a DNAm age estimate (y‐axis)
versus cumulative population doubling level, respectively. Plots in the left and right panels correspond to the new
skin & blood clock (A,C) and the pan‐tissue clock (B,D) respectively. (A,B) Tracking of the epigenetic ages of neonatal
fibroblasts (Red squares) and keratinocytes (Blue diamonds) in function of population doubling. Inset graph in (B) is
a plot of ages of only the keratinocyte population. (C,D) Epigenetic ages of human coronary artery endothelial cells
derived from a 26 year old donor, in function of cumulative population doubling. Ages of uninfected control cells,
which senesced after cumulative population doubling of 20, are shown in blue while those bearing hTERT, with
extended proliferative capacity are in red. The blue dots with the highest cumulative doubling are at points when
the cells reached replicative senescence. Cells with hTERT (represented by red squares) do not senesce and the last
dots indicate the termination of the experiment.
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Having established the robustness of the skin & blood
clock in measuring age of cells isolated from human
tissues, we proceeded to test the applicability of the
clock on human cells cultured ex vivo. As observed
previously using the pan-tissue age estimator, the skin
& blood clock revealed that human fibroblasts cultured
ex vivo undergo epigenetic aging. However, unlike the
former which over-estimates the DNAm age of
fibroblasts (Figure 5B), the skin & blood clock correctly
estimated the age of the neonatal cells to within 6
months (Figure 5A). Proliferation of human fibroblasts
in culture, measured as population doubling, was
observed to correlate with continual increase in DNAm
age. Similar correlation was also seen with neonatal
foreskin keratinocytes (Figure 5A and B). Although this
association was revealed by both clocks, the resolution
and accuracy of the skin & blood clock are clearly much
greater and better. The new clock also out-performs the
pan-tissue clock when applied to non-blood or skin
cells; namely, the human coronary artery endothelial
cells, whose increase in epigenetic age in function of
population doubling was readily detected by the former
but not the latter. Cells whose proliferative capacity was
extended by hTERT beyond their otherwise natural
limits (senescence), continued to age epigenetically,
underscoring the correlation between cellular proliferation and DNA methylation aging.
By its ability to quantitatively track aging of human
cells ex vivo, the skin & blood clock lends itself to be
used in the development of an ex vivo human cell aging
assay that can be used for testing and screening compounds with anti-aging or pro-aging effects.
Analysis of blood samples from human cohort
studies
Epigenetic clocks are associated with a host of different
age-related phenotypes and conditions (reviewed in [11,
12]). In the following, we report the results of several
post-hoc analyses that demonstrate that the new skin &
blood clock satisfies most of the properties observed for
other blood based DNAm age estimators.
Similar to what has been observed with previous age
estimators, epigenetic age acceleration in blood
(according to the skin & blood clock) is highly
predictive of time to all-cause mortality (p=9.6E-7)
according to a univariate Cox regression model fixed
effects meta-analysis across multiple epidemiological
cohort studies (Supplementary Figure 12).
Blood samples from individuals with Down syndrome
exhibit positive epigenetic age acceleration compared to
controls (p=0.034, Supplementary Figure 13) consistent
with previous findings [15].
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Similar to the previous epigenetic aging clock analyses
of blood [21], cross sectional studies of n=3700 blood
samples from postmenopausal women from the
Women's Health Initiative revealed relationships to
lifestyle factors and dietary variables (Supplementary
Table 3). Slow epigenetic age acceleration in blood was
associated with higher education (p=6E-5), physical
exercise (p=4E-3), fish consumption (p=2E-4), poultry
consumption (p=3E-4), high mean carotenoid levels
(p=8E-6), beta cryptoxhanthin (p=2E-7), beta carotene
levels (p=4E-4), and HDL levels (p=5E-4, Supplementary Table 3). Conversely, faster epigenetic aging in
blood is associated with higher C-reactive protein levels
(p=1E-3), body mass index (p=0.01), triglyceride levels
(p=3E-3), and insulin (p=2E-3). However, it is worth
emphasizing that the respective correlation coefficients
were weak (|r|<0.11, Supplementary Table 3). Physical
exercise was associated with a slower epigenetic aging
effect in African American women (p=4E-3) and
perhaps in Caucasian women (p=0.07) but not in
Hispanic women (p=0.74). Current smoking status was
only associated with increased age acceleration in
Caucasian women (p=0.04).
Epigenetic age acceleration is highly conserved across a
9 year follow up time period (r=0.71, Supplementary
Figure 14). In other words, if an individual exhibits
positive epigenetic age acceleration at age 40 then
he/she will probably continue to exhibit positive
epigenetic age acceleration at age 49.
Collectively these characteristics demonstrate that
although the new clock is highly and uniquely accurate
for skin cells, it has not acquired this at the cost of
losing any of the features shared amongst existing age
estimators in being also highly accurate with blood
DNA methylation data, buccal cells, saliva. As such,
this clock could become useful for forensic applications.
Relationship to other DNAm age estimators
The skin & blood clock (based on 391 CpGs) shares 45
CpGs (out of 71 CpGs) with the blood-based clock from
Hannum (2013) and 60 CpGs (out of 353 CpGs) with
the pan tissue clock from Horvath (2013) as detailed in
Supplementary Table 4. Despite this significant overlap,
epigenetic age acceleration of the skin & blood clock
exhibits only moderate correlations with corresponding
epigenetic age acceleration measures by Horvath (2013)
and Hannum (2013) (r=0.5 and r=0.59, p<1.E-110) in
the blood samples from the Women's Health Initiative
(BA23 study).
Leukocyte telomere length and blood cell counts
We find a weak negative correlation between leuko-

AGING

cyte telomere length and epigenetic age acceleration of
blood (r=-0.087, p=0.0088 in n=905 samples from the
Framingham Heart Study, r =-0.081, p=0.0011 in
n=1639 samples from the Jackson Heart Study, and r=0.117, p=0.00079 in the 818 samples from the Women's
Health Initiative). This weak negative relationship
between telomere length and epigenetic age acceleration
is similar to that of the Hannum-based DNAm age
estimator and other blood based biomarkers [11, 39,
40].
Epigenetic age acceleration measured by the skin &
blood clock is only weakly correlated with, or affected
by blood cell type counts, as is evident from the
analyses of postmenopausal women from the Women's
Health Initiative (Supplementary Figure 15). The
strongest correlations are observed with exhausted
CD8+ T cells (r=0.22), naive CD8+ T cells (r=-0.21),
and naive CD4+T cells (r=-0.19, Supplementary Figure
15B-D). These correlations suggest that individuals
with positive epigenetic age accelerations exhibit an
adaptive immune system that is older than expected.

DISCUSSION
We present a new DNA methylation-based biomarker
(based on 391 CpGs) that was developed to accurately
measure the age of human fibroblasts, keratinocytes,
buccal cells, endothelial cells, skin and blood samples.
Perhaps unexpectedly, we also observe strong age
correlations in sorted neurons, glia, brain, liver and
bone samples. The need for the new skin & blood clock
became apparent when it was observed that the existing
DNA methylation-based age estimators that are highly
accurate in measuring ages of blood and many cell
types of the body, perform poorly when applied to
human fibroblasts and other skin cells. The implications
of this anomaly extend beyond theoretical curiosity as it
impacts the reliability of conclusions drawn from
epigenetic age analyses of skin cells. As a case in point,
the apparent lack of epigenetic age acceleration of
HGPS fibroblasts indicated by measurements using the
pan-tissue age estimator revealed an important
limitation.
Skin cells are among the most common cell types
employed in laboratories. This is owed largely to the
ease by which cells such as keratinocytes, fibroblasts,
and microvascular endothelial cells can be isolated from
skin, allowing cells from many donors to be easily
acquired and used; a characteristic that is not afforded
by internal organs. The ability to use these cells to
investigate epigenetic age ex vivo is paramount if we are
to identify constituents of the epigenetic clock and
elucidate how they function together to drive the ticking
of the clock.
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The skin & blood that we derived is well-suited to meet
all these needs. By applying it to fibroblasts from HGPS
cases, we detect a significant epigenetic age acceleration effect after adjusting for fibroblast population
doubling levels. For reasons yet to be determined, the
pan-tissue DNA methylation age estimator failed to
detect this subtle increase in epigenetic age acceleration.
In considering the modest increase in age acceleration
of HGPS cells, it is worth noting that changes in the
methylation state of clock CpGs in the early years of
life already occur at a frenetic rate, which is
approximately twenty-four times greater than that which
takes place after the age of twenty [6]. Hence, it is
difficult to envisage that the accelerated rate of
epigenetic aging in HGPS cells from young donors
could be very much greater in magnitude. This
hypothesis can in theory be tested by measuring the
epigenetic age of HGPS cells from patients older than
twenty years of age, when the basal rate of normal
epigenetic aging is significantly reduced, allowing for
any age acceleration to become even more apparent. It
is however difficult to achieve this as the median age of
death of HGPS patients is approximately 14 years old.
The ability of the skin & blood clock to nevertheless
detect epigenetic age acceleration in young HGPS
patients over and above an already very high normal
background rate, attests to its sensitivity.
It is also conceivable that there may be specific, as well
as overlapping aging mechanisms in patients with
different segmental progeroid syndromes (i.e. HGPS
versus classical WS) that differentially contribute to
their respective rates of DNAm acceleration. Alternatively, these differences might be attributable, at least
in part, to the consequences rather than the causes of the
patterns of diverse pathologies that characterize these
different phenotypes.
In addition to resolving the conundrum of HGPS
described above, the skin & blood clock outperforms
widely used existing biomarkers when it comes to
accurately measuring the age of an individual based on
DNA extracted from skin, dermis, epidermis, blood,
saliva, buccal swabs, and endothelial cells. Thus, the
biomarker can also be used for forensic and biomedical
applications involving human specimens. The biomarker applies to the entire age span starting from
newborns, e.g. DNAm of cord blood samples correlates
with gestational week (Supplementary Figure 4).
Furthermore, the skin & blood clock confirms the effect
of lifestyle and demographic variables on epigenetic
aging. Essentially it highlights a significant trend of
accelerated epigenetic aging with sub-clinical indicators
of poor health. Conversely, reduced aging rate is
correlated with known health-improving features such
as physical exercise, fish consumption, high carotenoid
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levels (Supplementary Table 3). As with the other age
predictors, the skin & blood clock is also able to predict
time to death. Collectively, these features show that
while the skin & blood clock is clearly superior in its
performance on skin cells, it crucially retained all the
other features that are common to other existing age
estimators.
The skin & blood clock is particularly well suited for
forensic applications because it greatly outperforms the
considered alternative DNAm based estimators when it
comes to measuring chronological age in blood, buccal
cells, saliva, and other cell types (Figure 1, Figure 2,
Supplementary Figures 2-4).
The performance of the skin & blood clock is equally
impressive when applied to ex vivo cell culture system.
Studies with fibroblasts and endothelial cells revealed
that increase in population doublings is significantly
associated with increased DNAm age including hTERT
immortalized cells, which corroborates the findings in
previous studies [41, 42].
We have coupled the skin & blood clock with human
primary cell cultures to generate an ex vivo human cell
aging assay that is highly sensitive. This assay is able to
detect epigenetic aging of a few years, within a few
months. The benefits of this assay are self-evident. The
two most obvious are its use to test and screen for
potential pharmaceuticals that can alter the rate of
epigenetic aging, and its use to test and detect potential
age-inducing hazards in the arena of health protection.
Many of our key observations are critically dependent
upon the choice of a DNAm age estimator, i.e., they
could only be observed with the new skin & blood clock
assay. For example, the original pan-tissue clock could
not detect an age acceleration effect in HGPS. Looking
ahead, there might be valuable applications of this more
robust epigenetic clock for example, in the evaluation of
clinical trials of pharmaceutical interventions in
segmental progeroid syndromes such as the most recent
clinical trial of a farnesyltransferase inhibitor,
lonafarnib, to treat HGPS that reportedly lowers
mortality rates (6.3% death in the treated group vs 27%
death in the matched untreated group after 2.2 years of
follow-up) [28]. We are likely to see an increase of such
clinical trials. For example, in vitro studies of the
effects of rapamycin or another mTOR inhibitor,
metformin, showed a reduction of progerin accumulation accompanied by the amelioration of cellular HGPS
phenotypes [43, 44]. Reactivation of the antioxidant
NRF2 was also shown to alleviate cellular defects of
HGPS in an animal model [45]. Beyond therapeutic
aims, prophylactic interventions would certainly be
sought-after, and the ability of the skin & blood clock to
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accurately measure the age of cells from highly
accessible human tissues will reveal whether the tested
treatments are widely targeted across cell and tissue
types - an important feature that is not hitherto afforded
by other age estimators.
Due to its superior accuracy, we expect that this novel
set of epigenetic biomarkers will be useful for both ex
vivo studies involving cultures of various somatic cell
types, including fibroblasts, keratinocytes, and
endothelial cells, as well as in vivo studies utilizing
samples of peripheral blood and biopsies of skin.

METHODS
The R software code underlying the new skin & blood
clock can be found in the Supplement.
Definition of DNAm age using a penalized regression
model
A penalized regression model (implemented in the R
package glmnet [46]) was used to regress a calibrated
version of chronological age on the CpG probes in the
training set. We restricted the analysis to CpGs that
were present both on the Illumina 450K and EPIC
platforms and were in one of the following subsets: 1)
most significant CpGs with high positive/negative
correlation with chronological age in different cell types
or 2) 500 CpGs with the least significant correlation
with age. The alpha parameter of glmnet was chosen as
0.5 (elastic net regression) and the lambda value was
chosen using cross-validation on the training data.
DNAm age was defined as predicted age.
Fibroblasts from The Progeria Research Foundation
Human primary dermal fibroblast cell lines were
obtained from The Progeria Research Foundation (PRF)
Cell and Tissue Bank (www.progeriaresearch.org). The
fibroblast cell lines originated from cases with classic
mutations, non-classic mutations and parental controls
as detailed in Table 2. The following citations provide
additional details on cases carrying the specific variants:
LMNA c.1968+1G>A heterozygote [30], LMNA
c.1968+2T>C heterozygote [31], LMNA p.Met540Thr
homozygotes [34] and compound heterozygotes of
ZMPSTE24 p.Pro248Leu and p.Trp450* [32].
Additional details can be found in the Supplement.
Isolation and culture of cells for ex vivo experiments
Informed consent was obtained prior to collection of
human skin samples with approved by the Oxford
Research Ethics Committee; reference 10/H0605/1.
Human skin samples were acquired under ethical appro-
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val. Primary human skin keratinocytes, fibroblasts and
microvascular endothelial cells were isolated from
neonatal foreskin and adult facial/neck skin. Keratinocytes were cultured in CnT media (CellnTec) on
fibronectin/collagen-coated plates, fibroblasts were
cultured in DMEM (Sigma) supplemented with 10%
foetal calf serum and CD31-selected microvascular
endothelial cells were cultured in Endothelial Cell
Growth Medium MV (PromoCell, C-22020) on gelatincoated plates. Human Coronary Artery Endothelial
Cells (HCAEC) from a male, aged 26 years, were
obtained from Sigma and grown in MesoEndo Cell
Growth Medium (Sigma). HCAEC were immortalized
with pBABE-neo-hTERT (Addgene, cat. 1774) and
after selection, were cultured in parallel with uninfected
control until control reached senescence. All cells were
maintained in a 37°C, 5% CO2 humidified environment. At each passaging step, cells were counted,
population doubling calculated and 10,000 were seeded
into a fresh 10cm plate. Remaining cells were used for
DNA extraction. Population doubling was calculated
with the following formula: [log(number of cells
harvested) – log(number of cells seeded)] x 3.32.
Cumulative population doubling was obtained by
addition of population doubling of each passage.
Additional details can be found in the Supplement.
Sample preparation
DNA was extracted from cells using the Zymo Quick
DNA mini-prep plus kit (D4069) according to the
manufacturer’s instructions and DNA methylation levels
were measured on Illumina 450 or Illumina 850 EPIC
arrays according to the manufacturer’s instructions.
Blood
methylation
epidemiological cohorts

data

from

different

A number of validation studies were used to test
associations between DNAm age and various agingrelated traits including time to all-cause mortality.
Details on these studies can be found in the Supplement
and in [20, 40].

Research Ethics Committee; reference 10/H0605/1
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ABSTRACT
Identifying reliable biomarkers of aging is a major goal in geroscience. While the first generation of epigenetic
biomarkers of aging were developed using chronological age as a surrogate for biological age, we hypothesized
that incorporation of composite clinical measures of phenotypic age that capture differences in lifespan and
healthspan may identify novel CpGs and facilitate the development of a more powerful epigenetic biomarker of
www.aging‐us.com
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aging. Using an innovative two‐step process, we develop a new epigenetic biomarker of aging, DNAm
PhenoAge that strongly outperforms previous measures in regards to predictions for a variety of aging
outcomes, including all‐cause mortality, cancers, healthspan, physical functioning, and Alzheimer's disease.
While this biomarker was developed using data from whole blood, it correlates strongly with age in every tissue
and cell tested. Based on an in‐depth transcriptional analysis in sorted cells, we find that increased epigenetic,
relative to chronological age, is associated with increased activation of pro‐inflammatory and interferon
pathways, and decreased activation of transcriptional/translational machinery, DNA damage response, and
mitochondrial signatures. Overall, this single epigenetic biomarker of aging is able to capture risks for an array
of diverse outcomes across multiple tissues and cells, and provide insight into important pathways in aging.
Previous work by us and others have shown that
“phenotypic aging measures”, derived from clinical
biomarkers [28-32], strongly predict differences in the
risk of all-cause mortality, cause-specific mortality,
physical functioning, cognitive performance measures,
and facial aging among same-aged individuals. What’s
more, in representative population data, some of these
measures have been shown to be better indicators of
remaining life expectancy than chronological age [28],
suggesting that they may be approximating individuallevel differences in biological aging rates. As a result,
we hypothesize that a more powerful epigenetic
biomarker of aging could be developed by replacing
prediction of chronological age with prediction of a
surrogate measure of "phenotypic age" that, in and of
itself, differentiates morbidity and mortality risk among
same-age individuals.

INTRODUCTION
One of the major goals of geroscience research is to
define ‘biomarkers of aging’[1, 2], which can be
thought of as individual-level measures of aging that
capture inter-individual differences in the timing of
disease onset, functional decline, and death over the life
course. While chronological age is arguably the
strongest risk factor for aging-related death and disease,
it is important to distinguish chronological time from
biological aging. Individuals of the same chronological
age may exhibit greatly different susceptibilities to agerelated diseases and death, which is likely reflective of
differences in their underlying biological aging
processes. Such biomarkers of aging will be crucial to
enable evaluation of interventions aimed at promoting
healthier aging, by providing a measurable outcome,
which unlike incidence of death and/or disease, does not
require extremely long follow-up observation.

RESULTS

One potential biomarker that has gained significant
interest in recent years is DNA methylation (DNAm).
Chronological time has been shown to elicit predictable
hypo- and hyper-methylation changes at many regions
across the genome [3-7], and as a result, the first
generation of DNAm based biomarkers of aging were
developed to predict chronological chronological age
[8-13]. The blood-based algorithm by Hannum [10] and
the multi-tissue algorithm by Horvath [11] produce age
estimates (DNAm age) that correlate with chronological
age well above r=0.90 for full age range samples.
Nevertheless, while the current epigenetic age
estimators exhibit statistically significant associations
with many age-related diseases and conditions [14-27],
the effect sizes are typically small to moderate. One
explanation is that using chronological age as the
reference, by definition, may exclude CpGs whose
methylation patterns don’t display strong timedependent changes, but instead signal the departure of
biological age from chronological age. Thus, it is
important to not only capture CpGs that display changes
with chronological time, but also those that account for
differences in risk and physiological status among
individuals of the same chronological age.

www.aging‐us.com

Overview of the statistical model and analysis
Our development of the new epigenetic biomarker of
aging proceeded along three main steps (Fig. 1). In step
1, a novel measure of ‘phenotypic age’ was developed
using clinical data from the third National Health and
Nutrition Examination Survey (NHANES). Details on
the phenotypic age estimator can be found in Table 1
and in Supplement 1. In step 2, DNAm from whole
blood was used to predict phenotypic age, such that:

The coefficient values of this model can be found in
Supplement 2 (Table S6). Predicted estimates from this
model represent a person’s epigenetic age, which we
refer to as ‘DNAm PhenoAge’. Using multiple independent datasets, we then tested whether DNAm PhenoAge
was associated with a number of aging-related outcomes.
We also tested whether it differed as a function of social,
behavioral, and demographic characteristics, and whether
it was applicable to tissues other than whole blood.
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Finally, in step 3, we examine the underlying biology of
the 513 CpGs in the DNAm PhenoAge measure by
examining differential expression, GO and pathway
enrichment, chromosomal locations, and heritability.

those that were available in both NHANES III and IV.
Based on 10-fold cross-validation, ten variables
(including chronological age) were selected for the
phenotypic age predictor (Table 1, Table S1). These
nine biomarkers and chronological age were then
combined in a phenotypic age estimate (in units of
years) as detailed in Methods.

Estimating phenotypic age from clinical biomarkers
For step 1, NHANES III was used to generate a
measure of phenotypic age. NHANES III is a
nationally-representative sample, with over twentythree years of mortality follow-up, from which our
analytical sample included 9,926 adults with complete
biomarker data. A Cox penalized regression model—
where the hazard of mortality was regressed on fortytwo clinical markers and chronological age—was used
to select variables for inclusion in our phenotypic age
score. The forty-two biomarkers considered represent

Validation data for phenotypic age came from
NHANES IV, and included up to 12 years of mortality
follow-up for n=6,209 national representative US
adults. In this population, phenotypic age is correlated
with chronological age at r=0.94. Results from all-cause
and cause-specific (competing risk) mortality predictions, adjusting for chronological age (Table 2),
show that a one year increase in phenotypic age is
associated with a 9% increase in the risk of all-cause

Figure 1. Roadmap for developing DNAm PhenoAge. The roadmap depicts our analytical procedures. In step 1, we
developed an estimate of ‘Phenotypic Age’ based on clinical measure. Phenotypic age was developed using the NHANES III as
training data, in which we employed a proportional hazard penalized regression model to narrow 42 biomarkers to 9 biomarkers
and chronological age. This measure was then validated in NHANES IV and shown to be a strong predictor of both morbidity and
mortality risk. In step 2, we developed an epigenetic biomarker of phenotypic age, which we call DNAm PhenoAge, by regressing
phenotypic age (from step 1) on blood DNA methylation data, using the InCHIANTI data. This produced an estimate of DNAm
PhenoAge based on 513 CpGs. We then validated our new epigenetic biomarker of aging, DNAm PhenoAge, using multiple
cohorts, aging‐related outcomes, and tissues/cells. In step 3, we examined the underlying biology of the 513 CpGs and the
composite DNAm PhenoAge measure, using a variety of complementary data (gene expression, blood cell counts) and various
genome annotation tools including chromatin state analysis and gene ontology enrichment.
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mortality (HR=1.09, p=3.8E-49), a 9% increase in the
risk of mortality from aging-related diseases (HR=1.09,
p=4.5E-34), a 10% increase in the risk of CVD
mortality (HR=1.10, p=5.1E-17), a 7% increase in the
risk of cancer mortality (HR=1.07, p=7.9E-10), a 20%
increase in the risk of diabetes mortality (HR=1.20,
p=1.9E-11), and a 9% increase in the risk of chronic
lower respiratory disease mortality (HR=1.09, p=6.3E4). Further, phenotypic age is highly associated with
comorbidity count (p=3.9E-21) and physical
functioning measures (p=2.1E-10, Supplement 1: Fig.
S1).
An epigenetic
PhenoAge)

biomarker

of

aging

DNAm measure. They represented those CpGs
available on all three chips (27k, 450k, EPIC), so as to
facilitate usability across platforms. Elastic net regression, with 10-fold cross-validation, produced a model in
which phenotypic age is predicted by DNAm levels at
513 of the 20,169 CpGs. The linear combination of the
weighted 513 CpGs yields a DNAm based estimator of
phenotypic age that we refer to as ‘DNAm PhenoAge’
(mean=58.9, s.d.=18.2, range=9.1-106.1), in contrast to
the previously published Hannum and Horvath ‘DNAm
Age’ measures.
While our new clock was trained on cross-sectional data
in InCHIANTI, we capitalized on the repeated timepoints to test whether changes in DNAm PhenoAge are
related to changes in phenotypic age. As expected,
between 1998 and 2007, mean change in DNAm
PhenoAge was 8.51 years, whereas mean change in
clinical phenotypic age was 8.88 years. Moreover,
participants’ clinical phenotypic age (adjusting for
chronological age) at the two time-points was correlated
at r=0.50, whereas participants’ DNAm PhenoAge
(adjusting for chronological age) at the two time-points
was correlated at r=0.68 (Supplement 1: Fig. S2). We
also find that the change in phenotypic age between

(DNAm

For step 2 (Fig. 1), data from n=456 participants at two
time-points in the Invecchiare in Chianti (InCHIANTI)
study was used to relate blood DNAm levels to
phenotypic age. InCHIANTI was used as training data
for the new epigenetic biomarker because the study
assessed all clinical measures needed to estimate
phenotypic age, contained data on DNAm, and had a
large age range population (21-100 years). A total of
20,169 CpGs were considered when generating the new

Table 1. Phenotypic aging measures and Gompertz coefficients.
Variable

Units

Weight

Liver

g/L

-0.0336

Kidney

umol/L

0.0095

Metabolic

mmol/L

0.1953

Inflammation

mg/dL

0.0954

Lymphocyte percent

Immune

%

-0.0120

Mean (red) cell volume

Immune

fL

0.0268

Red cell distribution width

Immune

%

0.3306

Alkaline phosphatase

Liver

U/L

0.0019

White blood cell count

Immune

1000 cells/uL

0.0554

Years

0.0804

Albumin
Creatinine
Glucose, serum
C-reactive protein (log)

Age

Table 2. Mortality validations for phenotypic age.
Mortality Cause
All-Cause
Aging-Related
CVD
Cancer
Alzheimer's
Diabetes
Chronic lower respiratory
diseases
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Cases
1052
661
272
265
30
41

HR
1.09
1.09
1.10
1.07
1.04
1.20

P-Value
3.8E-49
4.5E-34
5.1E-17
7.9E-10
2.6E-1
1.9E-11

53

1.09

6.3E-4
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1998 and 2007 is highly correlated with the change in
DNAm PhenoAge between these two time-points
(r=0.74, p=3.2E-80, Supplement 1: Fig. S2).

includes all three measures (Supplement 1: Table S3),
we find that only DNAm PhenoAge is positively
associated with mortality (HR=1.04, p=1.33E-8),
whereas Horvath DNAm Age is now negatively
associated (HR=0.98, p=2.72E-2), and Hannum DNAm
Age has no association (HR=1.01, p=4.66E-1).

DNAm PhenoAge strongly relates to all-cause
mortality

DNAm PhenoAge strongly relates to aging-related
morbidity

In step 2 (Fig. 1), the epigenetic biomarker, DNAm
PhenoAge, was calculated in five independent largescale samples—two samples from Women’s Health
Initiative (WHI) (n=2,016; and n=2,191), the
Framingham Heart Study (FHS) (n=2,553), the
Normative Aging Study (NAS) (n=657), and the
Jackson Heart Study (JHS) (n=1,747). The first four
studies used the Illumina 450K array while the JHS
employed the latest Illumina EPIC array platform. In
these studies, DNAm PhenoAge correlated with
chronological age at r=0.66 in WHI (Sample 1), r=0.69
in WHI (Sample 2), r=0.78 in FHS, r=0.62 in the NAS,
and r=0.89 in JHS. The five validation samples were
then used to assess the effects of DNAm PhenoAge on
mortality in comparison to the Horvath and Hannum
DNAm Age measures. DNAm PhenoAge was
significantly associated with subsequent mortality risk
in all studies (independent of chronological age), such
that, a one year increase in DNAm PhenoAge is
associated with a 4.5% increase in the risk of all-cause
mortality (Meta(FE)=1.045, Meta p=7.9E-47, Fig. 2).
To better conceptualize what this increase represents,
we compared the predicted life expectancy and
mortality risk for person’s representing the top 5%
(fastest agers), the average, and the bottom 5% (slowest
agers). Results suggest that those in the top 5% of
fastest agers have a mortality hazard of death that is
about 1.62 times that of the average person, i.e. the
hazard of death is 62% higher than that of an average
person. Further, contrasting the 5% fastest agers with
the 5% slowest agers, we find that the hazard of death
of the fastest agers is 2.58 times higher than that of the
bottom 5% slowest agers (HR=1.04511.0/1.045-10.5).
Additionally, both observed and predicted KaplanMeier survival estimates showed that faster agers had
much lower life expectancy and survival rates compared
to average and/or slow agers (Fig. 2).

Given that aging is believed to also influence disease
incidence/prevalence, we examined whether DNAm
PhenoAge relates to diverse age-related morbidity
outcomes. We observe strong associations between
DNAm PhenoAge and a variety of other aging outcomes using the same five validation samples (Table 3).
For instance, independent of chronological age, higher
DNAm PhenoAge is associated with an increase in a
person’s number of coexisting morbidities (β=0.008 to
0.031; Meta P-value=1.95E-20), a decrease in
likelihood of being disease-free (β=-0.002 to -0.039;
Meta P-value=2.10E-10), an increase in physical
functioning problems (β=-0.016 to -0.473; Meta Pvalue=2.05E-13), an increase in the risk of coronary
heart disease (CHD) risk (β=0.016 to 0.073; Meta Pvalue=3.35E-11).
DNAm PhenoAge and smoking
Cigarette exposure has been shown to have an
epigenetic fingerprint[35-37], which has been reflected
in previous DNAm risk predictors[38]. Similarly, we
find that DNAm PhenoAge significantly differs
between never (n=1,097), current (n=209), and former
smokers (n=710) (p=0.0033) (Supplement 1, Fig. S3A);
however, conversely, we do not find a robust
association between pack-years and DNAm PhenoAge
(Supplement 1, Fig. S3B-D). Given the association
between DNAm PhenoAge and smoking, we reevaluated the morbidity and mortality associations
(fully-adjusted) in our four samples, stratifying by
smoking status (Supplement 1: Fig. S4 and Table S4).
We find that DNAm PhenoAge is associated with
mortality among both smokers (adjusted for packyears) (Meta(FE)=1.050, Meta p=7.9E-31), and nonsmokers (Meta(FE)=1.033, Meta p=1.2E-10). DNAm
PhenoAge relates to the number of coexisting
morbidities, physical functioning status, disease free
status, and CHD for both smokers and non-smokers
(Supplement 1: Table S4). In previous work we showed
that Horvath DNAm age of blood predicts lung cancer
risk in the first WHI sample [20]. Using the same data,
we find that a one year increase in DNAm PhenoAge
(adjusting for chronological age, race/ethnicity, packyears, and smoking status) is associated with a 5%
increase in the risk of lung cancer incidence and/or

As shown in Fig. 2, the DNAm age based measures
from Hannum and Horvath also related to all-cause
mortality, consistent with what has been reported
previously [15, 19, 23, 33, 34]. To directly compare the
three epigenetic measures, we contrasted their accuracy
in predicting 10-year and 20-year mortality risk, using
receiver operating characteristics (ROC) curves. DNAm
PhenoAge (adjusted for age) predicts both 10-year
mortality and 20-year mortality significantly better than
the Horvath and Hannum DNAmAge measures (Supplement 1: Table S2). When examining a model that
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mortality (HR=1.05, p=0.031). Further, when restricting
the model to current smokers only, we find that the
effect of DNAm PhenoAge on future lung cancer
incidence and/or mortality is even stronger (HR=1.10,
p=0.014).

tissue/cell specific aging. Although DNAm PhenoAge
was developed using samples from whole blood, our
empirical results show that it strongly correlates with
chronological age in a host of different tissues and cell
types (Fig. 3). For instance, when examining all tissues
concurrently, the correlation between DNAm PhenoAge
and chronological age was 0.71. Age correlations in
brain tissue ranged from 0.54 to 0.92, while correlations
were also found in breast (r=0.47), buccal cells (r=0.88),
dermal fibroblasts (r=0.87), epidermis (r=0.84), colon
(r=0.88), heart (r=0.66), kidney (r=0.64), liver (r=0.80),
lung (r=055), and saliva (r=0.81).

DNAm PhenoAge in other tissues
One advantage of developing biological aging estimates
based on molecular markers (like DNAm), rather than
clinical risk measures (e.g. those in the phenotypic age
variable), is that they may lend themselves to measuring

Figure 2. Mortality Prediction by DNAm PhenoAge. (A) Using five samples from large epidemiological cohorts—two samples
from the Women’s health Initiative, the Framingham Heart Study, the Normative Aging Study, and the Jackson Heart Study—we
tested whether DNAm PhenoAge was predictive of all‐cause mortality. The Fig. displays a forest plot for fixed‐effect meta‐analysis,
based on Cox proportional hazard models, and adjusting for chronological age. Results suggest that DNAm PhenoAge is predictive of
mortality in all samples, and that overall, a one year increase in DNAm PhenoAge is associated with a 4.5% increase in the risk of
death (p=9.9E‐47). This is contrasted against the first generation of epigenetic biomarkers of aging by Hannum and Horvath, which
exhibit less significant associations with lifespan (p=1.7E‐21 and p=4.5E‐5, respectively). (B and C) Using the WHI sample 1, we plotted
Kaplan‐Meier survival estimates using actual data from the fastest versus the slowest agers (panel B). We also applied the equation
from the proportional hazard model to predict remaining life expectancy and plotted predicted survival assuming a chronological age
of 50 and a DNAm PhenoAge of either 40 (slow ager), 50 (average ager), or 60 (fast ager) (panel C). Median life expectancy at age 50
was predicted to be approximately 81 years for the fastest agers, 83.5 years for average agers, and 86 years for the slowest agers.
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Table 3. Morbidity validation for DNAm PhenoAge.
Comorbidity
Sample

Disease Free

CHD Risk

Physical Functioning

Coefficient

P-value

Coefficient

P-value

Coefficient

P-value

Coefficient

P-value

DNAm PhenoAge
WHI BA23 White
WHI BA23 Black
WHI BA23 Hispanic
WHI EMPC White
WHI EMPC Black
WHI EMPC Hispanic
FHS
NAS
JHS
Meta P-value (Stouffer)

0.008
0.013
0.024
0.031
0.014
0.003
0.022
0.023
0.018

2.38E-01
6.15E-02
1.64E-02
2.95E-07
7.67E-02
7.83E-01
3.93E-07
7.59E-06
1.86E-08
1.95E-20

-0.002
-0.006
-0.004
-0.026
-0.023
0.002
-0.034
-0.062
-0.039

3.82E-01
2.40E-02
3.67E-01
1.63E-02
6.98E-02
9.28E-01
1.59E-03
2.00E-04
5.92E-05
2.14E-10

0.016
0.021
0.033
0.023
0.048
0.073
0.028
0.030
0.033

5.36E-02
2.02E-02
5.07E-02
1.89E-01
2.27E-02
1.98E-01
5.47E-06
2.27E-02
4.73E-02
3.35E-11

-0.396
-0.423
-0.329
-0.361
-0.473
-0.377
-0.016
NA
NA

1.04E-04
4.50E-04
7.37E-02
3.81E-05
3.75E-04
6.54E-02
4.60E-01
NA
NA
2.05E-13

DNAmAge Hannum
WHI BA23 White
WHI BA23 Black
WHI BA23 Hispanic
WHI EMPC White
WHI EMPC Black
WHI EMPC Hispanic
FHS
NAS
JHS
Meta P-value (Stouffer)

0.007
0.022
0.010
0.025
0.022
-0.012
0.019
0.009
0.020

3.90E-01
2.72E-02
4.33E-01
1.53E-03
6.34E-02
4.17E-01
5.94E-04
2.19E-01
2.09E-05
1.50E-08

-0.003
-0.007
-0.010
-0.020
-0.008
0.035
-0.030
-0.026
-0.036

3.48E-01
6.03E-02
6.24E-02
1.55E-01
6.62E-01
2.09E-01
2.55E-02
2.26E-01
9.91E-03
1.64E-04

0.013
0.015
0.011
0.022
0.055
-0.012
0.022
0.025
0.086

2.36E-01
2.67E-01
6.10E-01
3.30E-01
6.12E-02
8.85E-01
1.55E-02
1.83E-01
1.64E-04
1.40E-05

-0.399
-0.345
-0.599
-0.284
-0.323
-0.345
0.040
NA
NA

2.90E-03
4.29E-02
1.16E-02
1.43E-02
9.56E-02
2.54E-01
1.32E-01
NA
NA
2.03E-05

DNAmAge Horvath
WHI BA23 White
WHI BA23 Black
WHI BA23 Hispanic
WHI EMPC White
WHI EMPC Black
WHI EMPC Hispanic
FHS
NAS
JHS
Meta P-value (Stouffer)

0.007
0.018
0.012
0.031
0.016
-0.025
0.011
0.011
0.014

3.49E-01
3.96E-02
3.65E-01
1.99E-04
1.93E-01
8.99E-02
5.82E-02
7.90E-02
2.03E-03
3.26E-06

-0.004
-0.006
-0.007
-0.043
-0.003
-0.016
-0.021
-0.039
-0.040

1.69E-01
6.25E-02
1.86E-01
5.56E-03
8.56E-01
5.70E-01
8.34E-02
4.53E-02
1.78E-03
6.36E-07

0.001
0.009
-0.001
0.000
0.033
-0.064
0.007
0.006
0.049

9.12E-01
4.07E-01
9.78E-01
9.88E-01
2.87E-01
4.63E-01
5.19E-01
7.14E-01
3.93E-02
1.49E-01

-0.440
-0.305
-0.204
-0.288
-0.144
-0.012
0.027
NA
NA

5.10E-04
4.52E-02
4.12E-01
1.74E-02
4.68E-01
9.70E-01
3.16E-01
NA
NA
1.43E-03

Alzheimer's disease and brain samples

ral prefrontal cortex (DLPFX). Results suggest (Fig. 4)
that those who are diagnosed with Alzheimer’s disease
(AD), based on postmortem autopsy, have DLPFX that
appear more than one year older than same aged
individuals who are not diagnosed with AD postmortem
(p=4.6E-4). Further, age adjusted DNAm PhenoAge was
found to be positively associated with neuropathological
hallmarks of Alzheimer’s disease, such as amyloid load
(r=0.094, p=0.012), neuritic plaques (r=0.11, p=0.0032),
and neurofibrillary tangles (r=0.10, p=0.0073).

Based on the accuracy of the age prediction in other
tissues/cells, we examined whether aging in a given
tissue was associated with tissue-associated outcomes.
For instance, using data from approximately 700 postmortem samples from the Religious Order Study (ROS)
and the Memory and Aging Project (MAP) [39, 40] we
tested the association between pathologically diagnosed
Alzheimer’s disease and DNAm PhenoAge in dorsolate-
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Figure 3. Chronological age versus DNAm PhenoAge in a variety of tissues and cells. Although DNAm PhenoAge was developed
using methylation data from whole blood, it also tracks chronological age in a wide variety of tissues and cells. (A) The correlation across all
tissues/cells we examined is r=0.71. (B‐ZJ) report results in different sources of DNA as indicated in panel headings. The numbers correspond
to the data sets from (Horvath 2013). Overall, correlations range from r=0.35 (breast, panel O) to r=0.92 (temporal cortex in brain, panel L).

Lifestyle and demographic variables

DNAm PhenoAge and Immunosenescence

In evaluating the relationship between DNAm
PhenoAge in blood and additional characteristics we
observe significant differences between racial/ethnic
groups (p=5.1E-5), with non-Hispanic blacks having the
highest DNAm PhenoAge on average, and nonHispanic whites having the lowest (Supplement 1: Fig.
S5). We also find evidence of social gradients in DNAm
PhenoAge, such that those with higher education
(p=6E-9) and higher income (p=9E-5) appear younger
(Figure 5). DNAm PhenoAge relates to exercise and
dietary habits, such that increased exercise (p=7E-5)
and markers of fruit/vegetable consumption (such as
carotenoids, p=2E-27) are associated with lower DNAm
PhenoAge (Figure 5, Supplement 1: Fig. S6). Crosssectional studies in the WHI also revealed that
DNAmPhenoAge acceleration is positively correlated
with C-reactive protein (r=0.18, p=5E-22, Figure 5),
insulin (r=0.15, p=2E-20), glucose (r=0.10, p=2E-10),
triglycerides (r=0.09, p=5E-9), waist to hip ratio
(r=0.15, p=5E-22) but it is negatively correlated with
HDL cholesterol (r=-0.09, p=7E-9).

To test the hypothesis that DNAm PhenoAge captures
aspects of age-related decline of the immune system, we
correlated DNAm PhenoAge with estimated blood cell
count (Supplement 1, Fig. S7). After adjusting for age,
we find that DNAm PhenoAgeAccel is negatively
correlated with naïve CD8+ T cells (r=-0.35, p=9.2E65), naïve CD4+ T cells (r=-0.29, p=4.2E-42), CD4+
helper T cells (r=-0.34, p=3.6E-58), and B cells (r=0.18, p=8.4E-17). Further, DNAm PhenoAgeAccel is
positively correlated with the proportion of granulocytes
(r=0.32, p=2.3E-51), exhausted CD8+ (defined as
CD28-CD45RA-) T cells (r=0.20, p=1.9E-20), and
plasma blast cells (r=0.26, p=6.7E-34). These results are
consistent with age related changes in blood cells [41]
and suggest that DNAm PhenoAge may capture aspects
of immuno-senescence in blood. However, three lines
of evidence suggest that DNAm PhenoAge is not
simply a measure of immunosenescence. First, another
measure of immunosenescence, leukocyte telomere
length, is only weakly correlated with DNAm
PhenoAgeAccel (r=-0.13 p=0.00019 in the WHI; r=-
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0.087, P=7.6E-3 in Framingham Heart study; JHS
p=7.83E-7, Supplement 1, Fig. S8). Second, the strong
association between DNAm PhenoAge and mortality
does not simply reflect changes in blood cell
composition, as can be seen from the fact that in
Supplement 1, Fig. S9 the robust association remains
even after adjusting for estimates of seven blood cell
count measures (Meta(FE)=1.036, Meta p=5.6E-21).
Third, DNAmPhenoAge correlates with chronological
age in non-blood tissue.

overlapped between the Hannum DNAm Age score and
the DNAm PhenoAge score—five of which were also
found in the Horvath DNAm Age measure. All six
CpGs had extremely high age correlations (half positive,
half negative), with absolute values between r=0.49 and
r=0.76. The five CpGs that are found in all three
epigenetic aging measures were: cg05442902 (P2RXL1),
cg06493994 (SCGN), cg09809672 (EDARADD),
cg19722847 (IPO8), and cg22736354 (NHLRC1).
Several additional DNAm biomarkers have been
described in the literature [12, 13]. A direct comparison
of 6 DNAm biomarkers (including DNAm PhenoAge)
reveals that DNAm PhenoAge stands out in terms of its
predictive accuracy for lifespan, its relationship with
smoking status, its relationship with leukocyte telomere
length, naïve CD8+ T cells and CD4+ T cells
(Supplement 1: Table S5).

DNA sequence characteristics of the 513 CpGs in
DNAm PhenoAge
Of the 513 CpGs in DNAm PhenoAge, we find that, 41
CpGs were also in the Horvath DNAm age measure
(Supplement 2: Table S6). This represents a 4.88-fold
increase over what would be expected by chance
(p=8.97E-15). Of the 41 overlapping CpGs, the average
absolute value for their age correlations was r=0.40, and
31 had age correlations with absolute values in the top
20% of what is found among the 513 CpGs in the
DNAm PhenoAge score. We also observed 6 CpGs that

Next, we conducted a functional enrichment analysis of
the chromosomal locations of the 513 CpGs and found
that 149 CpGs whose age correlation exceeded 0.2
tended to be located in CpG islands (p=0.0045, Supple-

Figure 5. Lifestyle factors versus DNAm PhenoAge acceleration in blood in the WHI. In this cross
sectional analysis, the correlation test analysis (bicor, biweight midcorrelation) between select variables and
DNAm PhenoAgeAccel reveals that education, income, exercise, proxies of fruit/vegetable consumption, and
HDL cholesterol are negatively associated (blue) with DNAm PhenoAge, i.e. younger epigenetic age.
Conversely, CRP, insulin, glucose, triglycerides, BMI, waist‐to‐hip ratio, systolic blood pressure, and smoking have
a positive association (red) with DNAm PhenoAge. All results have been adjusted for ethnicity and batch/data
set. Similar results based on multivariate regression models can be found in Supplementary Figure 6B.

Figure 4. DNAm PhenoAge measured in dorsolateral prefrontal cortex relates to Alzheimer’s disease and related
neuropathologies. Using postmortem data from the Religious Order Study (ROS) and the Memory and Aging Project (MAP), we find
a moderate/high correlation between chronological age and DNAm PhenoAge (panel A). We also estimate the Pproportion of
neurons via the CETS algorithm and show that it correlates with DNAm PhenoAge (B). Further, the correlation between chronological
agen and DNAm PhenoAge is increased after adjusting for the estimated proportion on neurons in each sample (panel C). We also
find that DNAm PhenoAge is significantly higher (p=0.00046) among those with Alzheimer’s disease versus controls (panel D), and
that it positively correlates with amyloid load (p=0.012, panel E), neuritic plaques (p=0.0032, panel F), diffuse plaques (p=0.036, panel
G), and neurofibrillary tangles (p=0.0073, panel H).
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ment 1: Fig. S10) and were significantly enriched with
polycomb group protein targets (p=8.7E-5, Supplement
1: Fig. S10), which in line with results of epigenome
wide studies of aging effects [4, 5, 42].

tability estimated by the SOLAR polygenic model for
those of European ancestry in the FHS was =0.33,
while the heritability estimated for those of European
ancestry in WHI, using GCTA-GREML analysis [43]
was =0.51.

Transcriptional and genetic studies of DNAm
PhenoAge

Using the monocyte data mentioned above, as well as
PBMC expression data on 2,188 persons from the FHS,
we conducted a transcriptional analysis to identify differential expression associated with DNAm PhenoAge-

Using the genome-wide data from FHS and WHI, we
estimated the heritability of DNAm PhenoAge. The heri-

Figure 5. Lifestyle factors versus DNAm PhenoAge acceleration in blood in the WHI. In this cross
sectional analysis, the correlation test analysis (bicor, biweight midcorrelation) between select variables and
DNAm PhenoAgeAccel reveals that education, income, exercise, proxies of fruit/vegetable consumption, and
HDL cholesterol are negatively associated (blue) with DNAm PhenoAge, i.e. younger epigenetic age.
Conversely, CRP, insulin, glucose, triglycerides, BMI, waist‐to‐hip ratio, systolic blood pressure, and smoking have
a positive association (red) with DNAm PhenoAge. All results have been adjusted for ethnicity and batch/data
set. Similar results based on multivariate regression models can be found in Supplementary Figure 6B.
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Accel (Supplement 3: Table S7). Overall, we find that
genes show similar associations with chronological age
and DNAm PhenoAgeAccel. DNAm PhenoAgeAccel
represents aging differences among same-aged
individuals and is adjusted so as to exhibit a correlation
of r=0.0 with chronological age. Thus, this observation
suggests that genes whose transcription increases with
age are upregulated among epigenetically older
compared to epigenetically younger persons of the same
chronological age (Supplement 1: Fig. S11); the same
applies for genes that show decreases with chronological age being downregulated in epi-genetically older
versus younger persons of the same age.

DISCUSSION
Using a novel two-step method, we were successful in
developing a DNAm based biomarker of aging that is
highly predictive of nearly every morbidity and mortality outcome we tested. Training an epigenetic predictor
of phenotypic age instead of chronological age led to
substantial improvement in mortality/healthspan
predictions over the first generation of DNAm based
biomarkers of chronological age from Hannum[10],
Horvath[11] and other published DNAm biomarkers. In
doing so, this is the first study to conclusively demonstrate that DNAm biomarkers of aging are highly
predictive of cardiovascular disease and coronary heart
disease. DNAm PhenoAge also tracks chronological
age and relates to disease risk in samples other than
whole blood. Finally, we find that an individual’s
DNAm PhenoAge, relative to his/her chronological age,
is moderately heritable and is associated with activation
of pro-inflammatory, interferon, DNAm damage repair,
transcriptional/ translational signaling, and various
markers of immuno-senescence: a decline of naïve T
cells and shortened leukocyte telomere length
(Supplementary Information).

Using the transcriptional data from monocytes
described above (adjusting for array, sex, race/ethnicity,
age, and imputed cell counts), we tested for GO
enrichment among genes that are positively associated
with DNAm PhenoAge and those that are negatively
associated with DNAm PhenoAge (Supplement 4:
Table S8). Among those with positive aging
associations (over-expression among epigenetically
older individuals), we observed enrichment for a
number of pro-inflammatory signaling pathways. These
pathways included, but are not limited to: multiple tolllike receptor signaling pathways (7,9,3,2), regulation of
inflammatory response, JAK-STAT cascade, response
to lipopoly-saccharide, tumor necrosis factor-mediated
signaling pathway, and positive regulation of NFkappaB transcription factor activity. Additionally,
positively associated genes were also enriched for a
number anti-viral response pathways—type I interferon
signaling, defense response to virus, interferon-gammamediated signaling pathway, cellular response to
interferon-alpha, etc. Other interesting GO terms
enriched among positively associated genes included:
response to nutrient, JAK-STAT cascade involved in
growth hormone signaling pathway, multicellular
organism growth, and regulation of DNA methylation.

The ability of our measure to predict multifactorial
aging conditions is consistent with the fundamental
underpinnings of Geroscience research [1, 44], which
posits that aging mechanisms give rise to multiple
pathologies and thus, differences in the rate of aging
will have implications for a wide array of diseases and
conditions. Further, these results answer a fundamental
biological question of whether differences in multisystem dysregulation (estimated using clinical
phenotypic age measures), healthspan, and lifespan are
reflected at the epigenetic level, in the form of
differential DNAm at specific CpG sites.
The improvement over previous epigenetic biomarkers,
likely comes down to the types of CpGs selected for the
various measures. Only 41 of the 513 CpGs in DNAm
PhenoAge were shared with the Horvath clock, while
only five CpGs were shared between all three clocks
(DNAm PhenoAge, Horvath, and Hannum). In general,
these CpGs did not tend to be drivers of the DNAm
PhenoAge score, and instead represented those with
large age correlations. This may explain the
improvements of DNAm PhenoAge over previous
epigenetic biomarkers of aging. While the previous
DNAm age estimators selected CpGs to optimize
prediction of chronological age, the CpGs in DNAm
PhenoAge were optimized to predict a multi-system
proxy of physiological dysregulation (phenotypic age).
In doing so, we were able to not only capture CpGs that
exhibited strong correlations with age, but also those
that captured variations in risk of death and disease

When testing for enrichment among genes that were
negatively associated with DNAm PhenoAgeAccel
(decreased expression among epigenetically older
persons) we observed that many were implicated in
processes involving transcriptional and translational
machinery, as well as damage recognition and repair.
These included: translational initiation; regulation of
translational initiation; ribosomal large subunit assembly; ribosomal small subunit assembly; translational
elongation; transcription initiation from RNA
polymerase I promoter; transcription-coupled nucleotide-excision repair; nucleotide-excision repair, DNA
incision, 5'-to lesion; nucleotide-excision repair, DNA
damage recognition; DNA damage response, detection
of DNA damage; and regulation of DNA damage
checkpoint.
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among same aged individuals. In general, the CpGs
with the highest weights in the new clock did not
correlate with chronological age (Supplement 1: Fig.
S12), but instead were related to the difference between
phenotypic and chronological age—i.e. divergence in
the rate of aging.

measures like CRP, albumin, creatinine, glucose, etc.
are still fairly homogenous. Second, as demonstrated,
these molecular measures can capture cell and/or tissue
specific aging rates and therefore may also lend
themselves to in vitro studies of aging, studies for which
blood is not available, studies using postmortem
samples, and/or studies comparing aging rates between
tissues/cells. While the fundamental drivers of aging are
believed to be shared across cells/tissues, that is not to
say that all the cells and tissues within an individual will
age at the same rate. In fact, it is more likely that
individuals will vary in their patterning of aging rates
across tissues, and that this will have implications for
death and disease risk. Relatedly, it is not known how
predictions based on DNAm PhenoAge measures from
non-blood samples will compare to phenotypic age
predictions. It may be the case that various outcomes
will be more tightly related to aging in specific
cells/tissues, rather than blood. Finally, examination of
DNAm based aging rates facilitates the direct study of
the proposed mechanisms of aging, of which
“epigenetic alterations” is one of the seven hypothesized “pillars of aging” [1].

While DNAm PhenoAge greatly outperformed all
previous DNAm biomarkers of aging (Supplement 1:
Table S5), the utility of DNAm PhenoAge for
estimating risk does not imply that it should replace
clinical biomarkers when it comes to informing medical
and health-related decisions. In fact, but perhaps not
surprisingly, the phenotypic age measure used to select
CpGs is a better predictor of morbidity and mortality
outcomes than DNAm PhenoAge. While the addition of
error in performing a two-step process, rather than
training a DNAm predictor directly on mortality may
contribute, we don’t believe this accounts for the
difference in predictive performance. In fact, a recent
DNAm measure by Zhang et al. [38] was trained to
directly predict mortality risk, yet it appears to be a
weaker predictor than both our DNAm PhenoAge
measure and our clinical phenotypic age measure
(Supplement 1: Table S9). The first generation of
DNAm age estimators only exhibit weak associations
with clinical measures of physiological dysregulation
[24, 45]. Physiological dysregulation, which is more
closely related to our clinical age measure “phenotypic
age” than to chronological age, is not only the result of
exogenous/endogenous stress factors (such as obesity,
infections) but also a result of age related molecular
alterations, one example of which are modifications to
the epigenome. Over time, dysregulation within organ
systems leads to pathogenesis of disease (age-related
molecular changes Æ physiological dysregulation Æ
morbidity Æ mortality)[46]. However, stochasticity and
variability exist at each of these transitions. Therefore,
measures of physiological dysregulation, will be better
predictors of transition to the next stage in the aging
trajectory (i.e. morbidity and mortality) than will
measures of age related molecular alterations, like
DNAm PhenoAge. Similarly, quantification of disease
pathogenesis (cancer stage, Alzheimer’s stage) is likely
a better predictor of mortality risk than clinical
phenotypic aging measures. As a result, clinical phenotypic aging measures may be preferable to epigenetic
measures when the goal is risk prediction, and samples
come from blood.

While more work needs to be done to model the biology
linking DNAm PhenoAge and aging outcomes, we
began to explore this using differential expression,
functional enrichment, and heritability estimates.
Overall, we found that CpGs that had larger increases
with aging tended to be located in CpG islands and
enriched with polycomb group protein targets,
consistent with what has been reported in previous
epigenome wide studies of aging effects [4-7, 42].
While typically DNAm of CpG islands and/or
polycomb recruitment is linked to transcriptional
silencing [47], for the most part, we did not observe
associations between DNAm and expression for colocating CpG-gene pairs—this was also true when only
considering CpGs located in islands. These findings
may suggest that the genes annotated to the CpGs in our
score are not part of the link between changes in DNAm
and aging. Nevertheless, we also recognize that these
null results could stem from the fact that 1) associations
were only tested in monocytes, 2) DNAm and
expression represents what is present globally for each
sample, rather than on a cell-by-cell basis, and 3)
stronger associations between DNAm and gene
expression levels may only exist early in life.
Nevertheless, we do identify potentially promising
transcriptional pathways when considering DNAm
PhenoAge as a whole. For instance, we observe that
higher DNAm PhenoAge is associated with increases in
the activation of proinflammatory pathways, such as
NF-kappaB; increased interferon (IFN) signaling;
decreases in ribosomal–related and translational

That being said, when the aim is to study the
mechanisms of the aging process, DNAm measures
have advantages over clinical measures. First, they may
better capture “pre-clinical aging” and thus may be
more suited for differentiating aging in children, young
adults, or extremely healthy individuals, for whom
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machinery pathways; and decreases in damage
recognition and repair pathways. These findings are
consistent with previous work describing aging
associated changes, comprising increases in dysregulated inflammatory activation, increased DNA damage,
and loss of translational fidelity. For instance, there
exists a large body of literature highlighting the
importance of an increased low-grade pro-inflammatory
status as a driver of the aging process, termed inflammaging [41, 48, 49]. IFN signaling pathways have been
shown to be markers of DNA damage and mediators of
cellular senescence[50]. Additionally, it has been shown
that breakdown of the transcriptional and translational
machinery may play a central role in the aging process
[51, 52]. For instance, the ribosome is believed to be a
key regulator of proteostasis, and in turn, aging [51, 53].
Relatedly, loss of integrity in DNA damage repair
pathways is considered another hallmark of the aging
process [54-56].

following various treatments. For instance, it remains to
be seen whether interventions can reverse
DNAmPhenoAge in the short term. Along these lines, it
will be essential to determine causality—does DNAm
drive the aging process, or is it simply a surrogate
marker of organismal senescence? If the former is true,
DNAm PhenoAge could provide insight into promising
targets for therapies aimed at lifespan, and more
importantly, healthspan extension.
Overall, DNAm PhenoAge is an attractive composite
biomarker that captures organismal age and the functional state of many organ systems and tissues, above
and beyond what is explained by chronological time.
Our validation studies in multiple large and independent
cohorts demonstrate that DNAm PhenoAge is a highly
robust predictor of both morbidity and mortality
outcomes, and represents a promising biomarker of
aging, which may prove to be beneficial to both basic
science and translational research.

In general, many of these pathways will have implications for adaptation to exogenous and endogenous
stressors. Factors related to stress resistance and
response have repeatedly been shown to be drivers of
differences in lifespan and aging [49, 57-61]. This may
partially account for our findings related to smoking. In
general, it is not surprising that a biomarker of aging
and mortality risk relates to smoking, given that life
expectancies of smokers are on average ten years shorter
than never smokers, and smoking history is associated
with a drastic increase in the risk of a number of agerelated conditions. However, perhaps more interestingly, we find that the effects of DNAm PhenoAge on
mortality appear to be higher for smokers than nonsmokers, which could suggest that DNAm PhenoAge
represent differences in innate resilience/ vulnerability to
pro-aging stressors, such as cigarette smoke.

METHODS
Using the NHANES training data, we applied a Cox
penalized regression model—where the hazard of
aging-related mortality (mortality from diseases of the
heart, malignant neoplasms, chronic lower respiratory
disease, cerebrovascular disease, Alzheimer’s disease,
Diabetes mellitus, nephritis, nephrotic syndrome, and
nephrosis) was regressed on forty-two clinical markers
and chronological age to select variables for inclusion in
our phenotypic age score. Ten-fold cross-validation was
employed to select the parameter value, lambda, for the
penalized regression. In order to develop a sparse
parsimonious phenotypic age estimator (fewer
biomarker variables preferred to produce robust results)
we selected a lambda of 0.0192, which represented a
one standard deviation increase over the lambda with
minimum mean-squared error during cross-validation
(Supplement 1, Fig. S13). Of the forty-two biomarkers
included in the penalized Cox regression model, this
resulted in ten variables (including chronological age)
that were selected for the phenotypic age predictor.

Interestingly, we observed moderately high heritability
estimates for DNAm PhenoAge. For instance, we
estimated that genetic differences accounted for onethird to one-half of the variance in DNAm PhenoAge,
relative to chronological age. In moving forward, it will
be useful to identify the genetic architecture underlying
differences in epigenetic aging. Finally, we reported
that individuals’ DNAm PhenoAges—relative to their
chronological ages—remained fairly stable over a nineyear period. However, it is unclear whether it is
attributable to genetic influences, or the fact that social
and behavioral characteristics tend to also remain stable
for most individuals.

These nine biomarkers and chronological age were then
included in a parametric proportional hazards model
based on the Gompertz distribution. Based on this
model, we estimated the 10-year (120 months)
mortality risk of the j-the individual. Next, the
mortality score was converted into units of years
(Supplement 1). The resulting phenotypic age estimate
was regressed on DNA methylation data using an
elastic net regression analysis. The penalization
parameter was chosen to minimize the cross validated
mean square error rate (Supplement 1, Fig. S14), which
resulted in 513 CpGs.

If the goal is to utilize accurate quantifiable measures of
the rate of aging, such as DNAm PhenoAge, to assess
the efficacy of aging interventions, more work will be
needed to evaluate the dynamics of DNAmPhenoAge

www.aging‐us.com

585

AGING

Clinical Coordinating Center: (Fred Hutchinson Cancer
Research Center, Seattle, WA) Garnet Anderson, Ross
Prentice, Andrea LaCroix, and Charles Kooperberg.

Estimation of blood cell counts based on DNAm
levels
We estimate blood cell counts using two different
software tools. First, Houseman's estimation method
[62] was used to estimate the proportions of CD8+ T
cells, CD4+ T, natural killer, B cells, and granulocytes
(mainly neutrophils). Second, the Horvath method,
implemented in the advanced analysis option of the
epigenetic clock software [11, 18], was used to estimate
the percentage of exhausted CD8+ T cells (defined as
CD28-CD45RA-), the number (count) of naïve CD8+ T
cells (defined as CD45RA+CCR7+) and plasmablasts.
We and others have shown that the estimated blood cell
counts have moderately high correlations with
corresponding flow cytometric measures [62, 63].

Investigators and Academic Centers: (Brigham and
Women's Hospital, Harvard Medical School, Boston,
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V. Howard; (Stanford Prevention Research Center,
Stanford, CA).
Marcia L. Stefanick; (The Ohio State University,
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(University at Buffalo, Buffalo, NY).
Jean Wactawski-Wende; (University of Florida,
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(University of Iowa, Iowa City/Davenport, IA) Robert
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Lewis Kuller; (Wake Forest University School of
Medicine, Winston-Salem, NC) Sally Shumaker.

Additional descriptions of methods and materials can be
found in Supplement 1.
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ABSTRACT
Both leukocyte telomere length (LTL) and DNA methylation age are strongly associated with chronological age.
One measure of DNA methylation age─ the extrinsic epigenetic age acceleration (EEAA)─ is highly predictive of
all‐cause mortality. We examined the relation between LTL and EEAA. LTL was measured by Southern blots and
leukocyte DNA methylation was determined using Illumina Infinium HumanMethylation450 BeadChip in
participants in the Women's Health Initiative (WHI; n=804), the Framingham Heart Study (FHS; n=909) and the
Bogalusa Heart study (BHS; n=826). EEAA was computed using 71 DNA methylation sites, further weighted by
proportions of naïve CD8+ T cells, memory CD8+ T cells, and plasmablasts. Shorter LTL was associated with in‐
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creased EEAA in participants from the WHI (r=‐0.16, p=3.1x10‐6). This finding was replicated in the FHS (r=‐0.09,
p=6.5x10‐3) and the BHS (r=‐0.07, p=3.8x 10‐2). LTL was also inversely related to proportions of memory CD8+ T
cells (p=4.04x10‐16) and positively related to proportions of naive CD8+ T cells (p=3.57x10‐14). These findings
suggest that for a given age, an individual whose blood contains comparatively more memory CD8+ T cells and
less naive CD8+ T cells would display a relatively shorter LTL and an older DNA methylation age, which jointly
explain the striking ability of EEAA to predict mortality.

INTRODUCTION
Aging eludes precise definition at the systemic level and
denotes a multitude of processes at the cellular level.
Two of these processes─ age-dependent telomere
shortening [1] and DNA methylation (DNAm) profiles
of cytosine phosphate guanines (CpGs) [2-4] have been
used as indices of biological age. The age estimates
resulting from multivariable regression models of
DNAm profiles are referred to as ‘DNAm age’ or
‘epigenetic age’.
The discrepancy between DNAm age and chronological
age is an estimate of the ‘epigenetic age acceleration’,
which has been found to increase in Down syndrome
[5], obesity [6], HIV [7] and early menopause [8].
Notably, measures of epigenetic age in blood have been
reported to be predictive of all-cause mortality after
adjusting for chronological age and traditional risk
factors such as sex, hypertension, and prior history of
disease [9-11]. A recent meta-analysis showed that
among several estimates of epigenetic age acceleration,
one particular measure, i.e., extrinsic epigenetic age
acceleration (EEAA), was superior in predicting allcause mortality [10], but the reason for this has
remained unclear. EEAA is defined as the weighted
average of DNAm age and imputed proportions of naïve
CD8+ T cells, memory CD8+ T cells and plasmablasts
[12]. Here we show a novel correlation between
leukocyte telomere length (LTL) and EEAA. We infer
that this correlation reflects the aging of the immune
system, as expressed in the age-dependent change of the
proportions of naive CD8+ T cells and memory CD8+ T
cells.

RESULTS
Major characteristics of participants from the WHI (the
discovery cohort), the FHS and the BHS are displayed
in Table S1 and Figure S1 (available as Supplementary
data on line).
In WHI, LTL was negatively correlated with
chronological age (r= -0.33, p = 1.9 x 10-22) (Figure 1).
LTL, adjusted for age, was also negatively correlated
with EEAA (r = -0.22, p = 2.7 x 10-10). This correlation
persisted after further adjustment for race/ethnicity, sex,
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BMI and current smoking status (r = -0.16, p = 3.1 x 106
) and was replicated in both FHS (r = -0.09, p = 6.5 x
10-3) and BHS (r = -0.07, p = 3.8 x 10-2) (Figure 1). In
sensitivity analyses using the WHI sample, the
relationship remained significant (p = 0.005) after
additional adjustment for the covariates: systolic and
diastolic blood pressure, education level, income,
diabetes, high density lipoprotein cholesterol, low
density lipoprotein cholesterol, triglycerides, and Creactive protein. Tests for interaction showed no
differences in LTL and EEAA associations by sex
(Table S2) or race/ethnicity (Table S3) after adjusting
for age, BMI, and current smoking status. Thus,
subsequent analyses were conducted on the pooled data
from all three cohorts.
As EEAA was built on specific 71 CpG sites described
by Hannum et al. [3] and further modified for imputed
proportions of naïve CD8+ T cells, memory CD8+ T
cells, and plasmablasts [12], its correlation with LTL
may be due to an intrinsic property of the CpG sites, the
leukocyte proportions, or both.
We therefore examined (first in WHI and then in FHS
and BHS) the relationship between LTL and imputed
proportions of these three cell populations. In WHI, the
proportion of naïve CD8+ T cells was positively
correlated with LTL (r = 0.19, p = 2.84 x 10-8) after
adjusting for age, sex, BMI, race/ethnicity, and current
smoking status (Table 1). This finding was consistent in
the two replication cohorts (r = 0.19, p = 3.53 x 10-9 in
FHS and r = 0.21, p = 2.47 x 10-9 in BHS). The
proportion of memory CD8+ T cells was negatively
correlated with LTL in WHI (r = -0.20, p =1.76 x 10-8)
and the replication cohorts (r = -0.16, p =1.06 x 10-6 in
FHS, and r = -0.18, p =1.50 x 10-7 in BHS). Plasmablast
proportion was negatively correlated with LTL in WHI
(r = -0.09, p = 0.01) but was not significant in the
replication cohorts (r = 0.03, p = 0.41 in FHS and r =
0.03, p = 0.35 in BHS). No sex or racial/ethnic
differences were detected in any of these correlations (p
> 0.05).
Meta-analyses, combining the three cohorts (Table 1),
showed that after adjustment for age, sex, race/ethnicity,
BMI and current smoking status, LTL was negatively
correlated, r = -0.12, with the EEAA at p = 7.32 x 10-5,

AGING

positively correlated with the proportion of naïve CD8+
T cells, r = 0.20, p = 3.57 x 10-14, and negatively
correlated with the proportion of memory CD8+ cells, r
= -0.18, p = 4.04 x 10-16. No significant correlations
were found between LTL and the proportion of
plasmablasts.

Chen et al. introduced a measure of epigenetic age
acceleration that was independent of cell proportions,
known as IEAA [10]. We examined the relation
between LTL and two versions of IEAA—one using the
Horvath set of CpGs [13] and one using the Hannum et
al. CpGs [3]. The IEAA using the Hannum CpGs was

Figure 1. Plots of leukocyte telomere length (LTL) against chronological age (upper row) and extrinsic epigenetic age
acceleration (EEAA) (second and third rows). Second row displays unadjusted EEAA. Third row displays EEAA adjusted for BMI,
sex, race/ethnicity, and current smoking status. First column displays associations for the Women's Health Initiative (WHI, n=804).
Second column displays associations for the Framingham Heart Study (FHS, n=909). Third column displays associations for the Bogalusa
Heart Study (BHS, n=826).
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not associated with LTL (WHI: r = -0.05, p = 0.16;
FHS: r = 0.01, p = 0.88; BHS: r = 0.02, p = 0.66). The
IEAA using the Horvath CpGs was not associated with
LTL in WHI (r = -0.05, p = 0.12) and FHS (r = 0, p =
0.95) but was significant in BHS (r = 0.08, p = 0.016).
Finally, we performed two additional sets of analyses to
ascertain that the correlation between LTL and EAAA
arises from correlation between LTL and CD8 + T cells.
First, we adjusted for the proportions naïve CD8+ T
cells, memory CD8+ cells and plasmablasts. This led to
non-significant correlations between LTL and EEAA in
all cohorts (WHI: r = -0.04, p = 0.28; FHS: r = 0, p =
0.99; BHS: r = 0.04, p = 0.31). Second, we also
examined EEAA using another set of CpG sites,
described by Horvath [14]. This latter measure of
EEAA showed similar associations in WHI (r = -0.18, p
= 1.9 x 10-7) and FHS (r = -0.11, p = 1.1 x 10-3) but was
not significant in BHS (r = -0.03, p = 0.36).

DISCUSSION
The two key observations of this study are: (a) LTL is
inversely correlated with EEAA; and (b) the LTL-EEAA

correlation largely reflects the proportions of imputed
naïve and memory CD8+ T cell populations in the
leukocytes from which DNA was extracted. These
correlations were independently replicated in two wellcharacterized cohorts, providing confidence in their
validity. To our knowledge, this is the first study
showing association between LTL and a specific
formulation of the epigenetic age, but only when it was
weighted by the proportions of T naïve cells, T memory
cells and plasmoblats (i.e., the EEAA). A previous
study, using the Hannum formulation [3], showed no
significant association between LTL and epigenetic age
[14]. Overall, these findings might explain the ability of
EEAA to predict all-cause mortality, given that EEAA
captures not only leukocyte DNAm age but also a key
aspect of immune senescence (principally naïve and
memory T cells), which increases risks of a host of agerelated diseases and of death [15].
TL in every leukocyte lineage generally reflects the
individual’s TL across somatic cells [16,17], which is
highly heritable [18,19], but highly variable between
individuals. Such variability (SD ~ 0.7 kb) is already
displayed across newborns [20-22]. After birth, TL

Table 1. Partial correlation coefficients (Pearson) and linear regression
coefficients for associations of leukocyte telomere length with blood cell
subpopulations in three cohorts (WHI, FHS, BHS).
CD8+ naïve

CD8+ memory

Plasmablasts

WHI*

r (Pearson)
beta
p-value

0.19
0.0023
2.8x10-8

-0.20
-0.031
1.8x10-8

-0.09
-0.229
0.01

FHS

BHS

r (Pearson)
beta
p-value
r (Pearson)

0.19
0.0026
3.5x10-9
0.21

-0.16
-0.025
1.1x10-6
-0.18

0.03
0.076
0.41
0.03

Meta-analysis†

beta
p-value
r (Pearson)

0.0037
2.5x10-9
0.20

-0.038
1.5x10-7
-0.18

0.148
0.35
-0.01

beta
p-value

0.0027
3.6x10-14

-0.030
4.0 x10-16

-0.018
0.88

* Discovery cohort; †Meta‐analysis of correlation coefficients was conducted using the
DerSimonian‐Laird random‐effects meta‐analytical approach. Meta‐analysis of linear
regression beta coefficients was conducted using a random effects model with the
DerSimonian‐Laird estimator. WHI = Women’s Health Initiative; FHS = Framingham Heart
Study; BHS = Bogalusa Heart Study. All associations adjusted for age, sex, BMI,
race/ethnicity, and current smoking status (regression model: Telomere length in kb =
Cell Proportion + age (in FHS and BHS) + sex + BMI + race (in WHI and BHS) + current
smoking).
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shortening in leukocyte lineages reflects hematopoietic
stem cell replication. In a subset of leukocyte lineages,
replication continues in sites outside the bone marrow,
including the thymus and secondary lymphoid organs,
where antigenic stimulation induces their further
proliferation and differentiation [23].
The involution of the thymus with aging brings about
the progressive, age-dependent decline in the proportion
of naïve CD8+ T cells with the concomitant increase in
the proportion of memory CD8+ T cells (Figure S2) [2326]. Decreasing naïve T-cell number may affect
immune function and competence and in part explains
the declining cellular immune function observed with
aging [27]. For example, both the number and diversity
of T cell populations correlate with vaccine response
and resistance to opportunistic infections [28,29]. As
TL is shorter and (in vitro) proliferative potential is
compromised in memory compared to naïve cells
[21,30], LTL would be comparatively shorter when a
high proportion of memory CD8+ T cells is present in a
sample of leukocytes. In contrast, LTL would be
comparatively longer when a high proportion of naive
CD8+ T cells is present in the sample. From this
perspective, for a given age, an individual with comparatively more memory CD8+ T cells and less naive
CD8+ T cells appears to have an older biological profile
of the immune system; such an individual also displays
a shorter age-adjusted LTL and an older EEAA profile.
This inference has considerable ramifications for the two
competing views about the biological meaning of LTL
dynamics (LTL at birth and its shortening thereafter).
The first and more popular view considers LTL as a
biomarker─ a ‘telomeric clock’─ of human aging.
However, given that LTL variation across newborns is
as wide as that in adults [20-22], the ‘telomeric clock’
does not start at the same zero ‘biological time’ in
different individuals [31].
For this reason, the second view suggests that although
in itself LTL is an inadequate marker of human aging, it
can forecast major aging-related diseases [32]. As LTL
is highly heritable [18,19], having constitutively short
(or long) telomeres precedes the onset of LTLassociated diseases by decades [33,34]. It is thus likely
that TL might play an active role in disease
development. This conjecture is supported by findings
that not only LTL but also LTL-associated alleles are
associated with the incidence of two major disease
categories─ cardiovascular disease and cancer [32,35].
Such findings largely exclude reverse causality, i.e., the
possibility that cardiovascular disease, major cancers or
their underlying causes bring about changes in LTL.
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These competing interpretations of the biological
meaning of LTL are not mutually exclusive for the
following reasons: Because of wide LTL variation
between newborns, only a fraction of the interindividual variation in LTL between adults reflects
variation in age-dependent LTL shortening after birth.
Herein lies the relevance of the correlations of LTL
with EEAA and with the relative numbers of naïve and
memory CD8+ T cells. As TL shortening in T cells of
adults reflects their antigen-mediated replicative
histories, the associations of LTL with EEAA (and
naïve and memory CD8+ T cells) suggest that the
shortening of LTL with age captures, in part, the aging
of the immune system. Thus, age-dependent variation in
LTL shortening might partially record different histories
of the immune responses in different individuals under
different environmental settings.
Notably, in the FHS, LTL and DNAm were measured
10 years apart (Materials and Methods), but we doubt
that this 10-year gap had major influence on the
findings, given that LTL in adults displays strong
tracking, such that individuals maintain their
comparative LTL ranking throughout adulthood
[33,34]. In fact, the age-dependent trajectories of not
only LTL [17,33,34] but also DNAm age [36] are
largely determined prior to adulthood. As the immune
system is primarily fashioned during early life [37], it is
reasonable to propose that to gain further mechanistic
insight, the focus of studying both LTL and epigenetic
age should be shifted from adults to children.
Finally, our findings are based on imputation using the
DNA Methylation Age Calculator (Materials and
Methods) rather than direct measurements of the
numbers of T cells. There is no reason to believe that
direct measurements of T cells would have generated
different conclusions, albeit the absolute values of the
LTL-EEAA might have been slightly different. In fact,
DNAm profiling may provide a valuable tool to follow
LTL dynamics under different environmental settings in
relation to changing proportions of naïve and memory
CD8+ T cells without the necessity to resort to direct
measurements of the numbers of these cells. Such an
approach may enable stored DNA samples to be
reexamined for the study of LTL and lymphocyte
population dynamics.

MATERIALS AND METHODS
Participants originated from the Women’s Health
Initiative (WHI), the Framingham Heart Study (FHS)
and the Bogalusa Heart Study (BHS); all signed
informed consents approved by respective institutional
review boards. All participants consented for the use of
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their DNA in genetic research. Analytic codes can be
obtained from authors (BHC, CLC) upon request.

variation for blinded pair sets was 2.0% for the WHI,
1.4% for the BHS and 2.4% for the FHS.

Women's Health Initiative

Extrinsic Epigenetic Age Acceleration (EEAA) and
Intrinsic Epigenetic Age Acceleration (IEAA)

Details on the WHI have been published previously [3840]. The cohort comprised white (of European ancestry)
and African American postmenopausal women with
both LTL and DNAm age measures in blood samples
collected at baseline (1993-98). These women were part
of two WHI ancillary studies measuring LTL or DNAm
age. Data are available from this page:
https://www.whi.org/researchers/Stories/June%202015
%20WHI%20Investigators'%20Datasets%20Released.a
spx; also see the following link:
https://www.whi.org/researchers/data/Documents/WHI
%20Data%20Preparation%20and%20Use.pdf
Framingham Heart Study
The FHS Offspring Cohort began enrollment in 1971
and included offspring and spouses of the offspring of
the FHS original cohort. LTL was measured in samples
from the sixth examination (1995-1998); DNAm
analysis was performed on samples from the eighth
examination (2005-2008). These populations were
described previously [41-43]. The FHS data are
available
in
dbGaP
(accession
number
"phs000724.v2.p9").
Bogalusa Heart Study
The BHS is a study of the natural history of
cardiovascular disease beginning in childhood in the
biracial community (65% white, 35% African American)
of Bogalusa, Louisiana [44]. LTL data were available for
participants, who had blood samples collected on 2
occasions, a baseline examination in 1995–1996 and a
follow-up examination in 2001–2006. The LTL and
DNAm analyses were performed on samples from the
latter examination. The longitudinal cardiovascular risk
factor phenotype and genotype data of the BHS cohort
are available via application through the NHLBI Biologic
Specimen and Data Repository Information Coordinating
Center website ( https: //biolincc.nhlbi.nih.gov/studies/
bhs). The longitu-dinal datasets of risk factor variables
since childhood, calculated variables, LTL and genomewide DNA methylation data generated from the proposed
study will be made available to outside researchers on
this website.
Leukocyte telomere length measurements
LTL was measured by the mean length terminal
restriction fragments using the Southern blot method, as
previously described [45]. The inter-assay coefficient of

www.aging‐us.com

1988

EEAA was defined as the residual variation resulting
from a univariate model regressing the epigenetic age
described by Hannum et al. on chronological age [3],
which was further weighted by the proportions of 3 cell
types: naïve (CD8+CD45RA+CCR7+) T cells, memory
(CD8+CD28-CD45RA-) T cells, and plasmablasts; the
weights were determined by the correlation between the
respective variable and chronological age [46]. The cell
proportions were estimated from the DNAm data, as
implemented in the online DNA Methylation Age
Calculator (https://dnamage.genetics.ucla.edu/).
By construction, EEAA is positively correlated with the
memory CD8+ T cells, plasmablast cells, and negatively
correlated with naïve CD8+ T cells. Thus, EEAA
captures both age-related DNAm changes and agerelated changes in the composition of naïve T cells,
memory T cells and plasmablasts.
We have also examined the correlation between LTL
and IEAA, which was calculated as the residual
resulting from multivariate regression of the epigenetic
age on chronological age and estimated numbers of
naive CD8+ T cells, memory CD8+ T cells, plasmablasts, CD4+ T cells, natural killer cells, monocytes, and
granulocytes. By definition, IEAA is not correlated with
chronological age and is, at most, only very weakly
correlated with measures of leukocyte counts. IEAA is
meant to capture properties of the aging process that
exhibit some preservation across various cell and tissue
types and organs.
DNA methylation quantification
Bisulfite treated genomic DNA was hybridized to the
Illumina Infinium HumanMethylation450 BeadChip
(Illumina, Inc, San Diego, CA, USA). Backgroundcorrected DNAm beta values were uploaded to the
online DNA Methylation Age Calculator to obtain age
acceleration measures.
Statistical analysis
Cohort differences for continuous and categorical
variables were tested using one-way ANOVA or
Fisher's exact tests, respectively. Sex and race
interactions were tested using a Wald test. Beta
coefficients were estimated using linear regression with
DNAm age as the dependent variable and LTL as the
independent variable, adjusted for age, body mass index
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(BMI), and current smoking status. Partial correlation
coefficients were adjusted for age, BMI, and current
smoking status using the pcor command in the ppcor R
package [47]. Meta-analysis of correlation coefficients
was conducted using the DerSimonian-Laird randomeffects meta-analytical approach using the metacor.DSL
command in the metacor R package. Meta-analysis of
linear regression estimates was conducted using the
DerSimonian-Laird random-effects model implemented
in the rma command in the metafor R package. Tests
for differences between two correlations was conducted using the r. test command in the psych R
package [48].

REFERENCES
1.

Blackburn EH, Epel ES, Lin J. Human telomere biology:
A contributory and interactive factor in aging, disease
risks, and protection. Science. 2015; 350:1193–98.
https://doi.org/10.1126/science.aab3389

2.

Bocklandt S, Lin W, Sehl ME, Sánchez FJ, Sinsheimer
JS, Horvath S, Vilain E. Epigenetic predictor of age.
PLoS One. 2011; 6:e14821.
https://doi.org/10.1371/journal.pone.0014821

3.

Hannum G, Guinney J, Zhao L, Zhang L, Hughes G,
Sadda S, Klotzle B, Bibikova M, Fan JB, Gao Y,
Deconde R, Chen M, Rajapakse I, et al. Genome‐wide
methylation profiles reveal quantitative views of
human aging rates. Mol Cell. 2013; 49:359–67.
https://doi.org/10.1016/j.molcel.2012.10.016

4.

Horvath S. DNA methylation age of human tissues
and cell types. Genome Biol. 2013; 14:R115.
https://doi.org/10.1186/gb‐2013‐14‐10‐r115

5.

Horvath S, Garagnani P, Bacalini MG, Pirazzini C,
Salvioli S, Gentilini D, Di Blasio AM, Giuliani C, Tung S,
Vinters HV, Franceschi C. Accelerated epigenetic
aging in Down syndrome. Aging Cell. 2015; 14:491–
95. https://doi.org/10.1111/acel.12325

6.

Horvath S, Erhart W, Brosch M, Ammerpohl O, von
Schönfels W, Ahrens M, Heits N, Bell JT, Tsai PC,
Spector TD, Deloukas P, Siebert R, Sipos B, et al.
Obesity accelerates epigenetic aging of human liver.
Proc Natl Acad Sci USA. 2014; 111:15538–43.
https://doi.org/10.1073/pnas.1412759111

7.

Horvath S, Levine AJ. HIV‐1 infection accelerates age
according to the epigenetic clock. J Infect Dis. 2015;
212:1563–73. https://doi.org/10.1093/infdis/jiv277

8.

Levine ME, Lu AT, Chen BH, Hernandez DG, Singleton
AB, Ferrucci L, Bandinelli S, Salfati E, Manson JE,
Quach A, Kusters CD, Kuh D, Wong A, et al.
Menopause accelerates biological aging. Proc Natl
Acad Sci USA. 2016; 113:9327–32.
https://doi.org/10.1073/pnas.1604558113

9.

Marioni RE, Shah S, McRae AF, Chen BH, Colicino E,
Harris SE, Gibson J, Henders AK, Redmond P, Cox SR,
Pattie A, Corley J, Murphy L, et al. DNA methylation
age of blood predicts all‐cause mortality in later life.
Genome Biol. 2015; 16:25.
https://doi.org/10.1186/s13059‐015‐0584‐6

ACKNOWLEDGEMENTS
We would like to acknowledge the following WHI
investigators. Program Office: (National Heart, Lung,
and Blood Institute, Bethesda, Maryland) Jacques
Rossouw, Shari Ludlam, Dale Burwen, Joan McGowan,
Leslie Ford, and Nancy Geller. Clinical Coordinating
Center: (Fred Hutchinson Cancer Research Center,
Seattle, WA) Garnet Anderson, Ross Prentice, Andrea
LaCroix, and Charles Kooperberg. Investigators and
Academic Centers: (Brigham and Women's Hospital,
Harvard Medical School, Boston, MA) Barbara V.
Howard; (Stanford Prevention Research Center,
Stanford, CA) Marcia L. Stefanick; (The Ohio State
University, Columbus, OH) Rebecca Jackson;
(University of Arizona, Tucson/Phoenix, AZ) Cynthia
A. Thomson; (University at Buffalo, Buffalo, NY) Jean
Wactawski-Wende; (University of Florida, Gainesville/
Jacksonville, FL) Marian Limacher; (University of
Iowa, Iowa City/Davenport, IA) Robert Wallace;
(University of Pittsburgh, Pittsburgh, PA) Lewis Kuller;
(Wake Forest University School of Medicine, WinstonSalem, NC) Sally Shumaker. Women’s Health Initiative
Memory Study: (Wake Forest University School of
Medicine, Winston-Salem, NC) Sally Shumaker. The
views expressed in this manuscript are those of the
authors and do not necessarily represent the views of
the National Heart, Lung, and Blood Institute; the
National Institutes of Health; or the U.S. Department of
Health and Human Services.

CONFLICTS OF INTEREST
There are no conflicts of interest.

FUNDING
This work was supported by the National Institutes of
Health: contract number HHSN268201300007C,
NIH/NHLBI 60442456 BAA23 (Assimes, Absher,
Horvath). SH was supported by NIH/NIA
U34AG051425-01 (Horvath).

www.aging‐us.com

1989

10. Chen BH, Marioni RE, Colicino E, Peters MJ, Ward‐
Caviness CK, Tsai PC, Roetker NS, Just AC, Demerath
EW, Guan W, Bressler J, Fornage M, Studenski S, et al.
DNA methylation‐based measures of biological age:
meta‐analysis predicting time to death. Aging (Albany
NY). 2016; 8:1844–65.
https://doi.org/10.18632/aging.101020

AGING

11. Christiansen L, Lenart A, Tan Q, Vaupel JW, Aviv A,
McGue M, Christensen K. DNA methylation age is
associated with mortality in a longitudinal Danish
twin study. Aging Cell. 2016; 15:149–54.
https://doi.org/10.1111/acel.12421

22. Okuda K, Bardeguez A, Gardner JP, Rodriguez P,
Ganesh V, Kimura M, Skurnick J, Awad G, Aviv A.
Telomere length in the newborn. Pediatr Res. 2002;
52:377–81.
https://doi.org/10.1203/00006450‐
200209000‐00012

12. Horvath S, Levine AJ. HIV‐1 Infection Accelerates Age
According to the Epigenetic Clock. J Infect Dis. 2015;
212:1563–73. https://doi.org/10.1093/infdis/jiv277

23. Nikolich‐Žugich J. Aging of the T cell compartment in
mice and humans: from no naive expectations to
foggy memories. J Immunol. 2014; 193:2622–29.
https://doi.org/10.4049/jimmunol.1401174

13. Horvath S. DNA methylation age of human tissues
and cell types. Genome Biol. 2013; 14:R115.
https://doi.org/10.1186/gb‐2013‐14‐10‐r115
14. Marioni RE, Harris SE, Shah S, McRae AF, von Zglinicki
T, Martin‐Ruiz C, Wray NR, Visscher PM, Deary IJ. The
epigenetic clock and telomere length are
independently associated with chronological age and
mortality. Int J Epidemiol. 2016; Epub ahead of print.
https://doi.org/10.1093/ije/dyw041
15. Jagger A, Shimojima Y, Goronzy JJ, Weyand CM.
Regulatory T cells and the immune aging process: a
mini‐review.
Gerontology.
2014;
60:130–37.
https://doi.org/10.1159/000355303
16. Kimura M, Gazitt Y, Cao X, Zhao X, Lansdorp PM, Aviv
A. Synchrony of telomere length among
hematopoietic cells. Exp Hematol. 2010; 38:854–59.
https://doi.org/10.1016/j.exphem.2010.06.010
17. Daniali L, Benetos A, Susser E, Kark JD, Labat C,
Kimura M, Desai K, Granick M, Aviv A. Telomeres
shorten at equivalent rates in somatic tissues of
adults. Nat Commun. 2013; 4:1597.
https://doi.org/10.1038/ncomms2602
18. Hjelmborg JB, Dalgård C, Möller S, Steenstrup T,
Kimura M, Christensen K, Kyvik KO, Aviv A. The
heritability of leucocyte telomere length dynamics. J
Med Genet. 2015; 52:297–302.
https://doi.org/10.1136/jmedgenet‐2014‐102736
19. Slagboom PE, Droog S, Boomsma DI. Genetic
determination of telomere size in humans: a twin
study of three age groups. Am J Hum Genet. 1994;
55:876–82.
20. Factor‐Litvak P, Susser E, Kezios K, McKeague I, Kark
JD, Hoffman M, Kimura M, Wapner R, Aviv A.
Leukocyte Telomere Length in Newborns:
Implications for the Role of Telomeres in Human
Disease.
Pediatrics.
2016;
137:e20153927.
https://doi.org/10.1542/peds.2015‐3927
21. Aubert G, Baerlocher GM, Vulto I, Poon SS, Lansdorp
PM. Collapse of telomere homeostasis in hemato‐
poietic cells caused by heterozygous mutations in
telomerase genes. PLoS Genet. 2012; 8:e1002696.
https://doi.org/10.1371/journal.pgen.1002696

www.aging‐us.com

1990

24. Hamann D, Roos MT, van Lier RA. Faces and phases of
human CD8 T‐cell development. Immunol Today.
1999; 20:177–80. https://doi.org/10.1016/S0167‐
5699(99)01444‐9
25. Chou JP, Effros RB. T cell replicative senescence in
human aging. Curr Pharm Des. 2013; 19:1680–98.
26. Weng NP, Akbar AN, Goronzy J. CD28(‐) T cells: their
role in the age‐associated decline of immune
function. Trends Immunol. 2009; 30:306–12.
https://doi.org/10.1016/j.it.2009.03.013
27. Appay V, Sauce D. Naive T cells: the crux of cellular
immune aging? Exp Gerontol. 2014; 54:90–93.
https://doi.org/10.1016/j.exger.2014.01.003
28. Lewin SR, Heller G, Zhang L, Rodrigues E, Skulsky E,
van den Brink MR, Small TN, Kernan NA, O’Reilly RJ,
Ho DD, Young JW. Direct evidence for new T‐cell
generation by patients after either T‐cell‐depleted or
unmodified allogeneic hematopoietic stem cell
transplantations. Blood. 2002; 100:2235–42.
29. Roux E, Dumont‐Girard F, Starobinski M, Siegrist CA,
Helg C, Chapuis B, Roosnek E. Recovery of immune
reactivity after T‐cell‐depleted bone marrow
transplantation depends on thymic activity. Blood.
2000; 96:2299–303.
30. Weng NP, Levine BL, June CH, Hodes RJ. Human naive
and memory T lymphocytes differ in telomeric length
and replicative potential. Proc Natl Acad Sci USA.
1995; 92:11091–94.
https://doi.org/10.1073/pnas.92.24.11091
31. Aviv A, Kark JD, Susser E. Telomeres, atherosclerosis,
and human longevity: a causal hypothesis.
Epidemiology. 2015; 26:295–99.
https://doi.org/10.1097/EDE.0000000000000280
32. Stone RC, Horvath K, Kark JD, Susser E, Tishkoff SA,
Aviv A. Telomere Length and the Cancer‐
Atherosclerosis Trade‐Off. PLoS Genet. 2016;
12:e1006144.
https://doi.org/10.1371/journal.pgen.1006144
33. Benetos A, Kark JD, Susser E, Kimura M, Sinnreich R,
Chen W, Steenstrup T, Christensen K, Herbig U, von
Bornemann Hjelmborg J, Srinivasan SR, Berenson GS,
Labat C, Aviv A. Tracking and fixed ranking of

AGING

leukocyte telomere length across the adult life
course. Aging Cell. 2013; 12:615–21.
https://doi.org/10.1111/acel.12086

disease in families. The Framingham offspring study.
Am J Epidemiol. 1979; 110:281–90.
https://doi.org/10.1093/oxfordjournals.aje.a112813

34. Toupance S, Labat C, Temmar M, Rossignol P, Kimura
M, Aviv A, Benetos A. Short Telomeres, but Not
Telomere Attrition Rates, Are Associated With Carotid
Atherosclerosis. Hypertension. 2017; 70:420–25.
https://doi.org/10.1161/HYPERTENSIONAHA.117.093
54

43. Demissie S, Levy D, Benjamin EJ, Cupples LA, Gardner
JP, Herbert A, Kimura M, Larson MG, Meigs JB,
Keaney JF, Aviv A. Insulin resistance, oxidative stress,
hypertension, and leukocyte telomere length in men
from the Framingham Heart Study. Aging Cell. 2006;
5:325–30.
https://doi.org/10.1111/j.1474‐
9726.2006.00224.x

35. Haycock PC, Burgess S, Nounu A, Zheng J, Okoli GN,
Bowden J, Wade KH, Timpson NJ, Evans DM, Willeit P,
Aviv A, Gaunt TR, Hemani G, et al, and Telomeres
Mendelian Randomization Collaboration. Association
between telomere length and risk of cancer and non‐
neoplastic diseases: a mendelian randomization
study. JAMA Oncol. 2017; 3:636–51; Epub ahead of
print. https://doi.org/10.1001/jamaoncol.2016.5945
36. Kananen L, Marttila S, Nevalainen T, Kummola L,
Junttila I, Mononen N, Kähönen M, Raitakari OT,
Hervonen A, Jylhä M, Lehtimäki T, Hurme M, Jylhävä
J. The trajectory of the blood DNA methylome ageing
rate is largely set before adulthood: evidence from
two longitudinal studies. Age (Dordr). 2016; 38:65.
https://doi.org/10.1007/s11357‐016‐9927‐9
37. Gensollen T, Iyer SS, Kasper DL, Blumberg RS. How
colonization by microbiota in early life shapes the
immune system. Science. 2016; 352:539–44.
https://doi.org/10.1126/science.aad9378
38. The Women’s Health Initiative Study Group. Design of
the Women’s Health Initiative clinical trial and
observational study. Control Clin Trials. 1998; 19:61–
109. https://doi.org/10.1016/S0197‐2456(97)00078‐0

44. The Bogalusa Heart Study 20th Anniversary
Symposium. Am J Med Sci. 1995; 310:S1–138.
https://doi.org/10.1097/00000441‐199512000‐00001
45. Kimura M, Stone RC, Hunt SC, Skurnick J, Lu X, Cao X,
Harley CB, Aviv A. Measurement of telomere length
by the Southern blot analysis of terminal restriction
fragment lengths. Nat Protoc. 2010; 5:1596–607.
https://doi.org/10.1038/nprot.2010.124
46. Klemera P, Doubal S. A new approach to the concept
and computation of biological age. Mech Ageing Dev.
2006; 127:240–48.
https://doi.org/10.1016/j.mad.2005.10.004
47. Kim S. ppcor: An R Package for a Fast Calculation to
Semi‐partial Correlation Coefficients. Commun Stat
Appl Methods. 2015; 22:665–74.
https://doi.org/10.5351/CSAM.2015.22.6.665
48. Steiger JH. Tests for Comparing Elements of a
Correlation Matrix. Psychol Bull. 1980; 87:245–51.
https://doi.org/10.1037/0033‐2909.87.2.245

39. Anderson GL, Manson J, Wallace R, Lund B, Hall D,
Davis S, Shumaker S, Wang CY, Stein E, Prentice RL.
Implementation of the Women’s Health Initiative
study design. Ann Epidemiol. 2003 (Suppl ); 13:S5–17.
https://doi.org/10.1016/S1047‐2797(03)00043‐7
40. Carty CL, Kooperberg C, Liu J, Herndon M, Assimes T,
Hou L, Kroenke CH, LaCroix AZ, Kimura M, Aviv A,
Reiner AP. Leukocyte Telomere Length and Risks of
Incident Coronary Heart Disease and Mortality in a
Racially Diverse Population of Postmenopausal
Women. Arterioscler Thromb Vasc Biol. 2015;
35:2225–31.
https://doi.org/10.1161/ATVBAHA.115.305838
41. Feinleib M, Kannel WB, Garrison RJ, McNamara PM,
Castelli WP. The Framingham Offspring Study. Design
and preliminary data. Prev Med. 1975; 4:518–25.
https://doi.org/10.1016/0091‐7435(75)90037‐7
42. Kannel WB, Feinleib M, McNamara PM, Garrison RJ,
Castelli WP. An investigation of coronary heart

www.aging‐us.com

1991

AGING

SUPPLEMENTAL MATERIAL

Table S1. Study population characteristics.
Variable
Sample size, n

WHI
804

FHS
909

BHS
826

Median age in years, (25th and
75th percentiles)

66 (60, 70)

66 (61, 74)a

44 (40, 47)

Female sex (n, %)

804 (100%)

469 (52%)

470 (57%)

29.31
(25.51, 33.50)

27.58
(24.69, 30.66)

29.34
(25.62, 34.65)

Current smoker (n, %)

95 (12%)

91 (10%)

224 (27%)

Race/ethnicity (n, %)
White
African American

467 (58%)
337 (42%)

917 (100%)
0 (0%)

576 (70%)
250 (30%)

6.96 (6.58, 7.39)
-0.21 (-3.69, 3.14)

6.85 (6.45, 7.39)
-0.27 (-2.81, 2.72)

Median BMI in kg/m2 (25th and
75th percentiles)

Median biomarker distributions (25th and 75th percentiles)
LTL (kb)
6.87 (6.47, 7.31)
-0.83 (-4.94, 2.89)
EEAA (years)†
†

Extrinsic epigenetic age acceleration (EEAA) a Represents age at sample collection for DNA methylation.
Age at LTL sample collection was median=57, 25th percentile=52, and 75th percentile=65 years of age.

Table S2. Sex‐specific associations for leukocyte telomere length (kb)
and extrinsic epigenetic age acceleration (years). All models adjusted
for age, body mass index, race (BHS only) and smoking status.
Cohort

Sex

Beta* (p-value)

Male
Female

Partial correlation
coefficient (p-value)
-0.08 (0.09)
-0.11 (0.02)

FHS
BHS

Male
Female

-0.04 (0.47)
-0.11 (0.02)

-0.24 (0.47)
-0.63 (0.02)

-0.78 (0.09)
-1.03 (0.02)

* Regression model (stratified by sex): EEAA = leukocyte telomere length +
age + BMI + race (in BHS) + smoking.**Wald test for differences in beta
coefficients across sexes were p=0.58 for FHS and p=0.34 for BHS.
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Table S3. Race‐specific associations for leukocyte telomere length (kb) and
extrinsic epigenetic age acceleration (years). All models adjusted for age,
body mass index, sex (BHS only) and smoking status.
Cohort

Sex

WHI

White
African
American

BHS

White
African
American

Partial correlation coefficient
(p-value)
-0.17 (0.0003)
-0.19 (0.0004)

Beta* (p-value)
-1.72 (0.0003)
-2.21 (0.0004)

-0.06 (0.15)
-0.10 (0.12)

-0.35 (0.15)
-0.65 (0.12)

* Regression model (stratified by race/ethnicity): EEAA = leukocyte telomere length +
age + BMI + sex (BHS only) smoking. ** Wald test for differences in beta coefficients
across racial/ethnic groups were p= 0.33 for WHI and p=0.50 for BHS.
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Figure S1. Kernel density distributions across study populations for (A) chronological age,
(B) leukocyte telomere length, (C) extrinsic epigenetic age acceleration. Blue=Bogalusa Heart
Study. Red=Framingham Heart Study. Black=Women's Health Initiative.
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Figure S2. Plots of cell abundances for naïve CD8+ T cells (row 1) and memory CD8+ T cells (row 2) against chronological age by
cohort. Women's Health Initiative (WHI) in column 1. Framingham Heart Study (FHS) in column 2. Bogalusa Heart Study (BHS) in
column 3. Cell proportions were estimated from DNA methylation data. The lack of significant correlation in the BHS between
+
memory CD8 T cells and age may be attributable to the younger age and narrower age range in BHS compared to WHI and FHS.
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ABSTRACT
Individuals suffering from Werner syndrome (WS) exhibit many clinical signs of accelerated aging. While the
underlying constitutional mutation leads to accelerated rates of DNA damage, it is not yet known whether WS
is also associated with an increased epigenetic age according to a DNA methylation based biomarker of aging
(the "Epigenetic Clock"). Using whole blood methylation data from 18 WS cases and 18 age matched controls,
we find that WS is associated with increased extrinsic epigenetic age acceleration (p=0.0072) and intrinsic
epigenetic age acceleration (p=0.04), the latter of which is independent of age‐related changes in the
composition of peripheral blood cells. A multivariate model analysis reveals that WS is associated with an
increase in DNA methylation age (on average 6.4 years, p=0.011) even after adjusting for chronological age,
gender, and blood cell counts. Further, WS might be associated with a reduction in naïve CD8+ T cells (p=0.025)
according to imputed measures of blood cell counts. Overall, this study shows that WS is associated with an
increased epigenetic age of blood cells which is independent of changes in blood cell composition. The extent to
which this alteration is a cause or effect of WS disease phenotypes remains unknown.

INTRODUCTION
Werner syndrome (WS, OMIM: 277700) is an
autosomal recessive progeroid syndrome characterized
by the appearance of multiple features of aging beginning in early adulthood. Approximately 90% of
individuals presenting with WS have mutations in the
WRN gene, which encodes a 1432 amino acid protein
with a central domain characteristic of members of the
Rec Q family of helicases. The clinical phenotype of
WS includes scleroderma-like skin changes, bilateral
ocular cataracts, type 2 diabetes mellitus, osteoporosis,
hypogonadism, and atherosclerosis. The most common
causes of death are cancer and myocardial infarction
and the average age at death is 54 years [1, 2].
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Little is known about the association of epigenetic
alterations with WS. Several recent studies have
proposed to measure the physiological age of tissue
samples by combining the DNA methylation levels of
multiple dinucleotide markers, known as Cytosine
phosphate Guanines or CpGs [3-7]. In particular, the
“Epigenetic Clock” was developed to measure the age
of sorted human cell types (CD4+ T cells or neurons),
all tissues, and organs including blood, brain, breast,
kidney, liver, and lung [6]. The epigenetic clock is
defined as a weighted average across 353 CpG sites.
The resulting age estimate (in units of years) is referred
to as "DNA methylation age" (DNAm age) or
"epigenetic age". Recent studies support the idea that
epigenetic age estimates are at least passive biomarkers
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of biological age. For instance, the epigenetic age of
blood has been found to be predictive of all-cause
mortality [8-12], frailty [13], lung cancer [14], and
cognitive and physical functioning [15]. Further, the
utility of the epigenetic clock method using various
tissues and organs has been demonstrated in studies of
Alzheimer's disease [16], centenarian status [10, 17],
Down syndrome [18], HIV infection [19], Huntington's
disease [20], obesity [21], lifetime stress [22], menopause
[23], osteoarthritis [24], and Parkinson's disease [25].
Despite many diverse applications of the epigenetic
clock, we are not aware of any studies that have analyzed
epigenetic aging rates in WS.
Here we show for the first time that measures of
epigenetic age acceleration are indeed associated with
WS status. Different from typical epigenome-wide asso-

ciation studies (EWAS) that interrogate individual
CpGs, the current study posits a single hypothesis: WS
is associated with epigenetic age acceleration in blood
cells. In a secondary analysis, we also relate WS status
to abundance measures of blood cell types that were
estimated using DNA methylation data.

RESULTS
Subjects and tissue
We analyzed DNA methylation levels by the Illumina
Infinium MethylationEPIC BeadChip in whole blood of
18 patients with confirmed mutations in the WRN gene
(16 male, 2 female) and 18 controls, which were
matched for age and for gender (with one exception: 15
male, 3 female) (Table 1).

Figure 1. Epigenetic age analysis of Werner syndrome. (A) DNA methylation age (y‐axis) versus chronological age (x‐axis).
Dots correspond to subjects and are colored by WS status (red=case, black=control). We define three measures of epigenetic age
acceleration. (B) presents results for the "universal" measure of epigenetic age acceleration, which is defined as residual to a
regression line through the control samples, i.e. the vertical distance of a point from the line. By definition, the mean age
acceleration in controls is zero. (C) The bar plots relate measures of intrinsic epigenetic age acceleration to WS status. This
measure is independent of blood cell counts. (D) shows findings for the measure of extrinsic epigenetic age acceleration, which
does relate to changes in cell composition. Each bar plot depicts the mean value (y‐axis), 1 standard error, and the group size
(underneath the bar). The p‐value results from the Kruskal Wallis test, which is a non‐parametric group comparison test.
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Table 1. Sample characteristics of matched WS cases and controls.
Sample ID

Disease status

Registry #

gender

age

PWM18
CM18
PWM22
CM22
PWF31
CF31
PWM32
CM32
PWF36
CF36
PWM37-1
CM37-1
PWM37-2
CM37-2
PWM37-3
CM37-3
PWM38
CM38
PWM39
CM39
PWM40
CM40
PWM43-1
CM43-1
PWM43-2
CM43-2
PWM45-1
CM45-1
PWM45-2
CM45-2
PWM47
CM47
PWM49
CM49
PWF59
CM59

WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control
WS
control

CHAR1010

male
male
male
male
female
female
male
male
female
female
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
female
male

18
18
22
22
31
31
32
32
36
36
37
37
37
37
37
37
38
38
39
39
40
40
43
43
43
43
45
45
45
45
47
47
49
49
59
59

KERA1010
PA1010
BOERN1010
TIT1010
AFRI1010
TORON1010
VELO1010
ZE1010
MASS1010
MARY1010
HAWI1010
NY1010
BIA1010
USC1010
CHAP1010
CONST1010
TY1010

Accuracy of the epigenetic clock
DNAm age (also referred to as epigenetic age) was
calculated as described in [6]. Mathematical details and
software tutorials for the epigenetic clock can be found
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in the Additional files of [6]. An online age calculator
can be found at our webpage (https://dnamage.genetics.
ucla.edu). All of the described epigenetic measures of
aging and age acceleration are implemented in our
freely available software.
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As expected, DNAm age has a strong linear relationship
with chronological age (r=0.83, Figure 1A).
Werner syndrome is associated with intrinsic and
extrinsic epigenetic age acceleration
In this article, we consider three measures of
epigenetic age acceleration (Methods). The first
measure, which will be referred to as a universal
measure of age acceleration (denoted AgeAccel)
applies to virtually all tissues and cell types (with the
exception of sperm). The other two measures (referred
to as intrinsic and extrinsic age acceleration,
respectively) only apply to peripheral blood cells. The
universal measure AgeAccel is defined as the
difference between DNAm age value and the value
predicted by a linear regression model in controls. The
measure of intrinsic epigenetic age acceleration
(IEAA) measures "pure" epigenetic aging effects in
blood cells that are not confounded by differences in
blood cell counts. The measure of extrinsic epigenetic
age acceleration (EEAA) aims to measure aging in
immune related components and also relates to ageassociated changes in blood cell composition such as
the decrease of naïve CD8+ T cells and the increase in
memory or exhausted CD8+ T cells [26-28]. EEAA is
defined on the basis of a weighted average of the
epigenetic age measure from [5] and three blood cell
types that are known to change with age: naïve
(CD45RA+CCR7+) cytotoxic T cells, exhausted
(CD28-CD45RA-) cytotoxic T cells, and plasma B
cells. By definition, EEAA has a positive correlation
with the amount of exhausted CD8+ T cells and plasma
blast cells and a negative correlation with the amount of
naïve CD8+ T cells. Blood cell counts were estimated
based on DNA methylation data as described in
Methods. By construction, our three measures of
epigenetic age acceleration are uncorrelated (r=0) with
chronological age at the time of blood draw.

WS is significantly associated with epigenetic age
acceleration according to all three measures of
epigenetic age acceleration (Figure 1B,C,D). The
strongest association can be observed for EEAA
(p=0.0072).
To estimate the actual amount of age acceleration, we
regressed DNAm age on disease status, age, gender, and
blood cell count estimates. According to this multivariate regression model, the blood of WS cases is 6.4
years older than that of age matched controls (Table 2).
Conditional logistic regression analysis
Our previous multivariate linear model analysis ignored
the fact that cases and controls were grouped into
matched pairs. To adjust for this matched pair design,
we used a conditional logistic regression analysis that
automatically adjusted for chronological age and
gender. According to univariate conditional logistic
regression models, WS status (dependent variable) is
significantly associated with AgeAccel (p=0.047,
regression coefficient=0.258, standard error=0.130),
IEAA (p=0.045, coef=0.271, SE=0.135) and to a lesser
extent with EEAA (p=0.071, coef=0.164, SE=0.0907).
Suggestive evidence for a decreased abundance of
naïve CD8+ T cells in Werner syndrome
In a secondary analysis, we related disease status to
blood cell count estimates based on DNA methylation
data (Figure 2). Comparison of age adjusted blood cell
counts between WS patients and controls revealed a
significant decrease of naïve CD8+ T cells
(CD8+CD45RA + CCR7+) in WS cases (p=0.025,
Figure 2C). However, the p-value (p=0.025) is not
significant after adjusting for multiple comparisons.
Further, WS was not associated with naïve CD8+ T
counts in a conditional logistic regression model analy-

Table 2. Multivariate model analysis.
Covariate

Coef

Std. Error

T-statistic

P-value

Age

0.66293

0.103509

6.4046

6.2x10-7

Werner Syndrome

4.250449

1.560597

2.7236

0.011

Gender(female)

-1.97987

2.141069

-0.9247

0.36

CD4+T cell

35.42897

27.09406

1.3076

0.20

Granulocyte

34.03732

19.64958

1.7322

0.094

Natural Killer cell

17.97726

24.01823

0.7484

0.46

Naïve CD8+ T cell

-0.00363

0.021163

-0.1716

0.86

DNA methylation age (outcome) is regressed on chronological age, disease status, gender, and blood
cell counts. Note that WS is associated with an increased age of 4.250449/0.662930=6.4 years.
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Figure 2. Age adjusted blood cell counts versus Werner syndrome status. WS status (x‐axis) versus the age adjusted estimate of
(A) plasma blasts, (B) exhausted CD8+ T cells (defined as CD8+CD28‐CD45RA‐), (C) naïve CD8+ T cell count, (D) naïve CD4+ T cell count, (E)
CD8+ T cells, (F) CD4+ T cells, (G) natural killer cells, (H) B cells, (I) monocytes, (J) granulocytes. The abundance measures of blood cell
counts were estimated based on DNA methylation levels using the epigenetic clock software. Each bar plot depicts the mean value (y‐axis),
one standard error, and the group size (underneath the bar). The p‐value results from a non‐parametric group comparison test (Kruskal Wallis).

sis (p=0.16) that adjusted for the matched pair
design. None of the blood cell counts were related to
WS status according to our conditional logistic
regression model analysis.

DISCUSSION
Using a novel DNA methylation data set, we
demonstrate accelerated epigenetic aging effects in WS.
WS has a significant relationship with all three
measures of epigenetic age acceleration. The observed
accelerated epigenetic aging effects do not reflect
confounding due to changes in blood cell composition
because a) they can be observed for cell-intrinsic
measures of age acceleration (IEAA) and b) they remain
significant in multivariate models that adjust for blood
cell counts.
Since all of our WS cases had confirmed mutations in
the WRN gene, the epigenetic aging effects must be a
consequence of loss of function mutations in the WRN
gene. In the following, we discuss several theories that
might explain the observed epigenetic age acceleration
in blood.
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The helicase theory of accelerated epigenetic aging
The WRN gene encodes a 1432 amino acid protein with
a central domain characteristic of members of the Rec Q
family of helicases. Since the WRN probably plays an
important role in a DNA helicase it stands to reason that
the observed accelerated epigenetic aging effect in WS
results from a process in which DNA helicases play an
important role. More generally it might result from a
process that involves both DNA and RNA helicases.
Helicases are enzymes that bind and may even remodel
nucleic acid or nucleic acid protein complexes. There
are both RNA helicases and DNA helicases (such as
WRN). DNA helicases function in cellular processes
where double-stranded DNA must be separated,
including DNA replication, DNA repair, and transcription. By contrast, RNA helicases are involved in
shaping the form of RNA molecules, during all
processes involving RNA, such as transcription,
splicing, and translation. Interestingly, two recent
papers suggest that RNA helicases affect epigenetic
aging rates in the cerebellum: a genome-wide
association study of epigenetic aging rates in the
cerebellum implicated DHX57 (DEAH-Box Helicase
57) which is an RNA helicase [29]. Further, an epigene-
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tic clock analysis of tissues from centenarians found
that "helicase activity" might explain the finding that
the cerebellum ages more slowly than other brain
regions [17]. Overall, these results suggest that both
RNA and DNA helicases affect epigenetic aging rates.
The helicase theory of epigenetic aging has the
following shortcomings. First, the relationship
between RNA helicase activity and epigenetic age
acceleration could only be observed in the cerebellum
(and not yet in peripheral blood cells). Second, DNA
helicases (such as WRN) may have little in common
with RNA helicases. Third, helicase genes are not a
smoking gun for any particular molecular process
because they are ubiquitous and essential proteins for
many processes.

shortening [36]. In contrast, an in vivo study showed
that TRF (Telomere Restriction Fragment) lengths in
skin samples of WS patients in their thirties were
comparable with that of healthy samples, but were
shorter in older WS patients compared to controls.
Regression analyses is showed that the TRF length in
skin and muscle of individuals with WS was
significantly shorter than those in controls [37]. A major
problem with this telomere theory of epigenetic age
acceleration is that intrinsic epigenetic age acceleration
is not correlated with telomere length in peripheral
blood cells or adipose tissue [13, 21, 38].

The epigenomic instability theory of accelerated
epigenetic aging

This theory posits that the observed accelerated
epigenetic aging effects in blood result from changes in
blood cell composition that mirror those observed in
immunosenescence. It is well known that a profound
age-associated alteration in the T cell compartment is
the reduction of naïve CD8+ T cells, which are involved
in protection against infectious diseases and play an
important role in immune surveillance against
malignancies [27]. The theory is supported a) by our
suggestive finding regarding the reduction of naïve
CD8+ T cells in WS. However, the immunosenescence
theory has several severe shortcomings including the
following. First, the observed decrease in naïve CD8+ T
cells only led to a p-value of 0.025 that is not significant
after adjusting for multiple comparisons. This
suggestive result requires replication in a larger study
preferably involving flow cytometric measures. Second,
the theory is inconsistent with our observed lack of an
association between exhausted CD8+T cells and WS.
Third, the observed epigenetic age acceleration effects
are independent of changes in blood cell composition
according to our multivariate model analysis.

The WRN protein has exonuclease and helicase
activities and is involved in DNA repair, DNA
replication, recombination, transcription, and telomere
maintenance [30, 31]. Thus, the discovery that loss of
function of WRN is the cause of WS supports a major
role for genomic instability as a fundamental
mechanism of aging [32]. A recent study provides
evidence of an important role of WRN in the
maintenance of chromatin stability of mesenchymal
stem cells [40]. We hypothesized that the epigenetic
clock might relate to the actions of an epigenomic
maintenance system [6]. Under this hypothesis, our
results suggest that loss of function of WRN affects the
epigenomic maintenance system resulting in increased
epigenetic age. The main problem with the epigenomic
instability theory of accelerated aging is the paucity of
mechanistic details.
The telomere theory of accelerated epigenetic aging
This theory posits that epigenetic age acceleration in
WS could result from telomere shortening. It was
suggested that genomic instability is caused by telomere
loss during DNA replication and that loss of WRN
helicase activity promotes telomere loss [33].
Fibroblasts from WS patients grow poorly in culture
and display a reduced lifespan. However, ectopic
expression of telomerase in WS fibroblast cell lines
partially rescues them from accelerated replicative
senescence and increases genomic integrity [34, 35].
The average telomere erosion rate in bulk-cultured WS
cells was shown to vary from that of normal fibroblasts
to four times that of normal. At the single cell level, WS
fibroblasts display telomere dynamics not significantly
different from those in control fibroblasts, suggesting
that the accelerated replicative senescence observed in
WS fibroblasts is not caused by accelerated telomere
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The immunosenescence
epigenetic aging

theory

of

accelerated

Limitations
We acknowledge the following limitations. First, our
sample size was relatively small (18 cases and 18
controls). Second, we focused only on peripheral blood
cells. Future studies should evaluate whether
accelerated epigenetic aging effects can also be found in
other tissues. Third, there is an interesting quantitative
difference between the degree of accelerated epigenetic
aging deduced from these peripheral blood cell studies
of WS patients (6.4 years) and the premature ages of
death of these patients. The most recently available data
from both Japan and the US indicate that the mean age
of death for WS patients is 54 years; this contrasts
typical longevities in Japan of ~ 80 years and in the US
of ~74 years [39, 40]. This discrepancy might reflect the
fact that the epigenetic age of blood is only an
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incomplete measure of organismal age. We believe that
organismal age will be better estimated by combining
the epigenetic age estimates of multiple tissues and
organs.

CONCLUSIONS
We demonstrate that WS is associated with increased
epigenetic age acceleration in blood according to
several highly robust epigenetic measures of age
acceleration. This finding reflects cell-intrinsic
epigenetic aging effects that are independent of changes
in cell composition. Epigenetic age acceleration of
blood is not specific to WS but can also be observed in
other conditions such as Down syndrome [18] and to a
lesser extent in Parkinson's disease [25]. The degree to
which these observed epigenetic age acceleration effects
are causes or effects of the many geriatric disorders seen
in WS remains unknown. A recent study providing
evidence of an important role of WRN in the
maintenance of chromatin stability of mesenchymal
stem cells, however, is consistent with an important
causal role [41].

MATERIALS AND METHODS
Methylation analysis
Whole blood DNA samples of WS patients were sent to
us from the International Registry of Werner Syndrome
(http://www.wernersyndrome.org/;
Seattle,
WA).
Whole blood samples of controls were collected in the
Institute of Human Genetics of the University of
Wuerzburg. Sodium bisulfite conversion of genomic
DNA was performed using the EZ DNA Methylation™
Kit (Zymo Research, Irvine, CA, USA) according to the
provided manual. The Infinium MethylationEPIC
BeadChip (Illumina, San Diego, CA, USA) was used
according to the manufacturer's protocol to analyze
genome-wide DNA methylation. Chips were scanned
by iScan (Illumina). Genome Studio (Illumina) was
used for background subtraction and normalization to
internal controls.
Measures of epigenetic age acceleration
The name of our universal measure of age acceleration
(AgeAccel) reflects that it applies to virtually all sources
of human DNA (with the exception of sperm). Here we
defined it as follows. First, we regressed DNAm age on
chronological age in controls. Next, we used the
resulting model to predict the DNAm age of each
subject. Next, the universal measure was defined as the
difference between the observed measure of DNAm age
and the predicted value. Thus, a high positive value for
AgeAccel indicates that the observed DNAm age is
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higher than that predicted based on controls. AgeAccel
has a relatively weak correlation with blood cell counts
[19] but it still relates to blood cell counts.
To subtract out the effect of blood cell counts, we find it
useful to define a measure of intrinsic epigenetic age
acceleration (IEAA) which measures "pure" epigenetic
aging effects that are not confounded by differences in
blood cell counts. It is defined as the residual resulting
from a multivariate regression model of DNAm age on
chronological age and various blood immune cell
counts (naïve CD8+ T cells, exhausted CD8+ T cells,
plasma B cells, CD4 T cells, natural killer cells,
monocytes, and granulocytes).
The measure of extrinsic epigenetic age acceleration
(EEAA) aims to measure epigenetic aging in immune
related components. EEAA is defined using the
following three steps. First, we calculated the epigenetic
age measure from Hannum et al based on 71 CpGs [5].
The resulting age estimate is correlated with certain
blood cell types [9]. Second, we increased the
contribution of blood cell types to the age estimate by
forming a weighted average of the Hannum estimate
with 3 cell types that are known to change with age:
naïve (CD45RA+CCR7+) cytotoxic T cells, exhausted
(CD28-CD45RA-) cytotoxic T cells, and plasma B cells
using the approach of [42]. The resulting measure of
blood age is referred to as BioAge4 in our epigenetic
clock software. Third, we defined a measure of age
acceleration (EEAA) as the residual resulting from a
univariate model regressing BioAge4 on chronological
age. By definition, our measure of EEAA has a positive
correlation with the amount of exhausted CD8+ T cells
and plasma blast cells and a negative correlation with
the amount of naïve CD8+ T cells. EEAA is known as
BioAge4HAStaticAdjAge in our software.
Blood cell counts were estimated based on DNA
methylation data as described in the section entitled
"Estimating blood cell counts based on DNA
methylation levels". By construction, EEAA tracks both
age-related changes in blood cell composition and
intrinsic epigenetic changes. By definition, none of our
three measures of epigenetic age acceleration are
correlated with the chronological age. IEAA differs
across ethnic groups [43] but has a negligible
association with behavioral/lifestyle factors [44].
Estimating blood cell counts based on DNA
methylation levels
We estimate blood cell proportions using two different
software tools. Houseman's estimation method [45],
which is based on DNA methylation signatures from
purified leukocyte samples, was used to estimate the
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proportions of CD8+ T cells, CD4+ T, natural killer, B
cells, and granulocytes. Granulocytes are also known as
polymorphonuclear leukocytes. The advanced analysis
option of the epigenetic clock software [6, 19] was used
to estimate the percentage of exhausted CD8+ T cells
(defined as CD28-CD45RA-) and the number (count) of
naïve CD8+ T cells (defined as (CD45RA+CCR7+).
Using another data set, we found that estimated blood
cell counts correlate strongly with corresponding flow
cytometric measurements r = 0.63 for CD8 + T cells,
r = 0.77 for CD4+ T, r = 0.67 B cell, r = 0.68 naïve
CD8+ T cell, r = 0.86 for naïve CD4+ T, and r = 0.49 for
exhausted CD8+ T cells [43].
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ABSTRACT
Several articles describe highly accurate age estimation methods based on human DNA‐methylation data. It is
not yet known whether similar epigenetic aging clocks can be developed based on blood methylation data from
canids. Using Reduced Representation Bisulfite Sequencing, we assessed blood DNA‐methylation data from 46
domesticated dogs (Canis familiaris) and 62 wild gray wolves (C. lupus). By regressing chronological dog age on
the resulting CpGs, we defined highly accurate multivariate age estimators for dogs (based on 41 CpGs), wolves
(67 CpGs), and both combined (115 CpGs). Age related DNA methylation changes in canids implicate similar
gene ontology categories as those observed in humans suggesting an evolutionarily conserved mechanism
underlying age‐related DNA methylation in mammals.

INTRODUCTION
Technological breakthroughs surrounding genomic
platforms have led to major insights about age related
DNA methylation changes in humans [1-9]. In
mammals, DNA methylation represents a form of
genome modification that regulates gene expression by
serving as a maintainable mark whose absence marks
promoters and enhancers. During development,
germline DNA methylation is erased but is established
anew at the time of implantation [10]. Abnormal
methylation changes that occur because of aging
contribute to the functional decline of adult stem cells
[11-13]. Even small changes of the epigenetic landscape
can lead to robustly altered expression patterns, either
directly by loss of regulatory control or indirectly, via
additive effects, ultimately leading to transcriptional
changes of the stem cells [14].
Several studies describe highly accurate age estimation
methods based on combining the DNA methylation
levels of multiple CpG dinucleotide markers [15-18].
We recently developed a multi-tissue epigenetic age
estimation method (known as the epigenetic clock) that
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combines the DNA methylation levels of 353 epigenetic
markers known as CpGs [17]. The weighted average of
these 353 epigenetic markers gives rise to an estimate of
tissue age (in units of years), which is referred to as
"DNA methylation age" or as "epigenetic age". DNA
methylation age is highly correlated (r=0.96) with
chronological age across the entire lifespan [8, 19, 20].
We and others have shown that the human epigenetic
clock relates to biological age (as opposed to simply
being a correlate of chronological age), e.g. the DNA
methylation age of blood is predictive of all-cause
mortality even after adjusting for a variety of known
risk factors [21-25]. Epigenetic age acceleration (i.e. the
difference between epigenetic and chronological age) is
associated with lung cancer [26], cognitive and physical
functioning [27], Alzheimer's disease [28], centenarian
status [25, 29], Down syndrome [30], HIV infection
[31], Huntington's disease [32], obesity [33],
menopause [34], osteoarthritis [35], and Parkinson's
disease [36]. Moreover, we have demonstrated the
human epigenetic clock applies without change to
chimpanzees [17] but it no longer applies to other
animals due to lack of sequence conservation.
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Many research questions and preclinical studies of antiaging interventions will benefit from analogous
epigenetic clocks in animals. To this end we sought to
develop an accurate epigenetic clock for dogs and
wolves. Dogs are increasingly recognized as a valuable
model for aging studies [37, 38]. Dogs are an attractive
model in aging research because their lifespan (around
12 years) is intermediate between that of mice (2 years)
and humans (80 years), thus serving as a more realistic
model for human aging than most rodents. Dogs have
already been adopted to model multiple human diseases
in gene mapping studies (e.g. squamous cell carcinoma
[39], bladder cancer [40]) and cancers are often the
cause of age-related mortality in domestic dogs [41].
The maximum lifespan of dogs is known to correlate
with the size of their breed [42-44]. Based on previous
studies in human [17], we expect that the age
acceleration (difference between epigenetic age and
chronological age) correlates with longevity. We
hypothesize that dogs whose epigenetic age is larger
than their chronological age are aging more quickly,
while those with negative value are aging more slowly.
Thus, we would expect to see a correlation between age
acceleration and dog breed size.
We also sought to build an epigenetic clock for gray
wolves because alternative age estimation methods
have limitations. Gray wolf age estimates have
traditionally been conducted through tooth wear
patterns, cranial suture fusions, closure of the pulp
cavity, and cementum annuli [45, 46]. Based on tooth
wear patterns, the age structure of a wolf pack is
typically skewed towards younger animals (<1-4 years
old), with few individuals >5 years of age [46, 47].
Sexually maturity is reached between 10 months and 2
years of age [48, 49]. In a wild social carnivore, group
living often results in high mortality rates. Gray wolves
live on average 6-8 years in natural populations, but
can live up to 13+ years in captivity with increased
reproductive success [45, 46].

RESULTS
Data set
We used Reduced Representation Bisulfite Sequencing
to generate DNA methylation data of 46 domestic dogs
(26 females, 20 males) and 62 gray wolves from
Yellowstone National Park (26 females, 36 males). The
age distribution of wolves is skewed towards younger
animals (Dogs: mean=5 years, median=4, range=0.5-14;
Wolves: mean=2.7, median=2, range=0.5-8) due to
younger mortality rates in natural populations compared
to domestic species, and that estimating the age in wild
specimens lacks precision. Additionally, we included
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729 humans (388 females, 341 males) with a large age
range (mean=47.4, range=14-94).
Based on calculations and criteria described in the
Methods section, we constructed a matrix of high
confidence methylation levels across 108 canid blood
samples. Previous work has shown that there are locusspecific significant methylation differences between
dogs and wolves [50]. Here, however, we sought to
identify a clock that correlated with age across both
canid species; thus, we removed the methylation sites
that showed species-specific divergence. This yielded a
set of 252,240 CpG sites for our modeling efforts. Of
these, 105,521 could be mapped to syntenic CpGs in the
human genome (hg19) for functional annotation
purposes. Further, a subset of 9,017 sites are measured
by the human Illumina 405K array, which allowed us to
test for conservation of age correlations between these
evolutionarily divergent species (humans, dogs, and
wolves).
From these input sets of 10s to 100s of thousands of
CpGs, regression models were obtained using an
algorithm (see Methods) that selects a much smaller
number of CpGs by allowing regression coefficients to
go to zero. As the space of possible models is
combinatorially vast, there is no guarantee of global
optimality of the resulting models, and there are likely a
large number of models that would yield comparable
results. Thus, we make no assertions of biological
significance for the exact identity or number of CpGs in
a given model used here.
Conservation of age-correlated methylation between
dogs and wolves
To initially gauge whether it might be possible to create
a DNAm age clock for a multi-species group (i.e.
canids), we looked at the conservation of age-correlated
methylation in the two canid species. The global
correlation between the age effects across the two
species is small in magnitude (r=0.07, Fig. 1A) which
could be due to the following reasons: i) it could reflect
poor accuracy of the chronological age estimate in
wolves, ii) it could reflect the relatively small sample
size, iii) it could reflect that wolves tended to be
younger than dogs in our study, i.e. the chronological
age distributions differed.
Conservation of age-correlated methylation between
canid species and human
To test for more distant evolutionary conservation of
age effects on DNA methylation between canids and
humans, we computed age correlations over a set of 729
human blood methylation array samples [6] and
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examined syntenic locations between the canine
(canFam3) and human (hg19) genomes as described in
Methods. While the subset of measured DNAmethylation sites common to all 3 species is relatively
small (~9000 CpGs), we see that the conservation of
age-correlation between “canids” (pooled samples of
dogs and wolves) and human is statistically significant,
though small in magnitude (r=0.20, p=1×10-81, Fig. 1B).
This conservation holds for dogs alone (r=0.20, p=6×1085
) but is weaker for wolves alone (r=0.11, p=1×10-25,
Fig. 1C, 1D).
The high correlation between dogs and humans is
remarkable because the two data sets were generated on
different platforms (RRBS versus the Illumina 450K
array).

Leave one out estimate of the accuracy of the canid
epigenetic clock
DNAm age (also referred to as epigenetic age) was
calculated for each sample by regressing an elastic net
on the methylation profiles of all other samples and
predicting the age of the sample of interest. In the
course of our work, we found that pre-selecting subsets
of CpGs was helpful and computationally expedient.
This was done by computing correlations between
methylation and age and taking only those with absolute
correlation above 0.3. These pre-selection steps were
also performed in a leave-one-out manner for all crossvalidated results presented here. These predictions (in
years) were obtained by taking the exponential of the
output of the epigenetic aging model where ages were

Figure 1. Conservation of epigenetic aging. Normalized correlation (z) between age and DNA methylation for CpG sites in one
species versus the same correlation computed at syntenic CpG sites in another species. The species comparisons are shown, as follows:
(A) Wolves versus Dogs, (B) Human versus Canid (pooled dogs and wolves), (C) Human versus Dogs, and (D) Human versus Wolves.
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log-transformed prior to regression. We see a strong
linear relationship between DNAm age and true age for
our 108 canid samples (Fig. 2A). The correlation
between predicted and actual ages using leave-one-out
cross-validation was 0.8 and the median absolute error
was 0.8 (years). The average number of CpGs in the
108 individual regression models was 122.3.
To examine the effects of pooling two species of canids,
we performed the same prediction (DNAm age calcula-

tion) procedure on dogs and wolves, separately. We find
that the performance of these models is lower than the
canid model, with dogs showing a correlation of r=0.65
and wolves r=0.54 (Fig. 2B). The average number of
CpGs in the dog-only and wolf-only models were 58.5
and 62.9, respectively. These models, on average,
contain fewer CpGs than the combined canid models
as the smaller number of samples in each subset
provides less statistical support for the regression
algorithm.

Figure 2. Accuracy of canid age clock. DNA methylation age (y‐axis) versus chronological age (x‐axis) for all canid samples
(green = dog, blue = wolf). (A) Results obtained using a leave‐one‐out cross validation over all 108 samples. (B) Results
obtained in each species separately using a leave‐one‐out cross validation. (C) Results obtained by regressing on all samples in
one species and predicting age on samples from the other species. (D) Final models for each grouping of samples.
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As another means of assessing the robustness of a
multi-species clock, we built one clock for each species
using all samples in that species and then applied it to
all samples in the other species. These clocks have
similar correlation to the dog only or wolf only clocks,
close to 0.6, utilizing a single regression model with 67
and 41 CpGs for the dog and wolf model, respectively
(Fig. 2C).

supporting growth, cellular proliferation, and
metabolism [53]. Of these, the growth hormone IGF1
has not only been of historic interest as a causative
locus controlling body size in mice [54-56], but also has
the most significant association with body size [57, 58].

Final epigenetic aging clocks based on all animals
To determine the accuracy of our final models, we
regressed the penalized elastic net over the set of dogs
(41 CpGs), wolves (67 CpGs), and then both combined
(115 CpGs) (Fig. 2D). The penalized regression routine
(“elastic net”) utilizes an internal cross-validation to
select the optimal penalty parameter. While the entire
set of canids, and the subset of domesticated dogs could
be fit exactly (r=1.0), the wolf data alone was slightly
less amenable.
Age acceleration as a function of dog size
With the largest variation in size among terrestrial
vertebrates, the domestic dog not only spends most of
its life in an environment and lifestyle like its human
companions, but also displays a high similarity of
analogues to human disease [51, 52]. Though dog
breeds are diverse in nearly every aspect, smaller breeds
are known to live longer than larger breeds [42-44].
Recent genomic surveys have identified nine loci linked
to canine size determination, with seven of these loci

Figure 3. Age acceleration and dog breed. Age acceleration
(difference between predicted epigenetic age and actual
chronological age) is plotted against the maximum weight for
the breed of each dog sample.

Table 1. Functional enrichment studies of age related CpGs in canids.
Functional Annotation

Hypergeometric FDR
Q-Value

A. Functional roles of CpGs that lose methylation with age
2.8x10-4
4.3x10-4
8.8x10-4
1.3x10-3

compartment pattern specification
proximal tubule development
carbohydrate derivative transport
Notch signaling pathway
B. Functional roles of CpGs that gain methylation with age
regulation of transcription, DNA-dependent
regulation of RNA biosynthetic process
organ development
embryonic organ morphogenesis
anatomical structure development
Set 'Suz12 targets': genes identified by ChIP on chip as targets of the Polycomb
protein SUZ12 in human embryonic stem cells.
Genes with high-CpG-density promoters (HCP) bearing the H3K27 tri-methylation
(H3K27me3) mark in brain.
Genes with high-CpG-density promoters (HCP) bearing histone H3 trimethylation
mark at K27 (H3K27me3) in neural progenitor cells (NPC).
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1.6x10-11
8.8x10-12
1.0x10-11
1.8x10-10
8.3x10-10
2.6x10-10
6.9x10-9
1.5x10-8
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We found a correlation of 0.25 between age acceleration
and breed weight (Fig. 3). Given the limited sample size
for dogs (n = 46) we did not reach a significance below
the standard threshold of 0.05. However, we expect that
a study with a larger cohort might have sufficient power
to show that these trends are in fact significant.
Functional significance of DNAm age sites
As described in Methods, mapping of canid CpGs to the
human genome yielded 105,521 sites. We utilized this
entire set as “background” and selected subsets of CpGs
based on the statistical significance of their correlation
with age as “foreground”. These subsets are not meant
to correspond exactly to any of the particular regression
models, but to capture the general association of agerelated CpGs (from which the regression models are
drawn) and biological function inferred via proximity of
the CpGs to known genes.
We also partitioned the CpGs into groups with positive
(gain of methylation) or negative (loss of methylation)
with age, as these two groups have been noted to
correspond to separate classes of biomolecular function
in previous work [17, 59]. As negatively correlated sites
generally partition to distal parts of gene bodies or intergenic regions, they tend to have limited annotation.
Conversely, positively correlated sites localize to
promoter regions of genes for which there is generally
more detailed annotation. To ensure the selection of
statistically significant age-related CpGs, we performed
a multiple-testing correction [60] on the p-values and
selected only those with adjusted values <= 0.05. The
annotation tool (GREAT) accesses a large and diverse
number of databases and function ontologies. Here, we
report those results edited down to non-redundant
highlights. We found that a subset of 91 negativelycorrelated CpGs (0.1% of total) localized to 125 genes
that function in cellular organization and the Notch
pathway, an evolutionarily conserved cell-to-cell
signaling pathway important for cell proliferation and
differentiation (Table 1A). The subset of 90 positivelycorrelated CpGs (0.1% of total) localized to 71 genes
with vital roles in embryonic organismal development
and chromatin states (Table 1B). In summary, the canid
genes whose DNA-methylation changes are most
strongly correlated to age (both negatively and
positively) are critical developmental genes; those that
determine cell fate and organ development in the
embryonic stage of life, as has been noted in previous
work with DNA-methylation in humans [17, 59].

DISCUSSION
More broadly, our study demonstrates that DNAmethylation correlates with age in dogs and wolves as it
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does in human and related species. This age-dependence
of DNA-methylation is conserved at syntenic sites in
the respective genomes of these canid species as well
for more distantly related mammalian genomes such as
human. Strikingly, the age associations of syntenic
CpGs is well conserved (r=0.20) even though the data
were generated on different platforms (RRBS vs
Illumina methylation array). Overall, our study
demonstrates that dogs age in a similar fashion to
humans when it comes to DNA methylation changes.
Race/ethnicity and sex have a significant effect on the
epigenetic age of blood in humans [61]. Further, genetic
loci have been found that affect epigenetic aging rates
in humans [62]. It will be interesting to determine
whether sex effects can also be observed in dogs and
whether genetic background relates to the ticking rate of
the canid clock. Based on our preliminary blood
samples of 108 canid specimens, including both dogs
and wolves, we accurately measured the methylation
status of several hundred thousand CpGs. We
demonstrate that these data can produce highly accurate
age estimation methods (epigenetic clocks) for dogs and
wolves separately. By first removing sites that were
variable between dogs and wolves, we could also
establish a highly accurate epigenetic clock for all canids
(i.e. dogs and wolves combined). This clock allows us to
estimate the age of half the canids to within a year.
Our study has several limitations including the
following. First, the sample size was relatively low
(n=108). There is no doubt that more accurate clocks
could be build based on larger sample sizes. Second, we
only focused on blood tissue. Future studies could
explore other sources of DNA such as buccal swabs.
Third, the chronological ages of the wolves are
probably not very accurate since they were estimated by
the investigators.
In human studies, we have found that lifestyle factors
(e.g. diet) have at best a weak effect on cell-intrinsic
epigenetic aging rates measured by the 353 CpG based
clock [63]. By contrast, extrinsic measures of epigenetic
age acceleration, which also capture age related changes
in blood cell composition, relate to lifestyle factors that
are known to be protective in humans (e.g. consumption
of fish, vegetables, moderate alcohol, and to higher levels
of education). Biomarkers of metabolic syndrome were
associated with increased DNAm age but we could not
detect a protective effect of metformin in this observational study [63]. The presented canid aging clocks open up
the possibility of assessing dietary and pharmacological
intervention on canid aging. The genome coordinates for
the CpGs and corresponding regression coefficients of
our final canid age estimator and of our dog age estimator
can be found in Table 2 and Table 3, respectively.
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Table 2. Multivariate model of canid age.
Canine coordinate
(canFam3)
Intercept term
chr1: 815007
chr1: 48720985
chr1: 49472858
chr1: 90590933
chr1: 98573761
chr1: 98573781
chr1: 101051499
chr1: 108136920
chr1: 117122008
chr1: 117495962
chr1: 121791246
chr1: 121796139
chr1: 121864927
chr2: 10101121
chr2: 30853505
chr2: 36347652

Coef
4.382
-0.405
0.5191
0.2594
-0.0041
-0.0837
-0.1991
-0.2786
0.933
-0.2091
-0.1664
-0.3188
0.3134
0.3367
-0.0266
-0.0048
0.0248

0.95
0.95
0.64
0.94
0.6
0.2
0.79
0.98
0.82
0.86
0.67
0.96
0.83
0.65
0.93
0.37

-0.27
0.31
0.28
-0.32
-0.42
-0.37
-0.4
0.22
-0.33
-0.41
-0.38
0.28
0.3
-0.29
-0.28
0.36

chr2: 71080824
chr2: 82210243
chr2: 84377388

0.0288
-0.387
-0.4829

0.86
0.94
0.97

0.33
-0.22
-0.36

chr1: 30051475
chr1: 15602565
chr1: 11951757

chr2: 84445018
chr3: 1128258
chr3: 51442070
chr3: 60468935
chr3: 62880832
chr3: 84450199
chr4: 28034141
chr4: 28162022
chr4: 28489863
chr4: 79153238
chr5: 4750111
chr14: 41413362
chr14: 59995975
chr15: 17780647
chr15: 17785631
chr16: 131577
chr16: 247019
chr17: 18033866
chr18: 1791242
chr18: 25850449
chr18: 33813035
chr18: 43740411
chr18: 48905778
chr18: 49633631
chr18: 53920336
chr20: 44455198
chr20: 49366316
chr21: 23088752
chr21: 47917499
chr22: 56299850

0.0924
-0.0993
-0.0641
-0.2449
0.4931
-0.0696
-0.6356
-0.1129
0.0289
0.1058
-0.089
-0.2829
-0.0142
1.3988
-0.3897
-0.0629
0.8011
0.2802
-0.0118
-0.2607
-0.1549
-0.1646
0.0765
-0.0336
-0.0957
0.3338
-0.0004
-0.4109
-0.0235
-0.2509

0.26
0.94
0.8
0.82
0.88
0.89
0.14
0.89
0.7
0.09
0.35
0.57
0.73
0.97
0.94
0.73
0.83
0.82
0.94
0.92
0.78
0.94
0.72
0.49
0.8
0.72
0.71
0.88
0.84
0.89

0.33
-0.37
-0.3
-0.43
0.25
-0.49
-0.33
-0.32
0.24
0.42
-0.5
-0.33
-0.34
0.29
-0.43
-0.31
0.34
0.32
-0.35
-0.34
-0.41
-0.34
0.41
-0.22
-0.4
0.46
-0.28
-0.28
-0.29
-0.32
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Human coordinate
(hg19)
chr18: 77637184
chr9: 1872401

Proximal genes
KCNG2 (+13517), PQLC1 (+74479)
Intergenic

chr19: 57398441
chr19: 48626542
chr19: 36035408
chr19: 35540744
chr19: 30153492

ZIM2 (-46345)
PLA2G4C (-12469), LIG1 (+47317)
TMEM147 (-1088)
FXYD3 (-66421), HPN (+9335)
PLEKHF1 (-2470)

chr19: 30042558

POP4 (-52365), VSTM2B (+25153)

chr10: 4714389
chr5: 140749805

chr1: 11864680

Intergenic
PCDHGA6 (-3845), PCDHGB3 (25)
Intergenic
Intergenic
NPPB (-32770), KIAA2013
(+34722)
CLCN6 (-1587), MTHFR (-1379)

chr15: 88733456
chr4: 8834358
chr4: 17638199
chr4: 25978965
chr10: 79971431
chr10: 80116134
chr10: 80479452
chr5: 27038840
chr11: 129969307
chr7: 28355716
chr7: 121776852
chr14: 20915434
chr14: 20921454

NTRK3d (+66204)
HMX1 (+39184)
MED28 (+21946)
SMIM20 (+63140)
Intergenic
Intergenic
Intergenic
CDH9 (-148)
ST14 (-60149), APLP2 (+29507)
CREB5 (-96427)
AASS (-2977)
TEP1 (-33855), OSGEP (+7829)
APEX1 (-1899), OSGEP (+1809)

chr2: 23704553
chr7: 50515762

Intergenic
FIGNL1 (+1659)

chr11: 33962891
chr11: 45669463
chr11: 68925723
chr11: 67984189

LMO2 (-49056)
CHST1 (+17708)
Intergenic
SUV420H1 (-3308)

chr19: 12895268
chr11: 75219103
chr11: 27349807
chr13: 108022629

HOOK2 (-8932), JUNB (-7041)
GDPD5 (+17844)
Intergenic
Intergenic
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chr23: 24782165
chr23: 24782179
chr24: 42551119
chr24: 45589901
chr26: 220859
chr26: 5991914
chr26: 11457252
chr26: 37645878
chr27: 1189935
chr27: 2886690

-0.1049
-0.658
-0.2892
0.2135
0.0037
-0.2154
-0.3679
-0.4125
-0.0497
-0.0004

0.89
0.94
0.93
0.97
0.98
0.93
0.94
0.93
0.78
0.86

-0.33
-0.31
-0.35
0.27
0.27
-0.37
-0.28
-0.3
-0.39
-0.44

chr3: 18277027
chr3: 18277013
chr20: 56148739
chr20: 59877087

Intergenic
Intergenic
PCK1 (+12604), ZBP1 (+46789)
CDH4b (+49606)

chr12: 124138408
chr12: 114784708

TCTN2 (-17251), GTF2H3 (+20033)
TBX5a,b,c,d (+61538)

chr12: 54471815
chr12: 52559286

HOXC4a,b,c,d (+24155)
KRT80 (+26497), C12orf44
(+95532)

chr27: 45394279
chr28: 23823079
chr28: 40564054
chr30: 15275091
chr30: 27934524
chr30: 38620897
chr31: 27720671
chr31: 36955453
chr31: 37492782
chr32: 1431916
chr32: 38110814
chr33: 22992599
chr33: 25783582

-0.4689
-0.2956
-0.0603
-0.0557
-0.0484
0.8567
0.0332
-0.5267
-0.4942
-0.2835
-0.076
-0.0003
0.3819

0.93
0.91
0.96
0.89
0.93
0.94
0.16
0.91
0.49
0.07
0.87
0.93
0.98

-0.45
-0.31
-0.33
-0.31
-0.26
0.33
0.46
-0.36
-0.56
-0.3
-0.35
-0.34
0.34

chr10: 134593678

NKX6-2a,b,c,d (+5877)

chr15: 63648005
chr15: 78043186
chr21: 34444104
chr21: 44079991

CA12 (+26354), APH1B (+78253)
Intergenic
OLIG1a,d (+1655)
PDE9A (+6127)

chr4: 77752402

Intergenic

chr3: 119042586
chr3: 122422615

ARHGAP31 (+29367)
PARP14 (+23151), HSPBAP1
(+90055)
ATP13A3 (-72338), TMEM44
(+62719)
Intergenic
Intergenic
NR4A2 (+9329)
HOXD1a,b,c,d (-27615), HOXD4a,b,c,d
(+9742)

chr33: 31142995

-0.8311

0.95

-0.3

chr3: 194291430

chr34: 40858941
chr35: 2307155
chr36: 2545193
chr36: 19969591

-0.1582
-0.1171
0.2403
0.0515

0.93
0.94
0.84
0.27

-0.38
-0.32
0.47
0.38

chr3: 177096996
chr6: 1886203
chr2: 157179898
chr2: 177025691

chr37: 6301
chr37: 25454687

-0.1058
0.4555

0.69
0.32

-0.43
0.33

chr2: 219736500

chr38: 16230281
chr38: 22365525
chr38: 22792877
chrX: 80013740

0.1055
-0.1451
0.7599
-0.133

0.92
0.89
0.72
0.85

0.23
-0.36
0.43
-0.29

chr1: 221912099
chr1: 159724037
chr1: 159145579

WNT10Aa,b,c,d (-8584), WNT6a,b,c,d
(+11957)
DUSP10 (+3418)
CRP (-39659), DUSP23 (-26755)
DARC (-29621), CADM3d (+4181)

Genome coordinates and coefficient values for predicting a log (base e) transformed version of chronological age. These coefficients
were found by regressing a log‐transformed version of age on the RRBS DNA‐methylation measured from 108 canid blood samples.
Since chronological age was log‐transformed prior to regression, it is important to exponentiate the age estimate from this model to
arrive at age estimates in units of years. We provide the mean methylation and Pearson correlation with age for each individual CpG.
Where possible, we identify, via synteny to the human genome, genes that are proximal to the CpGs in our models. Numbers in
parentheses are the distance in bases to the Transcription Start Site of the gene. Additionally, we note those genes with experimentally
inferred relevance to cellular identity (pluripotency).
Genes experimentally identified as targets of pluripotency factors and the Polycomb repressor complex [69, 70]
genes identified by ChIP on chip as targets of the Polycomb protein EED in human embryonic stem cells.
b
genes possessing the trimethylated H3K27 (H3K27me3) mark in their promoters in human embryonic stem cells, as identified by ChIP
on chip
c
Polycomb Repression Complex 2 (PRC) targets; identified by ChIP on chip on human embryonic stem cells as genes that: possess the
trimethylated H3K27 mark in their promoters and are bound by SUZ12 and EED Polycomb proteins
d
genes identified by ChIP on chip as targets of the Polycomb protein SUZ12 in human embryonic stem cells
a
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Table 3. Multivariate model of domesticated dog age.
Canine coordinate (canFam3)

Coef

Mean
Meth

Corr(age,meth)

Human coordinate
(hg19)

proximal genes

(Intercept)

-6.9009

chr1: 98804509

-0.1771

0.92

-0.56

chr9: 95371248

ECM2 (-72912), IPPK (+61298)

chr2: 34467253

-0.1762

0.96

-0.52

chr10: 323319

Intergenic

chr2: 50165769

1.8403

0.97

0.56

chr5: 63460330

RNF180 (-1378)

chr3: 54128482

0.1444

0.77

0.51

chr15: 85429683

PDE8Aa,b (-93987), SLC28A1 (+1771)

chr4: 28320267

-0.4038

0.94

-0.43

chr10: 80292869

Intergenic

chr5: 19204758

-0.5393

0.31

-0.62

chr11: 114000061

ZBTB16a,b,c,d (+69747)

chr5: 32946701

0.1414

0.63

0.67

chr17: 8027247

ALOXE3b,d (-4883), HES7a,b,c,d (+154)

chr5: 57889544

0.1104

0.88

0.45

chr1: 3202081

Intergenic

chr6: 31347568

-0.0245

0.64

-0.5

chr16: 11536754

ENSG00000188897 (+80689), RMI2 (+97467)

chr6: 77030251

0.5807

0.82

0.6

chr1: 68732333

WLSa,d (-34106)

chr7: 54060517

0.3047

0.06

0.48

chr18: 33708261

ELP2 (-1599), SLC39A6 (+1019)

chr8: 50434546

0.0351

0.91

0.42

chr14: 78126349

SPTLC2 (-43234), ALKBH1 (+48013)

chr9: 58841067

0.318

0.15

0.61

chr9: 126779366

LHX2a,b,c,d (+5478)

chr10: 21355951

0.3876

0.86

0.52

chr10: 55453590

-0.4182

0.95

-0.75

chr2: 54776879

SPTBN1 (+93458)

chr10: 56694481

0.4854

0.09

0.46

chr2: 56151248

EFEMP1 (+25)

chr10: 62832468

0.2077

0.77

0.6

chr2: 63279783

OTX1a,b,c,d (+1847)

chr10: 62832512

0.2347

0.58

0.67

chr2: 63279827

OTX1a,b,c,d (+1891)

chr11: 4422863

0.7296

0.91

0.44

chr5: 113831979

Intergenic

chr11: 56812470

0.0579

0.87

0.47

chr9: 102590004

NR4A3a,b,c,d (+996)

chr11: 68812130

1.204

0.95

0.5

chr9: 117441733

C9orf91 (+68248)

chr12: 67228192

1.4284

0.98

0.39

chr6: 110931985

Intergenic

chr12: 67482078

-0.2241

0.19

-0.53

chr6: 111267687

GTF3C6 (-12075), AMD1 (+71715)

chr12: 67482081

-0.0314

0.26

-0.48

chr6: 111267690

GTF3C6 (-12072), AMD1 (+71718)

chr12: 71716109

0.0065

0.82

0.34

chr14: 8324605

0.3087

0.65

0.59

chr7: 127670876

LRRC4 (+246)

chr14: 34373167

0.2091

0.76

0.64

chr7: 20371740

ITGB8 (+995)

chr18: 36757482

-0.403

0.83

-0.63

chr11: 30565405

MPPED2 (+36637)

chr19: 22964392

-0.0157

0.89

-0.54

chr2: 128408298

GPR17 (+4860), LIMS2 (+13821)

chr20: 43010636

0.4045

0.97

0.5

chr20: 44455198

0.0664

0.72

0.47

chr20: 56821233

1.2199

0.98

0.42

chr19: 2210771

SF3A2a (-25748), DOT1L (+46624)

chr22: 49950553

0.1423

0.54

0.63

chr13: 100636088
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ZIC2a (+2063)
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chr24: 37978456

-0.0979

0.77

-0.59

chr28: 39644410

0.0856

0.84

0.37

chr30: 38620897

1.4441

0.94

0.51

chr31: 37492782

-0.0028

0.47

-0.51

chr33: 23073877

-0.0296

0.96

chr34: 40999085

-0.1395
0.432

chr36: 2545142

chr15: 78043186

Intergenic

-0.52

chr3: 119134135

TMEM39A (+48393)

0.97

-0.46

chr3: 177284378

Intergenic

0.5

0.62

chr2: 157179848

NR4A2 (+9379)

Genome coordinates and coefficient values for predicting a log (base e) transformed version of chronological age. These
coefficients were found by regressing a log‐transformed version of age on the RRBS DNA‐methylation measured from 46
domesticated dog blood samples. Since chronological age was log‐transformed prior to regression, it is important to
exponentiate the age estimate from this model to arrive at age estimates in units of years. We provide the mean methylation
and Pearson correlation with age for each individual CpG. Where possible we identify, via synteny to the human genome,
genes that are proximal to the CpGs in our models. Numbers in parentheses are the distance in bases to the Transcription
Start Site of the gene. Additionally, we note those genes with experimentally inferred relevance to cellular identity
(pluripotency).
Genes experimentally identified as targets of pluripotency factors and the Polycomb repressor complex [69, 70]
a
genes identified by ChIP on chip as targets of the Polycomb protein EED in human embryonic stem cells.
b
genes possessing the trimethylated H3K27 (H3K27me3) mark in their promoters in human embryonic stem cells, as
identified by ChIP on chip
c
Polycomb Repression Complex 2 (PRC) targets; identified by ChIP on chip on human embryonic stem cells as genes that:
possess the trimethylated H3K27 mark in their promoters and are bound by SUZ12 and EED Polycomb proteins
d
genes identified by ChIP on chip as targets of the Polycomb protein SUZ12 in human embryonic stem cells

METHODS

Culling species-specific differential methylation

Reduced representation bisulfite sequencing (RRBS)
We obtained previously published canine RRBS
methylation data as CGmap files (see Janowitz, Koch,
et al. 2016) [50]. Both wolf and dog data were aligned
to the canine genome (canFam3).
Data processing
For each CpG site in each sample we estimated the
methylation frequency as the number of methylated
mapped read counts over the total mapped read counts
and computed a corresponding 95% confidence interval
from the binomial distribution [64]. For inclusion in our
analysis, we required that each CpG site had confident
methylation frequencies in at least 95% of samples.
Confidence was defined as having a confidence interval
smaller than 0.63 (roughly equivalent to requiring a
minimum of 15 mapped reads at that site). For the
remaining elements in the data matrix, we used the
frequencies calculated regardless of confidence or
imputed missing values using R package “softImpute”
with type option “ALS” [65].
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To exclude species-specific differential methylation as a
confounder, we first constructed a methylation matrix
with no dog samples with ages greater than the
maximum observed wolf age (8 years). For each CpG
we then computed a t-test of the dog methylation values
versus the wolf methylation values and excluded those
with t >= 2 from use in regression modelling.
Computing age correlations for DNA methylation
When comparing age-correlations computed in datasets
of different sizes, we use a z-score instead of the
Pearson correlation coefficient. A Student t-test statistic

r

for testing whether a Pearson correlation ( s ) is
different from zero is given by

Zs =

ms − 2 ⋅ rs
1 − rs

2

where ms denotes the number of observations (i.e.
samples) in the s-th data set.
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Regression

H, Bell CG, Maxwell AP, Savage DA, Mueller‐Holzner
E, Marth C, et al. Age‐dependent DNA methylation of
genes that are suppressed in stem cells is a hallmark
of cancer. Genome Res. 2010; 20:440–46. doi:
10.1101/gr.103606.109

Penalized regression models were built using glmnet
[66]. Given that we would like to see a reduction in the
number of predictors from potentially hundreds of
thousands of CpGs as input, we utilized the “elastic net”
version of glmnet corresponding to an alpha parameter
of 0.5. For all results reported here, the internally crossvalidated (cv.glmnet) was utilized to automatically
select the optimal penalty parameter.

3.

Horvath S, Zhang Y, Langfelder P, Kahn RS, Boks MP,
van Eijk K, van den Berg LH, Ophoff RA. Aging effects
on DNA methylation modules in human brain and
blood tissue. Genome Biol. 2012; 13:R97. doi:
10.1186/gb‐2012‐13‐10‐r97

Functional annotation and multi-species synteny

4.

Canid methylation sites (using coordinates from the
CanFam3 draft genome) were first mapped to the
human genome (hg19) where possible so that functional
analysis tools with access to the most complete and
detailed annotations could be utilized. This mapping
was made using the "liftOver" tool and associated
human to canine chain files available at the UCSC
Genome Browser[67]. The human genome coordinates
were then used as input to the Genomic Regions
Enrichment of Annotations Tool (GREAT) [68].
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ABSTRACT
Persons living with human immunodeficiency virus (HIV) harbor an increased risk of age‐related conditions. We
measured changes in telomere length and DNA methylation in the peripheral blood of 31 intravenous drug
users, who were followed longitudinally with blood samples pre‐HIV (T1), immediately post‐HIV (T2; 1.9±1 year
from T1), and at a later follow‐up time (T3; 2.2±1 year from T2). Absolute telomere length measurements were
performed using polymerase chain reaction methods. Methylation profiles were obtained using the Illumina
Human Methylation450 platform. Methylation aging was assessed using the Horvath method. Telomere length
significantly decreased between T1 and T2 (227±46 at T1 vs. 201±48 kbp/genome at T2, p=0.045), while no
differences were observed between T2 and T3 (201±48 at T2 vs. 186±27 kbp/genome at T3, p=0.244).
Methylation aging as measured by the age acceleration residual increased over the time course of HIV infection
(p=0.035). CpG sites corresponding to PCBP2 and CSRNP1 were differentially methylated between T1 and T2 at
a q‐value <0.05. Telomere shortening and methylation changes can therefore be observed in the short‐term
period immediately following HIV seroconversion. Further studies to confirm these results in larger sample sizes
and to compare these results to non‐HIV and non‐injection drug users are warranted.

of this heightened aging process, whether in fact
accelerated or merely accentuated [9], is still unknown.
PLWH appear to have shorter peripheral blood telomere
lengths compared with uninfected individuals [10-12],
yet whether this represents a gradual attrition over the
course of HIV infection or an abrupt shortening during
periods of acute illness and profound immunosuppression has not been established. Recently, it has
been shown in a cohort of cART-treated, virally
suppressed PLWH that while telomere length, a
surrogate marker of cellular aging, is shorter in PLWH

INTRODUCTION
With the benefit of combination antiretroviral therapy
(cART), persons living with human immunodeficiency
virus (PLWH) have survived to older ages [1, 2] with
fewer opportunistic infections and AIDS-defining
cancers [3, 4]. Despite these gains, the rise in the
number of age-related conditions such as coronary
artery disease [5], chronic obstructive pulmonary
disease [6, 7], and non-AIDS-defining cancers [8] has
sparked interest in how PLWH age. The precise nature
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compared with HIV-uninfected individuals, the slope of
telomere length vs. age is no different between the two
groups [11]. This might suggest that abrupt shortening
does indeed occur early on in the course of disease,
possibly at the period of intense immunosuppression
related to acute HIV infection and prior to the
institution of cART.

length and the second relating to age-associated
methylation changes via a DNA methylation clock [14,
15]. Shortened telomere length has been shown in some
studies to predict mortality [16], age-related diseases
[17], and has been widely used as a biomarker of aging.
A recent study also demonstrated that the DNA
methylation clock is a useful biomarker for detecting
accelerated aging effects due to HIV infection [18], but
the behavior over time of this biomarker is not yet
known. Here we demonstrate for the first time that
changes in surrogate aging biomarkers may be observed
shortly after HIV infection.

Identifying the timing of an aging trigger along the
course of HIV infection has important scientific and
clinical ramifications. At the very least, this allows
further investigation into the biology of HIV aging to be
situated in the appropriate time frame. Cellular changes
observed within this time period provide important
clues into the susceptibility of PLWH to age-related
conditions. Shortening or preventing the onset of this
time period may be one strategy that can improve
outcomes in an aging HIV-infected population. Such
investigations, however, require longitudinal sampling
from subjects before and after HIV seroconversion. In
this study, we examined surrogate peripheral blood
aging markers in a cohort of injection drug users (IDU)
followed longitudinally before and after acquiring HIV,
aiming to 1) identify when age acceleration might occur
in HIV and 2) describe potential key biologic pathways
perturbed during he HIV seroconversion period. Useful
biomarkers of aging, according to criteria adopted by
the American Federation of Aging Research, are
required to fulfill the following objectives: 1) predict
the rate of aging; 2) reflect a biologic process associated
with aging; 3) be able to be tested repeatedly in an
individual without harm; and 4) translate from animals
to humans [13]. Our choices of surrogate aging
measures, both of which meet these criteria, focus on
two distinct mechanisms, the first relating to replicative
senescence by measuring peripheral blood telomere

RESULTS
Study cohort
Demographics for the 31 patients enrolled in the study
are provided in Table 1. The cohort had a mean age of
35.8 years and 48% were male. Nearly all patients
(90%) had concurrent hepatitis C infection. The samples
were collected between 1999 and 2004; by T3, only
seven (22%) were on cART. The mean time intervals (±
standard deviation [SD]) were 1.9 ± 1 years between T1
and T2 and 2.2 ± 1 years between T2 and T3.
Absolute telomere length measurements
29 paired samples from T1 and T2 and 17 paired
samples from T2 and T3 were included in the final
analysis after samples from two individuals between T1
and T2 and two individuals between T2 and T3 failed
qPCR runs. The correlation between telomere length
and age is shown in Figure 1A (p=0.017, Pearson’s
rho=-0.268). The mean telomere length (± SD) was 227
± 46 kbp/genome at T1, 201 ± 48 kbp/genome at T2,

Table 1. Demographics of the study cohort.
Characteristic
Age (years ± SD)
Male Sex (%)
Ever Smoker (%)
CD4 Count at T2 (cells/mm3 ± SD)
CD4 Count at T3 (cells/mm3 ± SD)
Viral Load at T2 (copies/mL ± SD)
Viral Load at T3 (copies/mL ± SD)
On cART at T3 (%)
Hepatitis C
Current Homelessness
Injection Drug Use Within Last 6 Months
Previous Incarceration
History of Physical Abuse
History of Sexual Abuse
Heavy Alcohol Use Within Last 6 Months (>4 drinks/day)

Result (n=31)
35.8 ±10.1
15 (48.4%)
28 (90.3%)
386 ± 213
273 ± 150
96,432 ± 164,340
58,461 ± 55,575
7 (22.6%)
28 (90%)
15 (48.4%)
25 (81%)
25 (88.2%)
27 (87.0%)
15 (48.4%)
5 (16.1%)

Abbreviations: SD – standard deviation; cART – combination antiretroviral therapy
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and 186 ± 27 kbp/genome at T3 (Figure 1B). Paired t-test
analysis showed that the telomere length at T2 was
significantly shorter than T1 (p=0.045), but that the
telomere length at T3 was not significantly different from
T2 (p=0.244). There were no significant differences at

the T3 time point between the telomere lengths of
subjects on cART and those not being treated with
cART, nor were there any differences between those with
detectable or undetectable viral loads or between those
with CD4 counts <200 cells/mm3 or ≥200 cells/mm3.

Figure 1. (A)The correlation between absolute telomere length and age is shown, demonstrating that shorter
telomere lengths are observed with older age (p=0.017, Pearson’s rho=‐0.268). (B) Absolute telomere length
measurements are shown for T1, T2, and T3. By paired t‐test, there was a significant decrease in telomere
length between T1 and T2 (p=0.045), but no significant change between T2 and T3 (p=0.244).
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DNA methylation age

the correlation between the age acceleration residual
and time point in days along the course of the study is
shown in Figure 2B. Epigenetic age acceleration was
positive correlated with days since HIV infection
(p=0.035, Pearson’s r=0.236) which shows that HIV
infection accelerates the biological aging rate of
blood.

The DNA methylation age was calculated for each
subject at the various time points. The correlation
between DNA methylation age and chronologic age is
shown in Figure 2A. To determine the magnitude of
age acceleration over the duration of HIV infection,

Figure 2. (A) The correlation between DNA methylation age and chronologic age from all subjects inclusive of all time
points is shown, demonstrating a high correlation between the two measures (p<2.2e‐16, Pearson’s rho=0.896). (B)
The age acceleration residual (greater positivity on this scale represents more advanced methylation age in relation to
chronologic age) increases over the time course of HIV infection (p=0.035, Pearson’s rho=0.236). Black dots represent
HIV‐negative time points (T1) while red dots represent HIV‐positive time points (T2 and T3).
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DNA methylation profiling

The top differentially methylated CpG sites between T1
and T2 are listed in Table 2. After adjustment for
cellular composition of blood, there were two CpG sites
differentially methylated between T1 and T2 with a qvalue <0.05. These were cg07151565, corresponding to
PCBP2 (hypomethylated in T2 vs. T1, q-value=0.012),
and cg23654821, corresponding to CSRNP1 (hypermethylated in T2 vs. T1, q-value=0.028). There were
four additional CpG sites that were differentially
methylated with a q-value <0.20. These sites are shown
in a volcano plot in Figure 3. One CpG site was found
to be differentially methylated between T2 and T3, however only at a q-value of 0.065. This was cg07926733

CD4 and CD8 T cell type proportion percentages at T1,
T2, and T3 are provided in Supplementary Figure 1A
and 1B. CD4 cell percentages decreased significantly
between T1 and T2 (p<0.001), whereas CD8 cell
percentages increased significantly between T1 and T2
(p<0.001). There were no significant changes in either
CD4 or CD8 cell percentages between T2 and T3. Cell
percentages of monocytes, NK cells, granulocytes, and
B cells were not significantly different between the
three time points (Supplementary Figure 1C, 1D, 1E,
1F).

Table 2. Differentially methylated CpG sites (T2 vs. T1).
CpG Site
cg07151565
cg23654821
cg10252135
cg21149466
cg02854554
cg25353281

Gene
PCBP2
CSRNP1
PDE7a
Unknown
FAM46C
PNKD;TMBIM1

Beta-Value Difference
-0.043
0.085
0.023
-0.057
0.056
0.083

q-value
0.012
0.028
0.180
0.180
0.180
0.180

Figure 3. A volcano plot demonstrating differentially methylated CpG sites in T2 vs. T1. Two CpG
sites (corresponding to PCBP2 and CSRNP1) had q‐values <0.05, while four additional CpG sites
(corresponding to PDE7a, FAM46C, PNKD:TMBIM1, and an unknown gene) had q‐values <0.20.

www.aging‐us.com

691

AGING

(corresponding gene currently unknown). The mean
beta-value difference (T3 vs. T2) was 0.064.

time represent the loss of methylation fidelity through
cell division, a process known as “epigenetic drift” [21].
Overall patterns of methylation changes suggest that
methylation tends to increase in promoter regions and
decrease in non-island regions with age [22]. Recently
developed methylation clocks, constructed based on
these principles, can thus serve as additional evidence
of aging in HIV. We observed greater deviations of the
DNA methylation age from expected trajectories the
further subjects were from their HIV diagnosis date. It
is important to note, though, that the DNA methylation
aging clock reflects a separate process of senescence
from telomere shortening, with at best only a weak
correlation between the two different measures [23]. In
our data, we do not observe a significant correlation
between epigenetic age acceleration and telomere length
(p=0.60, rho=-0.06, Supplementary Figure 3) which
shows that the epigenetic clock relates to a biological
process that is distinct from that of telomere attrition.

Pyrosequencing validation
Pyrosequencing validation was carried out for five of
the six differentially methylated CpG sites between T1
and T2 (cg10252135 was not validated due to the small
beta-value difference of 0.023 which was within the
range of pyrosequencing error) and for the one
differentially methylated CpG site between T2 and T3.
Spearman correlation plots for the six CpG sites are
shown in Supplementary Figure 2. Four CpG sites had
Spearman correlation rho values near or above 0.8,
indicating agreement between the two methods
(cg02854554,
cg23654821,
cg25353281,
and
cg07926733).

DISCUSSION

By using a genome-wide DNA methylation platform,
we performed a preliminary investigation into the
unique biology of the HIV peri-seroconversion period.
Methylation changes between T1 and T2 were subtle,
with an average beta-value difference in CpG sites
between the two time points not exceeding 10%, yet
still revealed interesting genes that might serve as the
target for future mechanistic work. The most significant
changes were observed at CpG sites associated with the
PCBP2 and CSRNP1 genes, which had q-values <0.05.
PCBP2, found to be hypermethylated following
seroconversion, encodes for poly(RC) binding protein 2,
which has been demonstrated to be a translational
coactivator of a number of viruses including polio [24]
[25], norovirus [26], and hepatitis C [27, 28]. Notably, it
has also been reported to play a role in HIV-1 gene
expression [29]. Depletion of PCBP2 through siRNA
results in increased expression of HIV-1 Gag and Env
protein, for instance. CSRNP1, hypomethylated
following seroconversion, encodes for cysteine-serinerich nuclear protein 1 which through the Wnt signaling
pathway has been shown to have a tumor suppressive
function [30]. While there are no reported associations
with HIV infection to our knowledge in the literature,
the increased risk borne by PLWH for both AIDSrelated and non-AIDS-related malignancies suggests
this may be a relevant gene for investigating oncologic
risk in this population. Genes found to be differentially
methylated between T1 and T2 at lesser statistical
significance included PDE7a (involved in cAMP
degradation) [31], FAM46C (involved in the
enhancement of viral replication) [32], PNKD (involved
in familial paroxysmal nonkinesigenic dyskinesia) [33],
and TMBIM1 (involved in vascular remodeling through
matrix metalloproteinase 9) [34]. As far as we are
aware, none of these have previously been reported to

In this study investigating longitudinal blood samples of
IDUs who subsequently contracted HIV, we found an
acute telomere shortening signal in the immediate postseroconversion period. Telomere length subsequently
stabilized in the post-seroconversion period with no
significant changes observed between the T2 and T3
time points. The magnitude of telomere length
shortening between T1 and T2, almost 30 kbp/genome
in an average time span of two years or less (equivalent
to a loss of ~650 base pairs/year), was a striking finding
reflecting the severity of replicative senescence in HIV.
A previous study that used the same method of telomere
length measurement across a large general population
sample showed that an equivalent drop in telomere
length would have taken roughly 40 years [11]. On
average, leukocyte telomere length is expected to
decline only by approximately 25 base pairs per year in
the general population [19]. No doubt, the VIDUS
population, all IDUs, represent a specific high-risk
group of individuals, but the additional stress of acute
HIV infection may account for the extra telomere length
loss. Future prospective studies evaluating the
equivalent drop in telomere length for IDUs who did
not contract HIV would be key to determining whether
these findings are HIV-specific.
Telomere length, however, reflects only one particular
aspect of the complex process of aging. Moreover, it is
an imperfect reflection, carrying only a correlation of
0.3 with chronologic age [19]. Studies that have
evaluated the association between telomere length with
mortality have also yielded conflicting results [20]. For
these reasons, we chose to measure aging by an
additional method. While telomere shortening is a
surrogate measure of the limits of cellular replication
and of oxidative stress, DNA methylation changes over
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have associations with HIV infection. Further validation
of these targets, particularly with additional HIVnegative samples, is necessary at this point.

CD8 T cells, targeting this interval with immediate
cART initiation may be one therapeutic intervention
that can mitigate downstream aging complications.
Such a theory warrants further prospective study and
may be imperative in a population whose demographics
are quickly aging.

This study has several limitations which should be
noted. First, without concurrent RNA or protein
samples, DNA methylation alone cannot tell us the
direction of gene expression or protein transcription.
While genes methylated at their promoter CpG islands
have traditionally been thought to be transcriptionally
silent, this is no longer considered an exact rule [35].
Therefore, despite significant associations between HIV
seroconversion and PCBP2 and CSRNP1 we are unable
to determine whether these genes are up- or downregulated, only that it is possible their expression may
be altered by their methylation status. Second, the
changes we observe in telomere length and DNA
methylation with HIV seroconversion are limited here
to IDUs, a unique population at a high risk for
additional infections and health problems such as
bacterial endocarditis and hepatitis C. Whether similar
changes occur in non-IDUs contracting HIV are
observed is unknown. Such investigations are hampered
by the fact that very few cohorts exist that have
longitudinally tracked high-risk populations prior to and
following HIV infection. It should be noted that in a
previous analysis of HIV-infected patients, telomere
length was not significantly affected by Hepatitis C
status (data not shown). Third, DNA methylation is
highly associated with cell type composition. We have
used a statistical method to deconvolute the cell
composition of our whole blood samples; however,
these methods can only partially account for the many
cell subtypes that exist in peripheral blood [36].
Currently, statistical deconvolution methods have not
included subsets of NK cells or myeloid cells that may
also contribute to the overall methylation signature.
Finally, the small sample size of our study is a
limitation and certainly further work in larger cohorts
would be key to strengthening these findings. In
particular, expansion of the cohort to include IDUs who
remained HIV-negative throughout the study period
would be important to determine whether the findings
of this study are specific to the HIV or IDU populations.
We were also underpowered in this study to determine
whether aging is more pronounced in those with more
severe HIV, as marked by higher viral loads and lower
CD4 cell counts. Subgroup analyses in a larger cohort
would be important to pursue to investigate this
hypothesis.

MATERIALS AND METHODS
Study cohort
Subjects were enrolled from the Vancouver Injection
Drug Users Study (VIDUS), a prospective cohort study
of >1,000 IDUs in the Vancouver area that began in
1996 [37] (University of British Columbia Research
Ethics Board Approval Number H01-50086).
Enrollment criteria into the study included: 1) injection
of illicit drugs at least once during the previous month,
2) residence in the Greater Vancouver area, and 3)
ability to provide written informed consent. VIDUS
participants were tested every six months for HIV and
hepatitis C. Subjects included in this analysis had to
have tested positive for HIV during follow-up with
available peripheral blood samples prior to and after
HIV seroconversion. Peripheral blood cell pellets were
frozen at -70 degrees Celsius prior to use. 31 subjects
were enrolled with pre- (T1) and post-seroconversion
(T2) samples, with 19 of these subjects further providing an additional third blood sample (T3)
approximately two years after the immediate postseroconversion period.
Absolute telomere length measurement
Genomic DNA from peripheral blood cell pellets was
harvested using the Qiagen DNeasy Blood & Tissue Kit
(Qiagen, Venlo, the Netherlands). Absolute telomere
length was measured by quantitative PCR consistent
with methods outlined by O’Callaghan and Fenech [38].
Briefly, standard curves were generated from known
quantities of synthesized oligomers of telomere (TEL)
DNA [(TTAGGG)14] and single copy reference gene
(36B4) DNA [CAGCAAGTGGGAAGGTGTAATCCG
TCTCCACAGACAAGGCCAGGACTCGTTTGTACC
CGTTGATGATAGAATGGG] (Sigma-Aldrich, St.
Louis, MO). Sample telomere DNA length was then
assessed based on the ratio of telomere DNA length to
36B4 DNA length as obtained from their respective
standard curves. DNA from a short telomere cell line
(HEK293) and a long telomere cell line (K562) (ATCC,
Manassas, VA) were used as inter-experimental plate
controls [39]. The telomere lengths measured using this
method reflect an average length across the population
of cells included in the sample. Samples were run in
triplicate using the ABI ViiA 7 Real Time PCR System
(Applied Biosystems, Foster City, CA). All samples

The results of this study suggest that the time period
shortly after HIV seroconversion may be critical in the
aging process of PLWH. Given that this is a time where
profound changes occur in the immune system, with
rapid destruction of CD4 T cells and proliferation of
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were concurrently run to avoid significant batch effects.
Paired t-tests were performed to compare telomere
lengths at T1, T2, and T3 with p-values <0.05 (twotailed tests) considered significant.

acceleration residual is indicative of faster age
acceleration. The correlation between the age
acceleration residual and duration of time along the
study was calculated using a Pearson’s correlation test.
P-values <0.05 were considered significant.

DNA methylation profiling
Differentially methylated CpG sites
DNA extracted from the peripheral blood cell pellets
was bisulfite-converted using the EZ DNA
Methylation™ Kit (Zymo, Irvine, CA). This step
converts unmethylated cytosine residues to uracil while
leaving methylated cytosine residues intact. DNA
methylation profiles were then obtained using the
Illumina Infinium Methylation 450K assay, which
interrogates 485,512 cytosine-guanine (CpG) sites
spanning 99% of RefSeq genes, with an average of 17
CpG sites per gene [40]. In total, 96% of all CpG
islands in the genome are assessed. Beta-values (the
ratio of the methylated probe intensity to the overall
intensity, ranging from 0 indicating all unmethylated to
1 indicating all methylated) are calculated for each CpG
site and converted to M-values (the log2 ratio of the
intensity of the methylated probe versus unmethylated
probe) for statistical analyses [41]. These data were
normalized using functional normalization which
corrects for technical variation and is recommended for
data sets where global methylation changes are
expected [42]. CpG sites were filtered for detection
quality and probe binding specificity [43].

Because methylation profiles can be affected by cell
type proportions [51], we used a deconvolution method
for calculating the percentage of CD4 T cells, CD8 T
cells, natural killer cells, monocytes, B-cells, and
granulocytes in whole blood samples based on the
methylation signature [52]. Differences in normalized
methylation M-values between T1 and T2, T2 and T3,
and T1 and T3 were modeled using a linear regression
framework, adjusting for the differences in the cellular
composition of peripheral blood between time points:
Methylation difference ~ intercept + CD4 T celldifference + CD8 T cell-difference + natural killer
cell-difference + monocyte-difference + B-celldifference + granulocyte-difference
The coefficient of interest for which a t-statistic p-value
is calculated is the intercept, the null hypothesis being
that the methylation difference (represented by the
intercept) between time points is 0. This inference was
implemented using the limma algorithm [53]. CpG sites
with false discovery rate (FDR) q-values <0.05 were
considered to be differentially methylated with a high
degree of confidence; however, given the small sample
size, CpG sites with q-values <0.20 (considered
differentially methylated with a medium degree of
confidence) were also identified and retained for
pyrosequencing validation.

DNA methylation age
We used the DNA methylation age-based biomarker of
aging from Horvath because a) its accurate
measurement of age across tissues is unprecedented
[14]; b) it has been found to be useful for studying
aging effects in HIV infection [18]; c) it is prognostic
for all-cause mortality [15, 44]; d) it correlates with
measures of cognitive and physical fitness in the elderly
[45]; e) it has been used in many applications including
Down syndrome [46], obesity [23], lifetime stress [47],
and Parkinson’s disease [48]; and f) it is applicable to
populations of all ages, not just the elderly [49, 50].

Pyrosequencing validation
CpG sites considered to be differentially methylated
between time points at a q-value <0.20 were validated
using bisulfite pyrosequencing methods. Further details
on pyrosequencing methods and primer design are
provided
in
the
Supplementary
Materials.
Reproducibility was assessed between pyrosequencing
and the Illumina 450K normalized beta-values using
Spearman’s rank correlation.

Here, we calculated the DNA methylation age for each
sample according to the Horvath algorithm
(http://labs.genetics.ucla.edu/Horvath/dnamage/) [14].
This method uses the weighted regression of 353 CpG
sites on the Illumina 450K platform to calculate a
methylation age. The age estimate (referred to as
DNAm age or epigenetic age) is calibrated so that it is
in units of years. The measure of epigenetic age
acceleration was defined as the residual from regressing
DNAm age on chronological age. By definition, this
measure of age acceleration is not correlated with
chronological age. Greater positivity in the age
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Statistical program
All statistical analyses were performed using R version
3.2.1.
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SUPPLEMENTARY MATERIAL

GTTT
PCR Reverse: R1 Biot AAACTCATTTCCTTACCAA
TTTACTCA
Seq Primer: S17 Fwd GGTTTAGTTGTTTTTTG

Pyrosequencing Methods
PyroMark Assay Design 2.0 (Qiagen, Inc.) software
was used to design the bisulfate pyrosequencing assay
covering the targets regions. DNA was subjected to
bisulfite conversion using the EZ DNA Methylation Kit
(Zymo Research). HotstarTaq DNA polymerase kit
(Qiagen, Inc.) was used to amplify the target regions
using the biotinylated primer set with the following
PCR conditions: 15 minutes at 95°C, 45 cycles of 95°C
for 30s, 58°C for 30s, and 72°C for 30s, and a 5 minute
72°C extension step. Streptavidin-coated sepharose
beads were bound to the biotinylated-strand of the PCR
product and then washed and denatured to yield singlestranded DNA. Sequencing primers were introduced to
allow for pyrosequencing (Pyromark™ Q96 MD
pyrosequencer, Qiagen, Inc.).

ID: 6 (cg25353281)
PCR Forward: F1 GGTGGGAAGGGAGATATTAATG
PCR Reverse: R1 Biot CCCATTCCACACAACTACTAT
Seq Primer: S1 Fwd AGTTTTTATTTTTGTTTGTAAT
GAT

Pyrosequencing Primers
The following primers were used for pyrosequencing
validation:
ID: 1 (cg07926733)
PCR Forward: F1 AGTTAAGTTAGAGTAGTATTGG
ATTATAGT
PCR Reverse: R1 Biot CCTATCTCCCTTAAATTCTT
AAAACT
Seq Primer: S1 Fwd TAGAGGGAGAGAGGT
ID: 2 (cg07151565)
PCR Forward: F1 AGTTGTTAGTTTTGGTTAGTTAT
TTATAAT
PCR Reverse: R2 Biot AACCAAATTTCTTTACCCTT
TTTTC
Seq Primer: S2 Fwd ATAGTGTTGGTGGGG
ID: 3 (cg23654821)
PCR Forward: F4 GGAGGAGGAAGTAGAGTTATT
ATAT
PCR Reverse: R3 Biot ATAAACTAACAAACCTCA
ACCTAATCTC
Seq Primer: S7 Fwd ATGTAAGTTGTGTGAATTAT
TT
ID: 4 (cg21149466)
PCR Forward: F1 GTTATTAAAGGTGGATGTGTA
TAGAAAA
PCR Reverse: R1 Biot AAAAACACATTCAAATCC
CTAAATCT
Seq Primer: S1 Fwd TGTAAGTTATAGTATTAGAG
AAGT
ID: 5 (cg02854554)
PCR Forward: F1 GTGGGTTAGGAGATTGAATTA
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Supplementary Figure 1AB. Deconvolution methods by the Houseman‐Jaffe algorithm yielded the
cell proportions of (A) CD4 cells, (B) CD8 cells. Paired t‐tests were performed to compare T1 vs. T2 and
T2 vs. T3. There were statistically significant differences in the percentage of CD4 and CD8 cells
between T1 and T2 (*** signifiying p<0.001). There were no statistically significant differences in the
percentage of CD4 and CD8 cells between T2 and T3, nor were there statistically significant differences
between any of the time points for monocytes, natural killer cells, granulocytes, and B cells.
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Supplementary Figure 1CD. Deconvolution methods by the Houseman‐Jaffe algorithm yielded the
cell proportions of (C) monocytes, (D) natural killer cells. Paired t‐tests were performed to compare T1
vs. T2 and T2 vs. T3. There were statistically significant differences in the percentage of CD4 and CD8
cells between T1 and T2 (*** signifiying p<0.001). There were no statistically significant differences in
the percentage of CD4 and CD8 cells between T2 and T3, nor were there statistically significant
differences between any of the time points for monocytes, natural killer cells, granulocytes, and B cells.
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Supplementary Figure 1EF. Deconvolution methods by the Houseman‐Jaffe algorithm yielded the
cell proportions of (E) granulocytes, and (F) B‐cells. Paired t‐tests were performed to compare T1 vs.
T2 and T2 vs. T3. There were statistically significant differences in the percentage of CD4 and CD8 cells
between T1 and T2 (*** signifiying p<0.001). There were no statistically significant differences in the
percentage of CD4 and CD8 cells between T2 and T3, nor were there statistically significant differences
between any of the time points for monocytes, natural killer cells, granulocytes, and B cells.
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Supplementary Figure 2AB. Spearman correlation plots for 450K methylation beta‐
values vs.pyrosequencing methylation beta‐values. (A) cg07151565, (B) cg02854554.

www.aging‐us.com

702

AGING

Supplementary Figure 2CD. Spearman correlation plots for 450K methylation beta‐
values vs.pyrosequencing methylation beta‐values. (C) cg21149466, (D) cg23654821.
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Supplementary Figure 2EF. Spearman correlation plots for 450K methylation beta‐
values vs.pyrosequencing methylation beta‐values. (E) cg25353281, (F) cg07926733.
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Supplementary Figure 3. Correlation plots between DNA methylation age and telomere length (Figure
3A) and between the age acceleration residual and telomere length (Figure 3B). These demonstrate very
weak correlations between methylomic aging changes and telomere length.
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ABSTRACT
Behavioral and lifestyle factors have been shown to relate to a number of health‐related outcomes, yet there is a
need for studies that examine their relationship to molecular aging rates. Toward this end, we use recent epi‐
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genetic biomarkers of age that have previously been shown to predict all‐cause mortality, chronic conditions
and age‐related functional decline. We analyze cross‐sectional data from 4,173 postmenopausal female
participants from the Women's Health Initiative, as well as 402 male and female participants from the Italian
cohort study, Invecchiare nel Chianti.
Extrinsic epigenetic age acceleration (EEAA) exhibits significant associations with fish intake (p=0.02), moderate
alcohol consumption (p=0.01), education (p=3x10‐5), BMI (p=0.01), and blood carotenoid levels (p=1x10‐5)—an
indicator of fruit and vegetable consumption, whereas intrinsic epigenetic age acceleration (IEAA) is associated
with poultry intake (p=0.03) and BMI (p=0.05). Both EEAA and IEAA were also found to relate to indicators of
metabolic syndrome, which appear to mediate their associations with BMI. Metformin—the first‐line
medication for the treatment of type 2 diabetes—does not delay epigenetic aging in this observational study.
Finally, longitudinal data suggests that an increase in BMI is associated with increase in both EEAA and IEAA.
Overall, the epigenetic age analysis of blood confirms the conventional wisdom regarding the benefits of eating
a high plant diet with lean meats, moderate alcohol consumption, physical activity, and education, as well as
the health risks of obesity and metabolic syndrome.
more physically active [23, 24], as well has those with
higher levels of education [25].

INTRODUCTION
A number of behavioral lifestyle factors have been
shown to relate to health, including diet, physical
activity, moderate alcohol consumption, and
educational attainment. For instance, diet is a
modifiable behavior with the potential to mitigate
chronic disease risk. Various dietary components have
been reported to influence intermediate risk factors and
the prevalence of age-related disease outcomes; thus
there is a growing consensus regarding nutritional
recommendations for maintaining optimal health. These
dietary factors include whole grain & dietary fiber [1],
fish & omega-3 fatty acids [2], and fruits & vegetables
[3], all of which may be involved in reducing systemic
inflammation [4]. Further, metabolic health has been
established as one of the primary mechanisms through
which diet affects health and disease [5]. Conditions
such as, insulin resistance, hypercholesterolemia,
hypertension, hypertryglyceremia, and systemic
inflammation can be promoted by poor dietary habits
and often coalesce, influencing a person’s risk of
atherosclerosis, diabetes mellitus, and stroke [6-8].

Another promising measure for investigating the
dynamics between lifestyle and aging is the molecular
biomarker known as the “epigenetic clock”.
Chronological age has been shown to have a profound
effect on DNA methylation levels [26-34]. As a result,
several highly accurate epigenetic biomarkers of
chronological age have been proposed [35-39]. These
biomarkers use weighted averages of methylation levels
at specific CpG sites to produce estimates of age (in
units of years), referred to as "DNA methylation age"
(DNAm age) or "epigenetic age". Recent studies
support the idea that these measures are at least passive
biomarkers of biological age. For instance, the
epigenetic age of blood has been found to be predictive
of all-cause mortality [40-43], frailty [44], lung cancer
[45], and cognitive and physical functioning [46], while
the blood of the offspring of Italian semi-supercentenarians (i.e. participants aged 105 or older) was
shown to have a lower epigenetic age than that of agematched controls [47]. Further, the utility of the
epigenetic clock method using various tissues and
organs has been demonstrated in applications
surrounding Alzheimer's disease [48], centenarian status
[47, 49], development [50], Down syndrome [51],
frailty [44], HIV infection [52], Huntington's disease
[53], obesity [54], lifetime stress [55], menopause [56],
osteoarthritis [57], and Parkinson's disease [58].

In addition to diet, other behaviors such as moderate
alcohol consumption, increased physical activity, and
higher educational attainment have all been linked to
reductions in morbidity and mortality risk [9-16]. Yet,
despite the strong evidence connecting lifestyle factors
to health outcomes, it is still unclear whether these
factors directly influence aging on a molecular level. In
previous work, leukocyte telomere length (LTL) has
been used to investigate the influence of lifestyle factors
on replicative aging in blood [17-21]. A cross-sectional
study of 2,284 participants from the Nurses’ Health
Study reported that LTL was associated with BMI,
waist circumference, and dietary intake of total fat,
polyunsaturated fatty acids, and fiber [22]. LTL was
also found to be longer among individuals who were
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However, relatively little is known about the
relationship between epigenetic aging rates and lifestyle
factors, such as diet, alcohol consumption, physical
activity, and educational attainment. Here, we
investigate these relationships by leveraging blood
DNA methylation data from two large epidemiological
cohorts. In our primary analysis, we use data from older
women within the Women's Health Initiative (WHI) to
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examine the relationships between epigenetic age
acceleration in blood and dietary variables, education,
alcohol, and exercise. In our secondary analysis, we
sought to validate the results in the Invecchiare nel
Chianti (InCHIANTI) Study, which is a populationbased prospective cohort study of residents ages 21 or
older from two areas in the Chianti region of Tuscany,
Italy.

expected based on their chronological age—or that the
individual is exhibiting accelerated epigenetic aging.
We find that IEAA is only moderately correlated with
EEAA (r=0.37), and that measurements on the same
individuals at different time points (mean difference 3.0
years between visit dates) showed moderately strong
correlations (IEAA r=0.70, EEAA r=0.66).
We first used a robust correlation test to relate our two
measures of epigenetic aging (IEAA and EEAA) to
select reported dietary exposures, blood nutrient levels,
cardiometabolic plasma biomarkers, and lifestyle
factors, designating a Bonferroni-corrected significance
threshold of α=7x10-4 (Figure 1). The correlation test
results for specific racial/ethnic groups are presented in
Supplementary Figure 1 and select marginal
associations are shown as bar plots in Supplementary
Figure 2. Pairwise correlations between dietary
variables, metabolic biomarkers, and lifestyle factors
are presented in Supplementary Figure 3.

Since our study revealed that metabolic syndrome is
associated with accelerated epigenetic aging, we also
carried out a post-hoc analysis that evaluated the effect
of metformin, which is a widely-used medication
against type 2 diabetes.

RESULTS
Sample characteristics
The WHI sample consisted of 4,173 postmenopausal
women including 2,045 Caucasians, 1,192 African
Americans, and 717 Hispanics. Chronological age
ranged from 50-82 years (mean=64, s.d.=7.1). The
InCHIANTI sample was composed of 402 participants
from a European (Italian) population, including 178
men (44%) and 229 women (56%). We used the most
current cross-sectional wave for this cohort, and at that
time-point participants ranged in age from 30 to 100
years (mean=71, s.d.=16). Additional details on
participant characteristics can be found in the Methods
and in Table 1.

EEAA exhibits weak but statistically significant
correlations with fish intake (r=-0.07, p=2x10-5),
alcohol consumption (r=-0.07, p=3x10-5, Supplementary
Figure 4), plasma levels of mean carotenoids (r=-0.13,
p=2x10-9), alpha-carotene (r=-0.11, p=9x10-8), betacarotene (r=-0.11, p=3x10-7), lutein+zeaxanthin (r=-0.9,
p=1x10-5), beta-cryptoxanthin (r=-0.11, p=3x10-7),
gamma-tocopherol (r=0.09, p=9x10-6), triglyceride
(r=0.7, p=6x10-6), C-reactive protein (CRP, r=0.12,
p=2x10-10), insulin (r=0.11, p=3x10-12), HDL
cholesterol (r=-0.09, p=2x10-8), glucose (r=0.06,
p=2x10-4), systolic blood pressure (r=0.07, p=4x10-6),
waist-to-hip ratio (WHR, r=0.09, p=2x10-8), BMI
(r=0.09, p=2x10-8), education (r=-0.10, p=3x10-10),
income (r=-0.06, p=1x10-4), and exercise (r=-0.07,
p=2x10-5, Figure 1). In contrast, the intrinsic epigenetic
aging rate exhibits weaker correlations with dietary
variables and lifestyle factors: IEAA is only associated
with BMI (r=0.08, p=1x10-6), and plasma levels of
gamma-tocopherol (r=0.08, p=2x10-4), CRP (r=0.08,
p=6x10-5), insulin (r=0.07, p=2x10-5), glucose (r=0.06,
p=8x10-5), and triglyceride levels (r=0.05, p=5x10-4,
Figure 1).

Dietary and metabolic associations with measures of
age acceleration
Here we leverage two distinct measures of epigenetic
age acceleration which are based on different sets of
CpGs: intrinsic epigenetic age acceleration (IEAA), and
extrinsic epigenetic age acceleration (EEAA)
(Methods). Epigenetic age acceleration is broadly
defined as the epigenetic age left unexplained by
chronological age, where intrinsic and extrinsic denote
additional modifications to this concept. In addition to
adjusting for chronologic age, IEAA also adjusts the
epigenetic clock for blood cell count estimates, arriving
at a measure that is unaffected by both variation in
chronologic age and blood cell composition. EEAA, on
the other hand, integrates known age-related changes in
blood cell counts with a blood-based measure of
epigenetic age [37] before adjusting for chronologic
age, making EEAA dependent on age-related changes in
blood cell composition. In essence, IEAA can be
interpreted as a measure of cell-intrinsic aging and
EEAA as a measure of immune system aging, where for
both, a positive value indicates that the epigenetic age
of an individual (organ or tissue) is higher than
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Meta-analysis of multivariable linear models link
epigenetic age acceleration to diet
Associations with EEAA
We have recently shown that ethnicity relates to
epigenetic aging rates: e.g. Hispanics have lower levels
of IEAA compared to other ethnic groups [59]. Given
the potential for confounding by sociodemographic and
lifestyle factors, we used Stouffer's method to metaanalyze multivariate linear models, stratified by
racial/ethnic group, in order to re-examine the
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suggestive associations from our marginal correlation
analysis. After adjusting for sex and dataset (Figure
2A), we find that lower EEAA is significantly
associated with greater intake of fish (tmeta=-2.92,
pmeta=0.003), higher education (tmeta=-4.14, pmeta=3x105
), lower BMI (tmeta=4.86, pmeta=1x10-6), and current
drinker status (tmeta=-3.23, pmeta=0.001). However, we

find no association for current smoking status, and
poultry intake, and only a trend toward association with
physical activity (tmeta=-1.70, pmeta=0.09). In the subset
of WHI participants with circulating carotenoid
measurements, we also find that mean carotenoid levels
are associated with EEAA (tmeta=-4.34, pmeta=1x10-5,
Supplementary Figure 5A).

Figure 1. Marginal correlations with epigenetic age acceleration in the WHI. Correlations (bicor, biweight
midcorrelation) between select variables and the two measures of epigenetic age acceleration are colored according
to their magnitude with positive correlations in red, negative correlations in blue, and statistical significance (p‐
values) in green. Blood biomarkers were measured from fasting plasma collected at baseline. Food groups and
nutrients are inclusive, including all types and all preparation methods, e.g. folic acid includes synthetic and natural,
dairy includes cheese and all types of milk, etc. Variables are adjusted for ethnicity and dataset (BA23 or AS315).

www.aging‐us.com

422

AGING (Albany NY)

Table 1. Characteristics of the WHI and InCHIANTI samples.

Ethnic

WHI data set
Sex

American Indian or Alaskan Native
Asian or Pacific Islander
Black or African-American
Hispanic/Latino
White (not of Hispanic origin)
Other
BA23
AS315
Male
Female
Nonsmoker
Smoker
< Primary
> Primary
> Lower secondary
> Upper secondary
> Higher
Active
Inactive

WHI
Count Percent
56
1%
140
3%
1277
28%
784
17%
2196
49%
37
1%
2098
47%
2392
53%

InCHIANTI
Count Percent

178
229
367
40
80
154
91
62
20
329
78
Mean
2069
52.4
15.8
30.9
1.1
0.2
0.2
2.8

44%
56%
90%
10%
20%
38%
22%
15%
5%
81%
19%
SD
573
6.9
2.0
5.5
0.5
0.2
0.2
1.8

4027
90%
439
10%
43
1%
154
3%
293
7%
Education
2588
58%
1393
31%
894
20%
Physical activity
3572
80%
Mean
SD
Total energy, kcal kcal/day
1641
777
Carbohydrate
% kcal
49.0
9.1
Protein
% kcal
16.5
3.3
Fat
% kcal
34.6
8.1
Red meat serv/day
0.8
0.7
Poultry serv/day
0.4
0.3
Diet
Fish serv/day
0.3
0.3
Dairy serv/day
1.6
1.3
Whole grains serv/day
1.2
0.9
Nuts serv/day
0.2
0.3
0.0
0.1
Fruits serv/day
1.7
1.3
1.9
0.9
Vegetables serv/day
1.9
1.3
1.6
0.8
Alcohol
g/day
3.6
9.6
12.7
14.9
IEAA
years
0.0
4.7
0.2
4.6
EEAA
years
0.0
6.0
-0.2
6.5
C-reactive protein
mg/L
5.2
6.6
3.9
7.4
Insulin
mg/dL
57.1
115.3
Glucose
mg/dL 106.3
38.0
93.0
21.3
Triglycerides
mg/dL 146.4
85.6 122.7
81.5
Total cholesterol
mg/dL 228.4
42.7 207.2
36.6
Measurements
LDL cholesterol
mg/dL 144.9
39.7 125.5
32.1
HDL cholesterol
mg/dL
54.0
14.3
57.6
15.7
Creatinine
mg/dL
0.8
0.2
0.9
0.4
Systolic blood pressure
mmHg 130.0
18.0 129.3
19.8
Diastolic blood pressure
mmHg
75.8
9.4
77.2
10.3
Waist / hip ratio
cm/cm
0.8
0.1
0.9
0.1
BMI
cm/m2
29.7
6.0
27.0
4.3
The cohort samples are listed for each column and variables of interest are listed for each row.
The upper portion of the table correspond to categorical variables and are described using counts
and percentages; the lower portion of the table displays continuous variables which are described
using means and standard deviations (SD).
Current smoker

www.aging‐us.com

423

AGING (Albany NY)

Figure 2. Meta‐analysis of multivariable linear models of EEAA and IEAA in the WHI and InCHIANTI. EEAA (panel A) and IEAA
(panel B) were regressed on potential confounding factors, fish and poultry intake, and current drinker status for the ethnic strata with
sufficient sample sizes (n>100). Individual columns correspond to coefficient estimates (β) colored blue or red for negative and positive values
respectively, and p‐values (p) colored in green according to magnitude of significance, with the exception of the last two columns which denote
Stouffer's method meta‐t and meta‐p values. Models are adjusted for originating dataset (WHI BA23 or AS315) and for sex (InCHIANTI).

tenoid measurements, EEAA was negatively associated
with mean carotenoid levels (β=-1.10, p=1x10-4) while
appearing to diminish associations with biomarkers
(Supplementary Figure 6A, model 5).

Multivariate linear models were used to examine
whether variations in cardiometabolic biomarkers
and/or the number of symptoms for metabolic syndrome
accounted for any of the associations between EEAA
and lifestyle factors. The inclusion of biomarkers in an
unstratified model shows that EEAA positively relates
to CRP (log2, β=0.31, p=3x10-4, Figure 3A, model 3)
and that this is accompanied by a concomitant
diminishing in the effect size of BMI (67% decrease in
coefficient magnitude, Figure 3A, model 2 vs. model 5),
suggesting that higher CRP may partially explain the
positive association between BMI and EEAA. When
metabolic syndrome (MetS) was included in the model,
results showed that higher EEAA is positively
associated with the number of metabolic syndrome
symptoms (β=0.29, p=0.002, Figure 3A, model 4). In
the subset of participants with both biomarker and caro-

Additionally, we find that for the small subset of
individuals for whom we have EEAA measurements at
two time points (n=239, mean time interval = 2.7 years),
increase in BMI (β=0.40, p=0.002) but not initial BMI
(β=-0.01, p=0.81) is significantly associated with
increased EEAA (higher follow-up EEAA after
adjusting for the initial EEAA, dataset, and ethnicity).
Associations with IEAA
We conducted an analogous meta-analysis of ethnicallystratified linear models of IEAA and found that lower
IEAA was significantly associated with poultry intake

Figure 3. Multivariate linear models of EEAA and IEAA with and without biomarkers in the WHI. EEAA (panel A) and IEAA
(panel B) were regressed on potential confounding factors, fish and poultry intake and current drinker status, and select biomarkers.
Individual columns list the corresponding coefficient estimates (β) and p‐values (p) for each fitting. Coefficients are colored according to sign
(positive = red, negative = blue) and significance according to magnitude (green). Models 1 through 5 correspond to a minimal model, a model
including dietary intake variables, a model including potential explanatory biomarkers, a model including number of metabolic syndrome
symptoms and a complete model with all of the variables above, respectively. Models are adjusted for originating dataset (BA23 or AS315).
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(tmeta=-3.30, pmeta=0.001) and lower BMI (tmeta=4.14,
pmeta=4x10-5), after adjusting for potential confounders
(Figure 2B). In the subset of participants with measured
carotenoids, IEAA was significantly associated with
mean carotenoid levels (tmeta=-2.47, pmeta=0.01,
Supplementary Figure 5B). When regressed on clinical
biomarkers IEAA was significantly associated with
triglycerides (log2, β=0.40, p=0.02, Figure 3B, model
3). Their inclusion diminished the association between
IEAA and BMI (60% decrease in coefficient magnitude,
Figure 3B, model 2 vs. model 5). Number of metabolic
syndrome symptoms was also significantly associated
with IEAA (β=0.27, p=4x10-4, Figure 3B, model 4), and
diminished the association between IEAA and BMI by
50%. In the subset of WHI participants with circulating
carotenoid measurements, we find a trend toward
association between IEAA and mean carotenoid levels
(β=-0.40, p=0.07, Supplementary Figure 6B, model 5).
Finally, in the participants with epigenetic profiling at
two time points, increase in BMI (β=0.22, p=0.03) but
not initial BMI (β=-0.22, p=0.44) is significantly
associated with increased IEAA (higher follow-up
IEAA after adjusting for the initial IEAA, dataset, and
ethnicity).

Metformin and epigenetic age acceleration
Considering the significant association between our
measures of epigenetic aging and markers of diabetes,
we investigated the potential of metformin to modulate
epigenetic aging. As shown in Supplementary Figure 7,
women in the No Metformin group were the oldest,
with mean ages around 65 years, compared to mean
ages around 64 years for the Metformin Now group and
62.5 years for the Metformin Future group. Those in the
No Metformin group also appeared to have a higher
proportion of college graduates compared to the other
two groups, whose members tended to have lower
educational attainment. The two Metformin groups had
much higher proportions of Non-Hispanic blacks, and
somewhat higher proportions of Hispanics. As
expected, women who were prescribed Metformin had
the highest fasting insulin, fasting glucose, and HOMAIR levels, with current Metformin users being the
highest of all. Similarly, among Metformin users,
fasting insulin, fasting glucose, and HOMA-IR levels
were inversely associated with timing of Metformin
initiation. This suggests that 1) women who had been on
Metformin the longest at the time of blood draw were

Figure 4. Pictorial summary of our main findings. The blue and red arrows depict anti‐
aging and pro‐aging effects in blood respectively. The two clocks symbolize the extrinsic
epigenetic clock (enhanced version of the Hannum estimate) and the intrinsic epigenetic clock
(Horvath 2013) which are dependent and independent of blood cell counts, respectively.
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the most insulin resistant—arguably because they were
long-time diabetics—and 2) among women who would
use Metformin in the future, those who would receive
prescriptions sooner—who may already have prediabetes or diabetes at the time of blood draw—were
more insulin resistant than women who were prescribed
Metformin later.

epigenetic age acceleration in blood. Our main findings
are summarized graphically in Figure 4. Overall, our
dietary results are consistent with some of the current
Dietary Guidelines for Americans [60, 61], reflecting
potential health benefits associated with higher intake of
fish, poultry, and fruits and vegetables. The weak
correlations between dietary factors and epigenetic
aging rates probably reflect that a relatively large
proportion of the variance in aging rates (around 40
percent) is explained by genetic factors [38, 59, 62]. We
find that education, physical activity, low body mass
index are associated with a slow extrinsic age
acceleration both in univariate correlation tests (Figure
1) and in multivariate regression models (Figure 2A,
3A). However, consistent with our previous work,
smoking status was not associated with epigenetic age
acceleration [45], which highlights that not every poor
lifestyle choice is associated with an increased
epigenetic aging effect in blood tissue.

As shown in Supplementary Figure 8, when examining
the full sample, IEAA and EEAA were highest for
women in the Metformin Now group, although
differences between Metformin Now and Metformin
Future were not significant. Further, the timing of
Metformin prescription relative to the timing of blood
draw was not associated with either IEAA or EEAA.
Overall, these results held for IEAA when restricting
the sample to only Non-Hispanic whites, Non-Hispanic
blacks, or women at least 65 years of age. Results for
EEAA held when restricting the sample to only
Hispanics, women less than 65 years of age, or those
with fasting glucose levels under 126 mg/dL.
Nevertheless, there were no strata in which women in
the Metformin Now group had significantly lower
IEAA or EEAA than women in either the No
Metformin or the Metformin Future group.

EEAA, inflammation, and metabolic functioning
The age-related changes in immune functioning and
inflammation are believed to contribute to increased
susceptibility of a wide range of diseases later in life,
including diabetes, some cancers, cardiovascular,
neurodegenerative, auto-immune, and infectious
diseases [63, 64]. In our analysis, EEAA, a biomarker
which explicitly incorporates aspects of immune system
aging such as age-related changes in blood cell counts,
was associated with cardiometabolic biomarkers, fish,
fruit, vegetable, and alcohol intake.

Given that Metformin may not be effective for all or that
not all women prescribed Metformin may comply with
their physician’s recommendations, we compared future
Metformin users to current Metformin users who had
fasting glucose levels under 140 mg/dL (Supplementary
Figure 9). Similar to Supplementary Figure 8, no
significant differences were found for the two metformin
groups, and in most cases those currently on Metformin
had somewhat higher IEAA and EEAA than those who
would be prescribed Metformin in the future.

DISCUSSION

Our finding that fish intake was negatively associated
with EEAA is consistent with prospective studies
suggesting that fish consumption is protective against
various age-related diseases [65-67]. The benefits of fish
intake may be mediated in part through the omega-3 fatty
acids, eicosapentaenoic acid (EPA) and docosahexaenoic
acid (DHA), which stimulate the synthesis of antiinflammatory cytokines [68]. This is further supported by
our finding that CRP—a well-known marker of
inflammation—was the most significant explanatory
biomarker of EEAA. This suggests that one reason higher
fish consumption may lower EEAA is because it has
beneficial anti-inflammatory or metabolic effects. The
consensus between these associations also appears to
converge on MetS as a potential mediating factor; this
was further supported by our results showing that the
number of MetS characteristics significantly relates to
EEAA. Though CRP is not included in most MetS
diagnostic criteria, the association between the two has
been previously established [69].

To our knowledge, this is the first study to examine
associations between lifestyle factors and measures of

We also find that alcohol consumption was negatively
associated with EEAA even after adjusting for potential

Finally, when using women with repeat blood draws to
compare the change in IEAA and EEAA for those who
started Metformin between the two visits to those who
didn’t (Supplementary Table 1), we find that, while
those who start Metformin appear to have lower IEAA
(β=-0.79), the difference is not significant (P=0.46).
Results for EEAA show very little difference between
those who start Metformin between first and second
blood draws, and those who don’t (β=-0.003, P=0.99).
Given that we only have 11 women who start
Metformin, our null results, particularly for IEAA, may
be due to a lack a power. Thus, in moving forward, this
analysis may be worth revisiting in a randomized
control trial or after acquiring larger sample sizes.
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confounders such as socioeconomic status; this is
consistent with prospective studies which have
identified light to moderate alcohol intake as a
protective factor against all-cause and CHD-related
mortality [70, 71] and is supported by a recent
publication that also found an inverse association
between epigenetic age and alcohol intake in Caucasian
and African American individuals (n=656, n=180,
respectively) [72]. In our study, we find that the
potential benefits of alcohol consumption are observed
using a threshold of more than one serving per month,
though the effect size of this variable was also stable
when adding weekly and daily intake levels
(Supplementary Figure 4A-D). The association appears
to be driven by wine consumption though there is also a
trend towards association with beer (Supplementary
Figures 4E-H). This is consistent with other studies
have suggested that wine may have added benefits
compared to light alcohol consumption [73]. This
finding may also be related to the anti-inflammatory
effects of light alcohol consumption, which are
associated with decreased circulating levels of
inflammatory markers such as IL-6 and CRP [74].
Alternatively, this may be the result of reverse
causation, whereby individuals suffering from health
issues abstain from alcohol consumption [75], though
interventional studies support a causal protective effect
of moderated alcohol intake on cardiovascular blood
biomarkers [76].

adjusted LTL. In contrast, IEAA is not significantly
associated with LTL, supporting the idea that these
measures represent different aspects of aging.
Intrinsic epigenetic aging and metabolic health
Results showed that BMI has a positive association with
IEAA (Figure 3B, model 2). The statistically significant
but weak correlations between BMI and epigenetic age
acceleration in blood (r<0.10) are much smaller than
those we recently reported for human liver (r=0.42)
[54], suggesting that associations between aging
signatures and risk factors may vary in strength
depending on the tissue, and may be stronger in
organs/tissues most affected by the risk. Interestingly,
IEAA was also associated with number of metabolic
syndrome characteristics, suggesting a role in tracking
metabolic aging processes (Figure 3B, model 4).
We did find that reported poultry intake was negatively
associated with IEAA, even after adjusting for potential
confounders and explanatory factors (Figure 3B, model
5). Given the relative inert behavior of IEAA, the
mechanism by which poultry may affect aging is
unclear.
Lack of an effect of metformin
Metformin, which is a first-line medication for the
treatment of type 2 diabetes, has garnered substantial
interest by aging researchers [87]. The fact that we did
not detect an anti-aging effect of metformin in our study
could be due to the following factors: a) it could reflect
the limitations/biases of an observational study, b) it
could reflect the limited sample size, or c) that
metformin does not affect epigenetic aging rates of
blood tissue. Future randomized controlled trials should
revisit the question whether metformin affects
epigenetic aging rates in blood or other tissues.

Though EEAA only trended toward association with
reported fruit and vegetable intake, we find significant
associations with blood carotenoid levels, which are
quantitative surrogates of fruit and vegetable intake; this
is likely a reflection of the bias and inaccuracy of selfreported diet. This is in agreement with the wide range
of literature supporting the protective effects of high
fruit and vegetable intake against age-related diseases
CHD [77, 78], stroke [79], type-2 diabetes [80], breast
cancer[81], and all-cause mortality [82]. The association
between fruit and vegetables with aging of the blood
immune system may be partially mediated by antiinflammatory [83, 84] and cardiometabolic effects,
however it is interesting to note that the explanatory
power of mean carotenoid levels remained even after
including the other explanatory factors into the model,
suggesting the possibility of independent anti-aging
mechanisms (Supplementary Figure 6A, model 5).

Generalization to the InCHIANTI
Our results from the InCHIANTI show some validation
of our findings from the WHI: fish intake was related to
EEAA, and poultry was related to IEAA. Associations
with available biomarkers of cardiometabolic health,
however, were not found to be validated, and in a few
cases were reversed in directions, within the
InCHIANTI (data not shown).

Our results for EEAA also share similarities with
previously reported findings showing that LTL relates
to BMI [22], metabolic factors, vegetable consumption
[85], and dietary intake of foods high in omega-3 fatty
acids [86]. This agreement is likely a reflection of the
shared immunological basis, which is supported by the
weak negative correlation between EEAA and age-
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The discrepancies between the WHI and InCHIANTI
cohorts may be due to numerous differences in the
study population (cultural, demographic, genetic, health
status, Table 1) and data collection methodology
(dietary assessment). Despite being younger, on
average, US participants from the WHI had higher body
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mass indexes (BMI), and worse metabolic health than
their Italian counterparts—as indicated by their greater
prevalence of metabolic syndrome (23% in the WHI
versus 7.6% in the InCHIANTI).

using longitudinal data in the WHI, we found that
change in both EEAA and IEAA are significantly
associated with change in BMI, suggesting that both
modes of epigenetic aging may respond to changes in
lifestyle, at least with respect to change in obesity.
Overall, our results are consistent with previous
literature supporting the protective effects of fish,
poultry and alcohol consumption, exercise, education,
as well as the risk of obesity and dyslipidemia.

The InCHIANTI study is also arguably underpowered
(n=402) when it comes to detecting the weak associations with epigenetic age acceleration. According to
sample size calculations (PASS software), we find that
n=1820 samples are needed to provide 80% power to
detect a correlation of r=0.08 at a two-sided significance
level of α=0.01. Similarly, n=1163 samples are needed
to detect a correlation of r=0.10.

METHODS
Estimation of DNA methylation age

Limitations

DNAm age (also referred to as epigenetic age) was
calculated from human samples profiled with the
Illumina Infinium 450K platform, described in detail in
[38]. Briefly, the epigenetic clock is defined as a
prediction method of age based on the DNAm levels of
353 CpGs. Predicted age, referred to as DNAm age,
correlates with chronological age in sorted cell types
(CD4+ T cells, monocytes, B cells, glial cells, neurons),
tissues, and organs, including: whole blood, brain,
breast, kidney, liver, lung, saliva [38].

While our study of the WHI benefits from having a
relatively large sample size, associations with
epigenetic aging may not be detectable in smaller
studies given the weak effect sizes observed here. This
situation is exacerbated by self-reported lifestyle habits
which are notorious for bias and inaccuracy, limiting
their ability to represent true lifestyle habits and
potentially producing false negative results. Further, as
evidenced by our results from the ethnic strata and the
InCHIANTI, studies conducted in different ethnic
populations may not be entirely consistent due to
fundamental differences in age, diet, culture, and
demographics. There were several potential limitations
to this study, which include the assumption of nonconfounding from unmeasured variables such as
existing patient co-morbidities and the assumption of
accuracy and long-term consistency of reported dietary
habits. This is the first longitudinal study to show that
an increase in BMI is associated with an increase in
epigenetic age acceleration but larger longitudinal
studies will be needed to dissect causal relationships
between epigenetic aging rates and dietary measures,
education, exercise, and lifestyle factors.

We also applied the Hannum measure of DNAm age
based on 71 CpGs which was developed using DNA
methylation data from blood [37].
Despite high correlations, DNAm age estimates can
deviate substantially from chronological age at the
individual level, and adjusting for age we can arrive at
measures of epigenetic age acceleration as described in
the following.
Estimation of Intrinsic and Extrinsic Epigenetic Age
Acceleration (IEAA, EEAA)
In this article, we consider two measures of epigenetic
age acceleration. These measures, referred to as intrinsic
and extrinsic age acceleration only apply to blood.
IEAA is derived from the Horvath measure of DNAm
age based on 353 CpGs [38], and is defined as the
residual resulting from regressing Horvath DNAm age
on chronological age and estimates of plasmablasts,
naive and exhausted CD8+ T cells, CD4+ T cells,
natural killer cells, monocytes, and granulocytes. Thus,
IEAA is independent of chronological age and most of
the variation in blood cell composition. IEAA is meant
to capture cell-intrinsic properties of the aging process
that exhibits preservation across various cell types and
organs.

Conclusions about epigenetic age acceleration
Our large sample size (n>4500) provides sufficient
statistical power for one of our main conclusions: diet
has only a weak effect on epigenetic aging rates in
blood. These findings will be valuable for researchers
who plan to use epigenetic biomarkers in dietary
intervention studies. The wide range of associations
found with EEAA suggest that immune system aging
may be closely linked to conventional notions of
metabolic health and may be sensitive to variations in
environment and lifestyle. In contrast, IEAA has few
associations, which is consistent with the hypothesis
that cell-intrinsic aging remains relatively stable, more
likely being determined by an intrinsic aging or
developmental process under genetic control. Further,
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EEAA can be interpreted as an enhanced version of the
Hannum measure of DNAm age based on 71 CpGs
[37]. EEAA up-weights the contributions of age related
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blood cell counts [43]. Specifically, EEAA is defined
using the following three steps. First, we calculated the
epigenetic age measure from Hannum et al, which
already correlated with certain blood cell types [40].
Second, we increased the contribution of immune blood
cell types to the age estimate by forming a weighted
average of Hannum’s estimate with 3 cell types that are
known to change with age: naïve (CD45RA+CCR7+)
cytotoxic T cells, exhausted (CD28-CD45RA-)
cytotoxic T cells, and plasmablasts using the Klemera
Doubal approach [88]. The weights used in the
weighted average are determined by the correlation
between the respective variable and chronological age.
The weights were chosen on the basis of the WHI data
and the same (static) weights were used for all data sets.
Finally, EEAA was defined as the residual variation
resulting from a univariate model regressing the
resulting age estimate on chronological age. Thus,
EEAA tracks both age related changes in blood cell
composition and intrinsic epigenetic changes.

Dietary intake levels were assessed at baseline using the
WHI Food Frequency Questionnaire [90]. Briefly,
participants were asked to report on dietary habits in the
past three months, including intake, frequency, and
portion sizes of foods or food groups, along with
questions concerning topics such as food preparation
practices and types of added fats. Nutrient intake levels
were then estimated from these responses. For current
drinker, we use the threshold of more than one serving
equivalent (14g) within the last 28 days.
Estimation of blood cell counts based on DNA
methylation levels
We estimate blood cell counts using two different
software tools. First, Houseman's estimation method
[91], which is based on DNA methylation signatures
from purified leukocyte samples, was used to estimate
the proportions of CD8+ T cells, CD4+ T, natural killer,
B cells, and granulocytes (also known as polymorphonuclear leukocytes). Second, the advanced analysis
option of the epigenetic clock software [38, 52] was
used to estimate the percentage of exhausted CD8+ T
cells (defined as CD28-CD45RA-) and the number
(count) of naïve CD8+ T cells (defined as
CD45RA+CCR7+). We and others have shown that the
estimated blood cell counts have moderately high
correlations with corresponding flow cytometric
measures [91, 92]. For example, flow cytometric
measurements from the MACS study correlate strongly
with DNA methylation based estimates: r=0.63 for
CD8+T cells, r=0.77 for CD4+ T cells, r=0.67 for B
cell, r=0.68 for naïve CD8+ T cell, r=0.86 for naïve
CD4+ T, and r=0.49 for exhausted CD8+ T cells [92].

In a recent large scale meta-analysis involving over 13
thousand subjects from 13 cohorts, we have shown that
both IEAA and EEAA are predictive of mortality,
independent of chronological age, even after adjusting
for additional risk factors, and within the racial/ethnic
groups that we examined (Caucasians, Hispanics,
African Americans) [43].
IEAA and EEAA can be obtained from the online
DNAm age calculator (http://labs.genetics.ucla.edu/
horvath/dnamage/), where they are denoted as
AAHOAdjCellCounts and BioAge4HAStaticAdjAge,
respectively.

Blood biomarkers and DNA methylation in the WHI

Dietary assessment in the Women's Health Initiative
(WHI)

Two separate subsamples were aggregated for our study
within the WHI (BA23 and AS315). Both had baseline
blood specimens collected after an overnight fast in
EDTA tubes and stored at -70C. These samples were
processed at the WHI core laboratory and select nutrient
and cardiovascular biomarkers were measured including
lycopene, alpha- & beta-carotene, alpha- & gammatocopherol, C-reactive protein, triglycerides, total, LDL,
and HDL cholesterol.

Participants were selected from the WHI, a national
study that began in 1993 and enrolled postmenopausal
women between the ages of 50-79 years into either
randomized clinical trials (RCTs) or into an
observational study [89] (more details available in
Supplementary Information). Participants completed
self-administered questionnaires at baseline which
provided personal information on a wide range of
topics, including sociodemographic information (age,
education, race, income), and current health behaviors
(recreational physical activity, tobacco and alcohol
exposure, and diet). Participants also visited clinics at
baseline where certified Clinical Center staff collected
blood specimens and performed anthropometric
measurements including weight, height, hip and waist
circumferences, and systolic and diastolic blood
pressures; body mass index and waist to hip ratio were
calculated from these measurements (Table 1).
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For the first subsample (BA23) consisting of 2098
samples, DNA methylation levels were measured using
the Illumina Infinium HumanMethylation450 BeadChip
at the HudsonAlpha Institute of Biotechnology. This
platform uses bisulfite conversion to quantify
methylation levels at 485,577 specific CpG sites
genome-wide. Samples were prepared according to the
standard Illumina protocol, and β methylation values
were calculated from the intensity ratio between
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In the InCHIANTI study, dietary intake for the past year
was assessed using a 236 item food frequency
questionnaire (FFQ) for the European Prospective
Investigation on Cancer and nutrition (EPIC) study,
previously validated in the InCHIANTI population [95].
The FFQ was administered by a trained interviewer and
collected information on how frequently (weekly,
monthly, yearly) each specific food was generally
consumed. Participants were asked to specify the size of
the portion usually consumed, in comparison to a range
of portion that are shown in colored photographs.
Nutrient data for specific foods were obtained from the
Food Composition Database for Epidemiological
Studies in Italy [96]. Dietary information was judged as
unreliable and excluded from further analysis if
reported energy intakes were <600 kcal/day or >4,000
kcal/day and >4,200 kcal/day in women and men,
respectively.

methylated and total (methylated and unmethylated)
probe fluorescence intensities. Methylation data was
processed as described in [38]. In order to test the
quality of these array measurements, we perform
correlation measures with duplicates within this dataset
and with a "gold" standard which is an average of many
samples previously collected. Correlation between
duplicates and with the gold standard were high (r>0.9),
indicative of high quality measurements.
The second WHI data set is described in the following.
WHI-EMPC description
The Women’s Health Initiative – Epigenetic
Mechanisms of PM-Mediated CVD (WHI-EMPC,
AS315) is an ancillary study of epigenetic mechanisms
underlying associations between ambient particulate
matter (PM) air pollution and cardiovascular disease
(CVD) in the Women’s Health Initiative clinical trials
(CT) cohort. The WHI-EMPC study population is a
stratified, random sample of 2,200 WHI CT participants
who were examined between 1993 and 2001; had
available buffy coat, core analytes, electrocardiograms,
and ambient concentrations of PM; but were not taking
anti-arrhythmic medications at the time. As such, WHIEMPC is representative of the larger, multiethnic WHI
CT population from which it was sampled: n = 68,132
participants aged 50-79 years who were randomized to
hormone therapy, calcium/vitamin D supplementation,
and/or dietary modification in 40 U.S. clinical centers at
the baseline exam (1993-1998) and re-examined in the
fasting state one, three, six, and nine years later [93].

Blood biomarkers and DNA methylation in the
InCHIANTI
Sampling and data collection procedures have been
described elsewhere [97]. Briefly, participants were
enrolled between 1998 and 2000 and were examined at
three-year intervals. Serum samples obtained from
blood collected in evacuated tubes without anticoagulant were centrifuged at 2000g for 10 min, and
stored at -80 °C for measurement of glucose, total,
LDL, and HDL, cholesterol, triglycerides, CRP, and
creatinine. DNA methylation was assayed using the
Illumina Infinium HumanMethylation450 platform for
n=407 participants with sufficient DNA at both baseline
(years 1998-2000) and year 9 follow-up visits (20072009).

Illumina Infinium HumanMethylation450 BeadChip
data from the Northwestern University Genomics Core
Facility for WHI-EMPC participants sampled in stages
1a (800 participants), 1b (1200 participants), and 2 (200
participants x 2 samples each) was quality controlled
and batch adjusted. Batch adjustment involved applying
empirical Bayes methods of adjusting for stage and
plate as implemented in ComBat [94].

Assessment of metabolic syndrome
Metabolic syndrome status was assessed using the
ATPIII NCEP 2004 criteria defined by the presence of 3
or more of the following characteristics: waist
circumference >88cm (if male, >102cm), systolic blood
pressure >130mmHg or diastolic blood pressure
>85mmHg, fasting plasma glucose >100mg/dL, HDL
cholesterol <50mg/dL (if male, <40mg/dL), and
triglycerides >150mg/dL. In regression models, we use
total number of metabolic syndrome characteristics as
an ordinal variable, ranging from 0 to 5.

Dietary assessment in the Invecchiare nel Chianti
(InCHIANTI)
The InCHIANTI Study is a population-based
prospective cohort study of residents ages 30 or older
from two areas in the Chianti region of Tuscany, Italy.
Data on demographic and lifestyle factors such as
smoking, years of education, BMI, and physical activity
were collected during the baseline interview. Physical
activity in the previous year was categorized as
sedentary or active. Smoking was categorized into
current smoker versus former or non-smokers (Table 1).
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Statistical analyses
Dietary analysis
Biweight midcorrelation, an outlier-robust correlation
measure, was used to assess marginal linear
relationships between epigenetic aging measures and
dietary, cardiometabolic, and socioeconomic factors. To
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adjust for possible socioeconomic and lifestyle
confounders, we fit ethnically-stratified multivariable
linear models adjusting for education, exercise, BMI,
and current drinker and smoker status. We used
Stouffer's method to infer the meta-analytic significance
of each variable over the different ethnic strata using the
square-root of the sample size as the Z-score weighting
factor. Specifically for the WHI, the age acceleration
measures were adjusted for differences in originating
dataset and within the InCHIANTI the measures were
adjusted for sex. Models including regression on
biomarkers, and number of metabolic syndrome
symptoms were not stratified by ethnicity due to lack of
coverage for biomarker profiling. Models were
designed based on common prior knowledge and in
cases where there was co-linearity between confounding
variables, choice for adjustment was selected based on
variable commonality in order to improve comparability
with other studies, e.g. BMI was chosen over WHR
because BMI is more commonly measured and reported.
Variables with skewness >1 were log transformed
(possibly adding +1 to avoid forming the logarithm of
zero). Mean carotenoids was computed as the mean
across standardized measures of lycopene, log2(alphacarotene), log2(beta-carotene), log2(lutein + zeaxanthin),
and log2(beta-cryptoxanthin). Repeat measurements on
the same individuals were omitted from the analysis.

oldest ages of initiation reported as 41 and 85,
respectively.
We utilized the reported age of Metformin initiation to
estimate whether women were using metformin at the
time of blood draw (when DNAm age was measured),
and if so, how long they had been on the drug. For those
women who started using Metformin after the date of
blood draw, we were also able to calculate the time
between blood draw and starting on Metformin. Based
on this, we classified women in to three categories—
“No Metformin” (those who never used Metformin),
“Metformin Now” (those on Metformin at the time of
blood draw), and “Metformin Future” (those who began
Metformin after blood draw). In our sample, 4,073
women were in the No Metformin group, 139 were in
the Metformin Now group, and 350 were in the
Metformin Future group.
Kruskal Wallis tests were used to compare the ages at
blood draw, education levels, race/ethnicity, fasting
glucose levels, fasting insulin levels, and degree of
insulin resistance (measured using the Homeostatic
Model Assessment of Insulin Resistance--HOMA_IR).
Biweight midcorrelations were used to examine whether
these characteristics differed as a function of the timing
of Metformin initiation among those on Metformin at
some point during the study. Next Kruskal Wallis tests
and biweight midcorrelations were used to examine
whether Metformin group classification and/or the
timing of Metformin use was associated with IEAA or
EEAA. For these models, both IEAA and EEAA were
adjusted for age at blood draw, education, and
race/ethnicity. These models were run using the full
sample, and stratifying by age at blood draw (<65 years
vs. 65+ years), race/ethnicity, and fasting glucose levels
(<126 mg/dL vs. 126+ mg/dL). Next, a two group
comparison was made for the full sample and stratifying
by race/ethnicity between a) 47 women in the
Metformin Now group for whom Metformin was
potentially effective (fasting glucose < 140 mg/dL), and
b) the 350 women in the Metformin Future group.
Finally, there were 308 women who 1) had IEAA and
EEAA measured during at least two separate WHI visits
and 2) were not on Metformin at the time of their first
blood draw. Of these women, 11 started Metformin in
between their two blood draws. Based on this, we used
linear models to compare the change in IEAA and
EEAA between women who started Metformin between
their first and second IEAA and EEAA measure and
those who did not. Models were adjusted for age at first
blood draw, age at second blood draw, race/ethnicity,
education, glucose levels at first blood draw, and either
IEAA or EEAA at first blood draw.

Metformin analysis
Prescription medication use was collected at baseline
for women in both the clinical trial and the
observational study. Follow-up recording of new
medication was done at years 1, 3, 6, and 9 for women
enrolled in clinical trial and at year 3 for those enrolled
in the observational study. At each of these waves,
participants were asked to bring in their prescription
medication bottles and interviewers recorded the
National Drug Code (NDC), the product name, and
generic name for each drug. In our analysis, those who
took prescription drugs that fell under the Therapeutic
Class Codes (TCCODE), 272500 or 279970 were coded
as taking Metformin. TCCODE 272500 covered the
following drugs: Metformin HCL, Metformin ER,
Fortamet, Glucophage XR, Glucophage, and Riomet; all
of which were Metformin HCL tablets. TCCODE
279970 covered the following drugs: Glucovance,
Glyburide/Metformin HCL, and Metaglip; the first two
of which were Glyburide and Metformin HCL
combination tablets, whereas the later is a Glipizide
Metformin HCL combination tablet. In our study,
approximately 12% (n=489) of women were reported as
using Metformin at some time during the study. Women
were also asked the age at which they started using
prescribed medication. On average, women in our study
began metformin use at age 65, with the youngest and
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SUPPLEMENTARY INFORMATION

and the time of supplemental consent in 2005, which
resulted in the exclusion of only ~6-8% of all WHI
participants. Nevertheless, participants unable or
unwilling to sign consent in 2005 may not represent a
random subset of all participants who survived to 2005.
Second, some selection bias may also occur if similar
gross differences exist in the characteristics of
participants who consented to be followed in the two
WHI extension studies beginning in 2005 and 2010
compared to non-participants at each stage. We believe
these selection biases, if present, have minimal
influence on our effect estimates.

Selection of participants from the Women's Health
Initiative BA23 dataset
Participants included individuals from the Women's
Health Initiative (WHI), a national study that began in
1993 and enrolled postmenopausal women between the
ages of 50-79 years into either randomized clinical trials
(RCTs) or into an observational study; in our sample,
1,657 of these individuals were enrolled in at least one
of the RCTs and the remaining 441 were enrolled in the
observational study. For this analysis, women were
selected from one of two large WHI sub-cohorts that
had previously undergone genotyping as well as
profiling for cardiovascular disease related blood
biomarkers through two core WHI ancillary studies
(Supplementary Figure 10).
The first cohort is known as the WHI SNP Health
Association Resource (SHARe) cohort of minorities
that includes >8000 African American women and
>3500 Hispanic women. These women were genotyped
through
the
WHI
core
study
M5-SHARe
(www.whi.org/researchers/data/WHIStudies/StudySites/
M5) and underwent baseline blood biomarker profiling
through
WHI
Core
study
W54-SHARe
(www.whi.org/researchers/data/WHIStudies/StudySites/
M5). The second cohort consists of a combination of
European Americans from the two Hormonal Therapy
(HT) trials selected for GWAS and biomarkers in core
studies
W58
(www.whi.org/researchers/data/WHI
Studies/StudySites/W58) and W63 (www.whi.org/
researchers/data/ HIStudies/StudySites/ W63).
While none of the participants of our study suffered
from coronary heart disease at baseline, roughly half of
the samples developed CHD at a later point. From the
M5-SHARe and W54-SHARe cohorts, two sample sets
were formed. The first (sample set 1) is a sample set of
637 CHD cases and 631 non-CHD cases as of Sept 30,
2010. The second sample set (sample set 2) is a nonoverlapping sample of 432 cases of coronary heart
disease and 472 non-cases as of September 17, 2012.
We acknowledge a potential for selection bias using the
above-described sampling scheme in WHI but suspect if
such bias is present it is minimal. First, some selection
bias is introduced by restricting our methylation
profiling at baseline to women with GWAS &
biomarker data from baseline as well, given the
requirement that these participants must have signed the
WHI supplemental consent for broad sharing of genetic
data in 2005. However, we believe that selection bias at
this stage is minimized by the inclusion of participants
who died between the time of the start of the WHI study
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WHI BA23 dataset

A

Sociobehavioral

Measurements

Blood nutrients

Diet

n
log2(Total energy)
Carbohydrate
Protein
Fat
log2(1+Red meat)
log2(1+Poultry)
log2(1+Fish)
log2(1+Dairy)
log2(1+Whole grains)
log2(1+Nuts)
log2(Fruits)
log2(Vegetables)
Retinol
Mean carotenoids
Lycopene
log2(alpha-Carotene)
log2(beta-Carotene)
log2(Lutein+Zeaxanthin)
log2(beta-Cryptoxanthin)
log2(alpha-Tocopherol)
log2(gamma-Tocopherol)
log2(C-reactive protein)
log2(Insulin)
log2(Glucose)
log2(Triglyceride)
Total cholesterol
LDL cholesterol
HDL cholesterol
log2(Creatinine)
Systolic blood pressure
Diastolic blood pressure
log2(Waist / hip ratio)
BMI
Education
Income
log2(1+Exercise)
Current smoker
log2(1+Alcohol)

2086
2086
2086
2086
2086
2086
2086
2086
2086
2086
2086
2086
224
224
224
224
224
224
224
224
224
2073
2051
2091
2091
2091
2057
2091
2041
2093
2093
2093
2093
2071
2019
2090
2090
2086

Blood nutrients

Diet

n

Measurements

n
992
992
992
992
992
992
992
992
992
992
992
992
74
74
74
74
74
74
74
74
74
991
970
995
995
995
976
995
973
995
995
995
995
989
964
994
994
992

Caucasian
EEAA
μ
bicor p
10.58 -0.04 0.17
49.45 0.01 0.81
16.89 -0.02 0.48
33.23 0.01 0.71
0.75 -0.02 0.51
0.41 -0.05 0.15
0.29 -0.07 0.04
1.42 -0.03 0.30
1.00 -0.04 0.16
0.20 0.03 0.31
0.47 -0.04 0.19
0.93 -0.06 0.08
0.65 0.05 0.70
0.08 -0.21 0.07
0.45 -0.11 0.36
-4.07 -0.14 0.24
-1.94 -0.13 0.28
-2.44 -0.08 0.52
-3.94 -0.15 0.19
4.03 -0.10 0.40
0.87 0.00 0.98
1.26 0.12 3E-4
5.65 0.12 2E-4
6.67 0.07 0.02
7.12 0.10 3E-3
236.31 0.08 0.01
153.81 0.07 0.02
51.01 -0.06 0.05
-0.45 0.03 0.43
131.92 0.10 2E-3
75.21 0.06 0.05
-0.28 0.09 0.01
28.83 0.10 1E-3
6.86 -0.12 2E-4
3.67 -0.06 0.06
2.67 -0.08 0.01
0.13 -0.03 0.37
1.44 -0.06 0.07

IEAA
bicor p
0.00 0.90
0.05 0.11
0.01 0.71
-0.02 0.52
-0.01 0.70
-0.05 0.09
0.02 0.52
-0.01 0.72
0.00 0.97
0.05 0.09
0.02 0.63
0.02 0.59
0.21 0.08
-0.07 0.55
0.07 0.56
-0.04 0.74
-0.03 0.77
-0.05 0.70
-0.01 0.96
0.03 0.78
0.07 0.54
0.07 0.04
0.06 0.05
0.05 0.15
0.08 0.02
0.04 0.24
0.02 0.54
-0.06 0.06
-0.02 0.62
0.01 0.85
0.02 0.49
0.06 0.06
0.10 2E-3
0.02 0.43
0.02 0.64
0.01 0.70
0.01 0.80
-0.02 0.48

n
666
666
666
666
666
666
666
666
666
666
666
666
85
85
85
85
85
85
85
85
85
661
656
666
666
666
659
666
657
668
668
668
668
660
642
667
667
666

African American
EEAA
IEAA
bicor p bicor p
10.46 0.03 0.40 -0.01 0.85
49.03 -0.03 0.47 0.02 0.55
16.10 -0.02 0.70 -0.08 0.03
35.65 0.02 0.66 0.00 0.96
0.73 0.07 0.06 0.00 0.94
0.52 -0.02 0.69 -0.08 0.04
0.37 -0.06 0.11 -0.09 0.03
1.02 0.01 0.84 -0.02 0.53
1.03 0.04 0.36 0.00 0.97
0.20 0.01 0.88 0.02 0.58
0.28 0.02 0.57 0.02 0.64
0.44 0.01 0.85 0.01 0.89
0.57 -0.13 0.24 -0.10 0.38
-0.02 -0.13 0.22 -0.04 0.75
0.37 -0.15 0.18 -0.09 0.40
-4.60 -0.11 0.31 0.02 0.85
-2.02 -0.16 0.14 -0.08 0.45
-2.22 -0.13 0.23 -0.16 0.15
-3.82 0.09 0.43 0.08 0.48
3.81 0.04 0.75 -0.12 0.27
0.96 0.15 0.17 0.19 0.08
1.90 0.07 0.06 0.08 0.03
6.05 0.06 0.13 0.09 0.02
6.74 0.02 0.62 0.07 0.07
6.76 0.08 0.04 0.09 0.02
231.75 0.02 0.66 0.01 0.79
152.79 0.01 0.82 0.00 0.92
54.71 -0.06 0.14 -0.02 0.62
-0.33 0.05 0.19 0.03 0.40
134.05 0.03 0.37 0.07 0.08
78.71 0.00 0.98 0.08 0.05
-0.27 0.06 0.13 -0.01 0.77
31.71 0.05 0.20 0.06 0.13
6.85 -0.11 0.01 -0.03 0.40
3.47 -0.08 0.04 -0.06 0.11
2.30 -0.04 0.26 -0.11 4E-3
0.16 0.07 0.07 0.02 0.60
0.73 -0.01 0.72 0.01 0.79
μ

n

μ

428 10.45
428 49.89
428 16.40
428 34.18
428
0.72
428
0.47
428
0.25
428
1.23
428
1.07
428
0.11
428
0.11
428
0.10
65
0.56
65
0.03
65
0.44
65 -4.11
65 -2.35
65 -2.45
65 -3.66
65
3.86
65
0.74
421
1.81
425
5.86
430
6.70
430
7.21
430 227.37
422 142.83
430 50.91
411 -0.50
430 129.06
430 75.58
430 -0.28
430 29.32
422
5.90
413
3.32
429
2.37
429
0.14
428
0.86

Hispanic
EEAA
bicor p
-0.06 0.20
-0.02 0.61
-0.02 0.65
0.09 0.07
0.01 0.87
-0.07 0.17
-0.11 0.02
-0.06 0.24
-0.02 0.63
0.02 0.71
-0.07 0.12
-0.12 0.02
-0.18 0.15
-0.25 0.04
-0.17 0.17
-0.22 0.07
-0.27 0.03
-0.17 0.17
-0.06 0.66
-0.05 0.69
-0.01 0.93
0.19 1E-4
0.09 0.06
0.00 0.93
0.11 0.02
0.00 0.98
-0.03 0.50
-0.07 0.14
-0.07 0.14
-0.02 0.63
-0.03 0.59
0.13 0.01
0.06 0.20
-0.06 0.20
-0.11 0.02
-0.12 0.01
-0.01 0.77
0.00 0.92

IEAA
bicor p
0.01 0.90
0.06 0.19
-0.01 0.87
-0.05 0.35
0.02 0.67
0.01 0.89
0.00 0.94
-0.02 0.63
0.03 0.52
0.05 0.27
0.02 0.65
0.04 0.37
-0.15 0.24
-0.01 0.95
-0.09 0.49
0.05 0.70
-0.11 0.38
0.08 0.54
0.02 0.88
0.13 0.30
0.08 0.55
0.05 0.33
0.02 0.65
0.07 0.17
0.08 0.09
0.04 0.37
0.02 0.74
-0.02 0.64
-0.07 0.19
-0.01 0.88
-0.01 0.78
0.06 0.23
0.01 0.81
0.02 0.61
0.01 0.80
0.02 0.67
0.05 0.27
0.01 0.82

Hispanic
EEAA
bicor p
-0.03 0.71
-0.03 0.68
0.08 0.25
0.05 0.44
0.05 0.46
0.01 0.90
-0.03 0.72
0.06 0.37
0.06 0.40
0.07 0.35
0.00 0.99
-0.09 0.18
-0.06 0.28
-0.02 0.76
-0.02 0.80
-0.06 0.35
0.01 0.90
-0.06 0.32
0.05 0.38
-0.05 0.38
0.06 0.30
0.10 0.30
0.15 0.01
0.18 2E-3
0.04 0.47
0.00 0.99
0.01 0.84
-0.10 0.09
0.05 0.58
0.09 0.13
0.08 0.20
0.07 0.23
0.10 0.10
-0.17 4E-3
-0.10 0.11
0.06 0.33
0.00 0.95
-0.11 0.13

IEAA
bicor p
-0.14 0.05
0.06 0.37
-0.01 0.87
-0.04 0.57
-0.09 0.20
-0.16 0.02
-0.08 0.24
-0.04 0.59
-0.11 0.13
0.02 0.75
-0.09 0.21
-0.12 0.08
-0.01 0.85
-0.04 0.54
0.00 0.94
-0.06 0.30
0.00 0.95
-0.09 0.13
0.02 0.75
-0.07 0.23
-0.01 0.83
0.08 0.38
0.02 0.69
0.12 0.04
-0.06 0.33
0.06 0.31
0.13 0.03
-0.09 0.11
0.04 0.69
0.03 0.61
0.04 0.47
0.03 0.63
0.02 0.71
-0.03 0.67
-0.07 0.26
0.02 0.76
0.02 0.77
-0.06 0.43

WHI AS315 dataset

B

Sociobehavioral

Adjusted for ethnicity
IEAA
EEAA
μ
bicor
p
bicor p
10.51 -0.02 0.33 0.00 0.87
49.40 -0.01 0.59 0.04 0.05
16.54 -0.02 0.31 -0.03 0.24
34.20 0.03 0.20 -0.02 0.45
0.74 0.02 0.41 0.00 0.95
0.46 -0.04 0.06 -0.05 0.02
0.31 -0.08 6E-4 -0.02 0.34
1.25 -0.02 0.26 -0.02 0.43
1.03 -0.01 0.58 0.01 0.76
0.18 0.01 0.58 0.03 0.13
0.33 -0.03 0.20 0.02 0.40
0.60 -0.05 0.03 0.02 0.34
0.59 -0.09 0.18 0.00 0.99
0.03 -0.19 4E-3 -0.03 0.63
0.42 -0.12 0.07 -0.03 0.66
-4.28 -0.16 0.02 0.01 0.88
-2.09 -0.19 4E-3 -0.08 0.26
-2.36 -0.13 0.06 -0.06 0.38
-3.82 -0.04 0.52 0.03 0.67
3.90 -0.04 0.54 0.00 1.00
0.87 0.05 0.48 0.12 0.07
1.58 0.11 3E-7 0.07 2E-3
5.82 0.09 3E-5 0.06 3E-3
6.70 0.04 0.08 0.06 0.01
7.02 0.09 2E-5 0.08 2E-4
233.03 0.04 0.06 0.03 0.16
151.23 0.03 0.18 0.01 0.58
52.17 -0.06 4E-3 -0.04 0.09
-0.42 0.01 0.59 -0.01 0.67
132.02 0.05 0.01 0.02 0.26
76.41 0.03 0.24 0.03 0.13
-0.27 0.09 8E-5 0.04 0.10
29.85 0.08 6E-4 0.07 2E-3
6.66 -0.10 2E-6 0.00 0.83
3.54 -0.08 3E-4 -0.01 0.51
2.49 -0.08 5E-4 -0.03 0.20
0.14 0.00 0.93 0.00 0.88
1.09 -0.05 0.02 -0.01 0.52

log2(Total energy)
Carbohydrate
Protein
Fat
log2(1+Red meat)
log2(1+Poultry)
log2(1+Fish)
log2(1+Dairy)
log2(1+Whole grains)
log2(1+Nuts)
log2(Fruits)
log2(Vegetables)
Retinol
Mean carotenoids
Lycopene
log2(alpha-Carotene)
log2(beta-Carotene)
log2(Lutein+Zeaxanthin)
log2(beta-Cryptoxanthin)
log2(alpha-Tocopherol)
log2(gamma-Tocopherol)
log2(C-reactive protein)
log2(Insulin)
log2(Glucose)
log2(Triglyceride)
Total cholesterol
LDL cholesterol
HDL cholesterol
log2(Creatinine)
Systolic blood pressure
Diastolic blood pressure
log2(Waist / hip ratio)
BMI
Education
Income
log2(1+Exercise)
Current smoker
log2(1+Alcohol)

1601
1601
1601
1601
1601
1601
1601
1601
1601
1601
1601
1601
2044
2043
2044
2044
2043
2044
2044
2044
2044
736
1992
2054
2058
2058
2028
2055
707
2072
2072
2072
2072
2059
2022
2052
2052
1601

Adjusted for ethnicity
EEAA
IEAA
μ
bicor
p
bicor p
10.56 -0.02 0.49 0.01 0.77
48.50 0.02 0.47 -0.03 0.30
16.45 -0.03 0.27 -0.02 0.36
35.28 0.01 0.58 0.03 0.23
0.77 0.02 0.42 0.07 0.01
0.45 -0.02 0.43 -0.04 0.10
0.32 -0.06 0.01 -0.01 0.59
1.26 -0.01 0.82 0.02 0.37
-0.17 -0.04 0.13 -0.02 0.45
0.21 -0.05 0.06 -0.01 0.57
0.31 -0.04 0.10 -0.03 0.17
0.64 -0.03 0.22 -0.03 0.28
0.59 0.00 0.98 0.02 0.43
0.01 -0.12 7E-8 -0.06 4E-3
0.39 -0.02 0.37 -0.01 0.52
-4.22 -0.11 1E-6 -0.05 0.03
-2.19 -0.10 8E-6 -0.05 0.01
-2.39 -0.09 8E-5 -0.03 0.15
-3.74 -0.11 2E-7 -0.07 9E-4
3.94 -0.06 0.01 -0.04 0.06
0.66 0.10 1E-5 0.07 8E-4
1.44 0.16 9E-6 0.09 0.01
5.79 0.14 9E-10 0.07 3E-3
6.63 0.08 4E-4 0.05 0.02
7.07 0.05 0.02 0.02 0.36
221.49 -0.02 0.27 0.03 0.15
134.34 0.00 0.87 0.05 0.04
57.60 -0.12 2E-8 -0.03 0.13
-0.43 0.06 0.12 0.06 0.11
128.27 0.10 8E-6 0.06 0.01
75.29 0.06 0.01 0.06 0.01
-0.29 0.09 2E-5 0.05 0.02
29.51 0.10 2E-6 0.08 2E-4
6.95 -0.09 2E-5 -0.05 0.02
3.92 -0.05 0.03 0.01 0.75
2.57 -0.06 0.01 -0.05 0.02
0.10 0.00 0.99 -0.01 0.69
1.11 -0.10 1E-4 -0.03 0.28

n
828
828
828
828
828
828
828
828
828
828
828
828
1040
1040
1040
1040
1040
1040
1040
1040
1040
342
1009
1042
1046
1046
1027
1043
326
1051
1051
1051
1051
1047
1025
1046
1046
828

Caucasian
EEAA
μ
bicor p
10.62 -0.03 0.37
48.09 0.03 0.34
16.73 -0.06 0.07
34.98 0.03 0.37
0.79 0.02 0.59
0.43 -0.05 0.19
0.31 -0.07 0.04
1.42 -0.04 0.27
-0.13 -0.04 0.27
0.23 -0.03 0.36
0.37 -0.08 0.02
0.81 0.00 0.98
0.62 0.04 0.20
-0.03 -0.14 5E-6
0.40 0.00 0.97
-4.13 -0.11 2E-4
-2.22 -0.11 6E-4
-2.47 -0.10 8E-4
-3.91 -0.17 5E-8
4.01 -0.10 2E-3
0.58 0.13 5E-5
1.14 0.18 1E-3
5.64 0.11 7E-4
6.60 0.03 0.28
7.15 0.01 0.77
224.23 -0.01 0.87
134.76 0.03 0.40
58.39 -0.09 2E-3
-0.47 0.09 0.10
127.42 0.07 0.02
74.52 0.05 0.10
-0.30 0.08 0.01
28.88 0.07 0.02
7.08 -0.09 3E-3
4.08 -0.05 0.09
2.74 -0.08 0.01
0.10 0.08 0.01
1.43 -0.12 4E-4

IEAA
bicor p
0.05 0.13
-0.04 0.24
-0.04 0.21
0.06 0.11
0.10 3E-3
-0.02 0.59
0.03 0.46
0.04 0.27
0.01 0.79
0.00 0.93
-0.03 0.36
0.00 0.95
0.03 0.31
-0.09 4E-3
-0.02 0.55
-0.06 0.07
-0.06 0.04
-0.05 0.09
-0.11 4E-4
-0.10 2E-3
0.11 3E-4
0.18 8E-4
0.06 0.08
0.06 0.05
0.01 0.70
0.00 0.96
0.02 0.58
-0.03 0.29
0.06 0.30
0.04 0.22
0.06 0.04
0.04 0.18
0.06 0.05
-0.05 0.15
0.01 0.75
-0.07 0.03
0.01 0.64
-0.04 0.27

n
405
405
405
405
405
405
405
405
405
405
405
405
511
510
511
511
510
511
511
511
511
251
506
513
513
513
512
513
243
517
517
517
517
512
504
509
509
405

African American
EEAA
IEAA
bicor p bicor p
10.49 0.04 0.45 0.03 0.52
48.67 0.03 0.49 0.01 0.88
15.87 -0.05 0.29 -0.01 0.82
36.32 -0.04 0.47 -0.03 0.57
0.76 0.03 0.54 0.09 0.06
0.50 0.03 0.54 0.00 0.94
0.36 -0.05 0.27 -0.09 0.09
1.00 0.05 0.27 0.08 0.11
-0.21 -0.06 0.26 -0.02 0.65
0.21 -0.10 0.05 0.00 0.99
0.34 0.01 0.84 0.03 0.53
0.54 -0.02 0.63 -0.01 0.81
0.56 -0.02 0.60 0.03 0.49
-0.02 -0.12 5E-3 -0.06 0.21
0.39 -0.03 0.44 -0.05 0.31
-4.53 -0.13 4E-3 -0.05 0.23
-2.17 -0.12 0.01 -0.06 0.21
-2.27 -0.08 0.06 0.00 0.97
-3.78 -0.11 0.01 -0.05 0.30
3.74 -0.02 0.64 0.10 0.03
0.99 0.08 0.08 0.00 0.99
1.88 0.16 0.01 -0.01 0.88
6.01 0.18 6E-5 0.08 0.08
6.68 0.11 0.01 0.02 0.72
6.75 0.09 0.05 0.06 0.16
220.40 -0.05 0.29 0.07 0.10
139.70 0.00 0.97 0.07 0.10
57.38 -0.20 5E-6 0.01 0.89
-0.32 0.05 0.48 0.06 0.35
131.31 0.16 3E-4 0.14 1E-3
77.30 0.11 0.01 0.08 0.08
-0.28 0.12 0.01 0.08 0.07
31.55 0.15 4E-4 0.09 0.04
7.02 -0.07 0.09 -0.12 0.01
3.68 0.03 0.53 0.01 0.84
2.21 -0.06 0.17 -0.01 0.74
0.12 0.00 0.97 -0.04 0.41
0.69 0.00 0.96 -0.05 0.32
μ

n

μ

205 10.58
205 48.34
205 16.43
205 35.65
205
0.82
205
0.49
205
0.26
205
1.30
205
0.02
205
0.13
205
0.10
205
0.15
281
0.54
281
0.05
281
0.40
281 -4.10
281 -2.36
281 -2.46
281 -3.41
281
3.90
281
0.67
113
1.27
277
5.96
285
6.63
285
7.20
285 215.90
280 129.53
285 54.48
109 -0.52
286 126.99
286 74.75
286 -0.28
286 29.70
283
6.03
277
3.42
283
2.28
283
0.10
205
0.91

Supplementary Figure 1. Related to Figure 1. Stratified correlation analysis for IEAA and EEAA in the WHI. There are two
main tables: the top original WHI sample, and the bottom validation sample. The correlations (bicor, biweight midcorrelation) for the two
measures of epigenetic age acceleration are colored according to their magnitude, with positive correlations in red, negative correlations
in blue, and statistical significance (p‐values) in green. Smaller test sample sizes (n) are highlighted in orange, and sample means (μ) are
listed. Stratified ethnic groups are displayed as separate groups of columns with the first column showing them in an adjusted aggregate.
Blood biomarkers were measured from fasting plasma collected at baseline. Food groups and nutrients are inclusive, including all types
and all preparation methods, e.g. folic acid includes synthetic and natural, dairy includes cheese and all types of milk, etc. Minor ethnic strata
(Asians, American Indians, and other) in the validation sample are excluded because of small sample are excluded for for clarity.
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Supplementary Table 1. Linear models of IEAA and EEAA in WHI metformin users with repeat
measurements.
IEAA
β Coefficient
P-Value
-0.79
0.456
-0.33
2.88e-13
-0.55
1.73e-08
0.50
6.02e-07
0.02
0.132
0.01
0.657
0.27
0.004

EEAA
β Coefficient
-0.003
-0.35
-0.96
0.98
0.03
-0.03
-0.02

P-Value
Started Metformin
0.998
IEAA/EEAA (First Blood Draw)
8.92e-15
Age (First Blood Draw)
4.67e-15
Age (Second Blood Draw)
1.21e-14
Glucose (First Blood Draw)
0.048
Glucose (First Blood Draw)
0.056
Education
0.89
Race/Ethnicity
(Reference=Non-Hispanic White)
American Indian
-1.03
0.577
-1.31
0.555
Asian
-1.10
0.450
-3.54
0.044
Non-Hispanic Black
-2.04
0.166
-2.45
0.165
Hispanic
-0.63
0.658
-2.88
0.093
Other
1.32
0.614
-3.60
0.254
Table shows the beta‐coefficients and corresponding p‐values for linear models of IEAA and EEAA in the middle
and right columns, respectively. The left column denotes the regressors in the models.

Supplementary Figure 2. EEAA among different levels of select dietary & lifestyle habits and measurements in the WHI.
Panels A‐H show bar plots visualizing the EEAA among stratified levels of fish, poultry (IEAA in this case), alcohol intake, blood carotenoid
levels, number of metabolic syndrome symptoms, BMI, exercise, and education. Cut points roughly correspond roughly to quartiles
except with number of MetS symptoms and alcohol intake which were selected for evenly‐sized strata as much as possible. The sample
sizes for each stratum are shown in grey beneath each bar. P‐values for differences between strata are listed above each bar plot.
Exercise is measured in units of metabolic equivalent hours per week and education uses high school diploma, some college, and
bachelor's degree as cut points.
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Supplementary Figure 3. Related to Figure 1. Correlations between diet, biomarkers, and sociodemographic factors in
the WHI. The percent correlations (biweight midcorrelation, ‐100 < %r < 100) between adjusted dietary and biomarker factors are
colored according to their magnitude, with positive correlations in red, negative correlations in blue. Blood biomarkers were measured
from fasting plasma collected at baseline. At 903 ≤ n ≤ 4200 samples, the Bonferroni corrected significance threshold corresponds
approximately to a percent correlation of | %r | ≥ 10 (shown in bold). Food groups and nutrients are inclusive, including all types and all
preparation methods, e.g. folic acid includes synthetic and natural, and dairy includes cheese and all types of milk. Variables have been
adjusted for ethnicity and originating dataset (WHI BA23 or WHI AS315).
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Supplementary Figure 4. EEAA among different strata of ethnic groups, levels and types of alcohol intake in the WHI.
Panels A‐D show bar plots visualizing the EEAA among stratified levels of alcohol intake (medium servings per week) for select ethnic
groupings. Panels E‐H show bar plots visualizing the EEAA among non‐ and current drinkers (at least one drink per month) of different
types of alcoholic drinks: all types, beer, wine, and liquor. The sample sizes for each stratum are shown in grey beneath each bar. P‐values
for differences between strata are listed above each bar plot.
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Supplementary Figure 5. Related to Figure 2. Meta‐analysis of multivariable linear models of EEAA and IEAA including
carotenoid levels in the WHI. Analogous to Figure 2 except including mean carotenoid levels: EEAA (panel A) and IEAA (panel B) were
regressed on potential confounding factors, fish and poultry intake, mean across standardized measures of carotenoids, and current
drinker status for the ethnic strata with sufficient sample sizes (n>100). Individual columns correspond to coefficient estimates (β)
colored blue or red for negative and positive values respectively, and p‐values (p) colored in green according to magnitude of significance,
with the exception of the last two columns which denote Stouffers's method meta‐t and meta‐p values. Models are adjusted for
originating dataset (WHI BA23 or WHI AS315).
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Supplementary Figure 6. Related to Figure 3. Multivariate linear models of EEAA and IEAA including carotenoid levels and
with and without biomarkers in the WHI. Analogous to Figure 3 except including mean carotenoid levels: EEAA (panel A) and IEAA
(panel B) were regressed on potential confounding factors, fish and poultry intake and current drinker status, and select biomarkers.
Individual columns list the corresponding coefficient estimates (β) and p‐values (p) for each fitting. Coefficients are colored according to sign
(positive = red, negative = blue) and significance according to magnitude (green). Models 1 through 5 correspond to a minimal model, a
model including dietary intake variables, a model including potential explanatory biomarkers, a model including number of metabolic syndrome
symptoms and a complete model with all of the variables above, respectively. Models are adjusted for originating dataset (BA23 or AS315).

Supplementary Figure 7. Characteristics of non‐, current, and future metformin users in the WHI. Panels A‐F show barplots
comparing the age at blood draw, educational attainment, ethnicity, fasting glucose, insulin, and insulin resistance of non‐, current, and
future metformin users (colored in green, red, and blue). Panels G‐I show plotting fasting glucose, insulin, and insulin resistance as a
function of years after blood draw until metformin with current and future users colored in red and blue respectively.
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443

AGING (Albany NY)

Supplementary Figure 8. IEAA and EEAA among non‐, current, and future users of metformin in the WHI. Columns 1 and 2
show barplots with IEAA and EEAA on the y‐axis and no metformin, current metformin, and later metformin usage strata (green, red, and
blue respectively). Columns 3 and 4 show scatterplots with IEAA and EEAA plotted as a function of years after blood draw until metformin
usage with current and future metformin users colored in red and blue respectively. Rows show the same plots for different
sociodemographic strata: all available WHI participants, non‐hispanic white, non‐hispanic black, hispanic, > 65 years old, < 65 years old,
hyperglycemic, and non‐hyperglycemic groups. P‐values (and correlation coefficients) are shown and the top of each plot.
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Supplementary Figure 9. IEAA and EEAA of future and non‐hyperglycemic current metformin users in the WHI.
Columns 1 and 2 show the IEAA and EEAA of future metformin users and current metformin users with fasting glucose levels
of < 140mg/dL colored in red and blue respectively. Rows correspond to different ethnic strata: all ethnic groups, non‐
hispanic white, non‐hispanic black, and hispanic. P‐values for each comparison are shown at the top of each plot.
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Supplementary Figure 10. Schematic denoting the selection of the WHI BA23 study sample. The study
participants were originally selected for a case‐control GWAS on coronary heart disease (CHD). Participants were
selected from either the SNP Health Association Resource or the Hormone Therapy trials, and underwent genotyped
and core blood biomarkers profiling. The data from these individuals were agglomerated and filtered for missing data.
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ABSTRACT
Osteoarthritis (OA) is a disease affecting multiple tissues of the joints in the elderly, but most notably articular
cartilage. Premature biological aging has been described in this tissue and in blood cells, suggesting a systemic
component of premature aging in the pathogenesis of OA. Here, we have explored epigenetic aging in OA at the
local (cartilage and bone) and systemic (blood) levels. Two DNA methylation age‐measures (DmAM) were used:
the multi‐tissue age estimator for cartilage and bone; and a blood‐specific biomarker for blood. Differences in
DmAM between OA patients and controls showed an accelerated aging of 3.7 years in articular cartilage (95 %
CI = 1.1 to 6.3, P = 0.008) of OA patients. By contrast, no difference in epigenetic aging was observed in bone
(0.04 years; 95 % CI = ‐1.8 to 1.9, P = 0.3) and in blood (‐0.6 years; 95 % CI = ‐1.5 to 0.3, P = 0.2) between OA
patients and controls. Therefore, premature epigenetic aging according to DNA methylation changes was
specific of OA cartilage, adding further evidence and insight on premature aging of cartilage as a component of
OA pathogenesis that reflects damage and vulnerability.

INTRODUCTION
OA is the most common chronic disease affecting the
joints with about a 45 % lifetime risk of developing OA
of the knee [1, 2]. It can affect any joint, but it occurs
most often in knees, hips, spine, or hands. Symptoms
include pain and stiffness, bony enlargement, crepitus
with movement and decreased function of the joint. OA
pathogenesis is complex and includes multiple risk
factors that are still incompletely known, but old age is
a critical contributor [3, 4]. The relationship between
old age and OA is not fully understood. Classically, it
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was suspected that the association was related to the
“wear and tear” of articular cartilage by continuous
mechanical stress. Today, we know that this model of
OA is insufficient because OA involves an active
response to injury comprising remodeling of articular
cartilage and neighboring bone, in addition of synovial
inflammation and damage to ligaments and menisci [2].
In addition, the other component of the association with
old age, biological aging, has shown unsuspected
complexity, including its multidimensionality, variable
progression, possibility of modulation and the pivotal
role played by senescent cells [5].

AGING (Albany NY)

The many facets of biological aging have been typified
in nine cellular and molecular hallmarks: genomic
instability, telomere attrition, epigenetic alterations, loss
of proteostasis, deregulated nutrient sensing, mitochondrial dysfunction, cellular senescence, stem cell
exhaustion, and altered intercellular communication [6].
Variable progression of biological aging with
dissociation between biological and chronological age is
observed in progeroid syndromes. Less dramatically, it
is also observed as a reflection of lifestyle with
smoking, heavy drinking, obesity, stress and depression
as accelerators, and exercise and caloric restriction as
rejuvenators. The pivotal role of cellular senescence and
of the senescence-associated secretory phenotype has
been established in multiple studies, but most strikingly
with the reversal of age-associated changes obtained
with their removal [7]. This rejuvenation has been
obtained either through genetic manipulation or with
senolytic drugs in mice in spite of the eliminated
senescent cells were only a minor fraction in mouse
tissues [5]. All these aspects could be of relevance for
OA as exemplified by the secretory phenotype that
includes secretion of metalloproteases and proinflammatory mediators, which could be involved in
OA cartilage damage [2-4]. There is already persuasive
evidence of accelerated biological aging at the affected
cartilage [3, 4]. Many of the aging hallmarks have been
described as exacerbated in OA chondrocytes and
articular cartilage, including telomere length shortening,
mitochondrial dysfunction, cellular senescence and
genome instability [3, 4]. In contrast, biological age has
not been studied in any other joint tissue although a
systemic component of premature aging has been
suggested by accelerated telomere length shortening in
blood cells of 160 hand OA subjects compared with 926
controls [8]. Telomere shortening correlated with
radiographic severity of OA in the hands in this study.
These findings have not yet been independently
confirmed, with a small subsequent study showing no
telomere attrition in blood of knee OA patients [9], and
a second small study reporting telomere shortening only
in knee OA patients experiencing high stress and
chronic pain [10]. A systemic premature aging
component in OA is an attractive hypothesis because it
is congruent with some epidemiological studies that
have found increased prevalence of old-age
comorbidities [11-14], frailty [15], and mortality in OA
patients [16-18]. The two aspects, local and systemic, of
premature aging could contribute to OA by further
impairing cartilage and joint function, decreasing
mobility and increasing joint vulnerability.
An opportunity to explore a different aging hallmark in
OA cartilage, bone and blood has become possible
thanks to the recent development of biomarkers of
epigenetic aging [19-24]. The available biomarkers,
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called DNA methylation age-measures (DmAM),
combine methylation levels at CpG sites that experience
methylation changes with aging. The mechanism seems
to include slowly accumulating failures of methylation
maintenance (epigenetic drift) that could be accelerated
by somatic mutations, cell divisions and environmental
stress [19, 21, 25, 26]. Some of the changes are tissuespecific; others are shared by several tissues. This
motivates a distinction between DmAM that are tissuespecific and include as few as 3 CpG sites showing
strong correlation with age in blood, [20, 24] or in
saliva [23], and biomarkers applicable to many tissues
that require investigating more CpG sites [19, 21]. The
most comprehensive is the "epigenetic clock" method
by Horvath, which includes 353 CpG and is valid for
multiple tissues including bone and cartilage [19, 27,
28]. The DmAM are useful biomarkers of biological
age that show accelerated aging in several diseases of
old age [19-21, 29, 30] and in subjects under elevated
lifetime stress [26], and that correlate with cognitive
and physical fitness in the elderly and with all-cause
and cause-specific mortality [30-35].

RESULTS
The cartilage samples from OA patients showed
premature aging in comparison with cartilage from
controls (Figure 1A). The difference in the estimated
mean age obtained with Horwath’s DmAM was of 3.7
years (Table 1). This result was obtained with the whole
set of samples that included cartilage from the tibial
plateau and from the femoral head. A significant
premature aging was also observed with the subgroup of
tibial plateau samples, with a mean difference of 5.3
years (95 % CI = 2.4 to 8.2). Cartilages from the femoral
heads were too few for meaningful analysis. All the
comparisons were adjusted for age and sex as covariates.
In contrast with the cartilage results, there were no
differences in epigenetic aging of bone (Figure 1B). The
mean estimated age obtained from DNA methylation
data was very similar in patients with hip OA and in
controls (Table 1). The lack of difference was validated
in a sub-analysis including only the fracture controls
(ΔDmAM = 0.5 years, 95 % CI = -1.50 to 2.54, P =
0.6). Bone samples from cadaver controls were too few
for meaningful analysis. All the comparisons were
adjusted for age and sex as covariates.
The study of epigenetic aging in blood required de novo
analyzes of methylation levels at the 8 CpG sites. The
MS-SNuPE assays showed a 93.0 % call rate, and
between-plate CV of 3.2 %. Age of the 182 controls
without OA was accurately predicted with the 8CpG
DmAM (Figure 2), as shown by the good fit of the
mean age estimate (mean difference age – DmAM = -
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0.1 years, SD = 8.7 years). Comparison of the
epigenetic ages obtained in this way did not show
differences between OA patients and controls (Figure
2). The epigenetic ages for each of the joint-specific OA
subgroups were very similar to the epigenetic age for
the control subjects, as shown for the hand OA patients
(Figure 2A), knee OA patients (Figure 2B) and hip OA

patients (Figure 2C). This similarity in blood cells was
clearly shown by the near zero year ΔDmAM (Table 1).
The largest difference in blood was observed between
patients with hip OA and controls, but it was not
significant and with direction opposed to premature
aging in the OA subjects. All the comparisons were
adjusted for age and sex as covariates.

Figure 1. Comparison of epigenetic age in joint tissues from controls and patients with OA.
(A) Accelerated aging in OA cartilage samples (n = 31) in comparison with control cartilage (n =
36) with ΔDmAM = 3.7 years (P = 0.008); and (B) no difference (ΔDmAM = 0.04 years, P = 0.3) in
bone samples between OA patients (n = 33) and controls (n = 45). Epigenetic ages are
represented as age‐ and sex‐adjusted values with horizontal lines for the mean of each group.

Table 1. Specific premature epigenetic aging in OA cartilage
compared with control cartilage. ΔDmAM = (age‐ and sex‐
adjusted mean DmAM in OA patients) – (age‐ and sex‐
adjusted mean DmAM in controls); CI = confidence interval.
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ΔDmAMa (95% CI)

P-value

3.7 (1.1 to 6.3)

0.008

Hip

0.04 (-1.8 to 1.9)

0.3

Hand

0.01 (-1.1 to 1.1)

0.98

Knee

0.04 (-0.9 to 1.0)

0.9

Hip

-0.7 (-1.7 to 0.3)

0.11

Tissue

OA set

Cartilage

Knee/hip

Bone

Blood
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DISCUSSION
Our results showed for the first time premature
epigenetic aging as detected with DmAM in cartilage of
the OA affected joint, but not in bone nearby the OA
affected joint, or in blood cells of OA patients
irrespective of the joint affected. These results add
epigenetic aging to the list of hallmarks of aging
showing accelerated changes in OA cartilage. Each of
these hallmarks provide complementary and nonredundant evidence of the different facets of the
premature biological aging taking place in chondrocytes
and the extracellular matrix of the OA affected
cartilage. In addition, our results could be interpreted as
questioning systemic premature aging in OA, or even a
local component of premature aging in nearby bone, but
exploration of other aging hallmarks would be required
to exclude them.

They likely contribute to the loss of transcriptional
regulation and increase of transcriptional noise observed
with aging [5, 6]. Changes in DNA methylation are
concentrated in genes with some functional categories
including cell growth and survival, organismal
development and cancer [19], and in sites within gluco-

Previously, several hallmarks of biological aging have
been found exacerbated in chondrocytes and cartilage
from OA patients [3, 4]. Our work adds epigenetic
aging to the list of hallmarks that show premature
biological aging in this tissue. This is a significant
addition because the different aging hallmarks, although
extensively interconnected, show tissue and disease
specificity and the involvement of each of them cannot
be assumed from the presence of other hallmarks [5, 6,
35]. They need to be tested in the specific tissue or
situation under study. This necessity is exemplified by
the lack of correlation between epigenetic age and
telomere length observed in the elderly population [35].
In addition, diseases of abnormal telomere attrition are
different from diseases in which the dominant
mechanism is genomic instability and both are different
from normal aging. The first group includes pulmonary
fibrosis, dyskeratosis congenita and aplastic anemia,
whereas genome instability is the dominant aging
hallmark in progeroid syndromes such as HutchinsonGilford progeria syndrome and Werner’s syndrome [5,
6]. In addition, the DNA methylation changes that are
included in the Horvath DmAM have been shown to be
independent from cellular senescence and mitotic age
[19]. Similar lack of redundancy is observed between
the other aging hallmarks, making it necessary to study
each of them to know their involvement in OA.
Epigenetic changes with age are not restricted to DNA
methylation. They encompass also histone modifications regulated by sirtuins and chromatin remodeling
[6]. None of the other age-associated epigenetic changes
has yet been analyzed in the context of OA, but they are
of interest given their potential reversibility as with
histone deacetylase inhibitors or inhibitors of histone
acetyltransferases as anti-aging drugs [6]. The meaning
of these epigenetic changes is still poorly understood.
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Figure 2. Lack of accelerated epigenetic aging in blood
cells of OA patients. The scatterplots represent age in the
horizontal axis against epigenetic age in the vertical axis from
the controls without OA (empty circles, n =182) together with
(A) the hand OA (n = 206), (B) the knee OA (n = 229), and (C)
the hip OA (n = 273) patients (filled circles). Straight lines
represent least squares regression fit to the data.
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corticoid response elements [26], but the pattern of
hypermethylation and hypomethylation has not yet
being linked to specific molecular or cellular processes
[19, 20]. Interpretation of the changes should also
include the magnitude of the change: the increase in 3.7
years in ΔDmAM observed in the OA cartilage samples
of our study is a modest acceleration compared with
changes observed in tumoral tissue, but similar to the
reported in a recent abstract in hip OA cartilage, which
provides independent confirmation of our findings [36],
and in blood of HIV infected patients [37], or in blood
of Down syndrome patients [29], but larger than the
observed in blood from patients with Parkinson disease
[38], or in blood of women after menopause [39].
Some of the previously described aging hallmarks are
strongest in the damaged cartilage and less clear in
cartilage of preserved areas. Hallmarks showing this
pattern are mean telomere length shortening [40-42]
senescence-associated heterochromatin foci [41, 42],
and senescence-associated β-galactosidase (SA-β-gal).
These results have been interpreted as representing, at
least in part, consequences of cellular stress and the
senescence status of the chondrocytes in OA. However,
it is possible that epigenetic aging is a biomarker of
cellular vulnerability more than of damage and,
therefore, a potential target for treatment. Experiments
aimed to differentiate between the two mechanisms are
necessary but there are already preliminary results
showing similar epigenetic aging in damaged and in
preserved cartilage from the same OA patient [36].
Potential treatments could include specific senolytic
drugs [5] that have not yet been assayed in chondrocytes, and other approaches with capacity to delay aging
in OA chondrocytes as already shown for statins [38]
and sirtuin activation [37, 39].
Our results are contrary to widespread premature
epigenetic aging given the lack of increased ΔDmAM at
the blood and bone levels. However, the only previous
direct evidence of a systemic component of accelerate
aging in OA was obtained with telomere length in blood
cells of OA patients [8, 10], and it is likely that telomere
length and DmAM capture different aspects of
biological aging [6, 19, 21, 25, 27]. Telomere attrition
results from cell divisions, in the absence of the enzyme
telomerase, and from DNA damage induced by extrinsic
stress, as oxidative or inflammatory stress. The authors
that found accelerated telomere length attrition in blood
of OA patient interpreted it as reflecting oxidative stress
and low-level chronic inflammation [8], or associated
with chronic pain and high stress [10]. In contrast,
epigenetic aging as measured with DmAM seems to be
due to perturbations of the DNA methylation maintenance system [19, 21, 25]. Therefore, our results do not
question systemic accelerated aging as detected with
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telomere shortening, but exclude the epigenetic aspect
of aging.
The lack of accelerated aging in blood and in bone was
not attributable to insufficient power. In effect, blood
samples were enough to exclude ΔDmAM half as fast
as the observed in cartilage (1-β > 0.95 to exclude a
difference of 1.83 years for each of the three joints).
Bone samples, in turn, were enough to detect ΔDmAM
as large as the observed in cartilage (1-β = 0.90). In
addition, the use of different DmAM for cartilage and
bone, in one side, and for blood, in the other, does not
interfere with our results because no analysis compared
results across different DmAM. We also avoided biases
due to differences in age or sex between the OA patients
and the controls by adjusting for these two variables, as
recommended [19-21]. However, limitations of our
study are that the different tissues were not from the
same subjects, the lack of other joint tissues, and the
absence of a larger number of cartilage samples from
femoral heads allowing specific analysis of epigenetic
aging at this site. The meaning of these limitations
seems modest because bone and cartilage are arguably
the most relevant tissues in OA [2], and because
epigenetic aging in hip cartilage from OA patients has
been independently found [36], as already mentioned.
In any case, we cannot completely exclude that other
tissues or joints show a different behavior than the
reporter here, or that additional insight could be gained
from analyzing several tissues from the same subjects,
as epigenetic age correlation between tissues.
In summary, we have found specific accelerated aging
as measured with DNA methylation in cartilage from
OA affected joints. Knowledge of the mechanisms of
this type of premature aging will help to understand OA
pathology, but already it is apparent that these particular
mechanisms are not widespread. This was indicated by
the results obtained with the same DNA methylation
methodology in bone near the affected joint and in
blood cells. They showed absence of a systemic
component of premature aging. These results cannot
exclude that other hallmarks of aging could be more
widespread than the DNA methylation changes
analyzed here.

METHODS
Cartilage and bone epigenetic age
Epigenetic age was estimated with the 353 age-related
CpG probes according with Horvath [19]. Methylation
information of these sites has been obtained in previous
studies addressing cartilage and bone samples (Table 2
and Supplementary Table 1) [43-46]. Cartilage samples
were from 31 controls and 36 OA patients (Table 2).
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Table 2. Main characteristics of the sample collections used in this study. N =
number of samples, SD = standard deviation.
Age
Tissue
Cartilage

Bone

Blood

a

Set

N

Mean ± SD (Range)

Woman %

31

64.8 ± 15.0 (40-95)

48.4

Knee/hip OA

36

67.1 ± 9.3 (41-80)

75.0

Control hipa

45

78.0 ± 11.0 (40-104)

93.3

Hip OA

33

75.4 ± 6.7 (58-89)

100.0

Control

182

60.7 ± 11.5 (45-88)

46.7

Hand OA

206

60.6 ± 10.1 (32-88)

88.4

Knee OA

229

67.7 ± 5.6 (55-78)

82.1

Hip OA

273

68.4 ± 5.5 (55-84)

59.7

Control knee/hip

a

3 cartilage and 4 bone control samples were from undefined localization

The controls were from tibial plateau of 18 cadavers
with no macroscopic signs of OA [43], and the femoral
head of 10 subjects with hip fracture and without
macroscopic or microscopic evidence of OA [46]. In
addition, 3 cartilage samples from cadavers without
information of status and location were included [45].
The OA samples included 29 from the tibial plateau of
severe knee OA patients [43, 46], and 7 from the
femoral head of severe hip OA patients [46], obtained at
the time of joint replacement. Bone samples were from
45 controls and 33 hip OA patients (Table 2). The
controls included femoral heads of 34 subjects with
osteoporotic hip fracture (OP) and 7 cadavers [44].
They lacked OA lesions on macroscopic examination of
the hip joints and the bone pieces excluded subchondral
and fractured regions. Patients with fractures due to
high-energy trauma or with disorders causing secondary
OP or OA were not included. In addition, 4 control
bone samples from cadavers that lacked detailed
information of status and place of retrieval were
included.[45] The bone samples of the 33 hip OA
patients were obtained from femoral heads at the time
of total joint replacement for primary hip OA [44].
Methylation data were obtained either with the Human
Methylation 27 BeadChip (Illumina), [43, 44] or with
the HumanMethylation 450 Bead-Chip microarray
(Illumina, San Diego, California, USA) [45, 46]. These
samples were obtained with informed consent of the
donors and approval of the relevant ethics committees
as reported in the primary publications [43-46].
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Analysis of epigenetic aging in blood
Epigenetic aging in blood was assessed with a 8 CpG
DmAM specific for whole blood and amenable to assay
in large number of samples [24]. Methylation data were
obtained for this study with methylation-sensitive
single-nucleotide primer extension (MS-SNuPE)
following the reported procedure [47]. Genomic DNA
from 890 subjects of Spanish ancestry was assayed
(Table 2 and Supplementary Table 1). This collection of
samples included 182 controls recruited at the time of
intravenous urography. They had not OA signs at
exploration including both hands or in the radiographs
either at the hip or column joints, and they did not
complain of OA symptoms in a systematic questionnaire. The remaining 708 subjects were suffering from
primary OA as assessed by a rheumatologist. The
subjects affected by knee OA, 229, or hip OA, 273,
were selected from consecutive patients aged 55–
75 years at the time of surgery that were undergoing
total joint replacement. The patients with hand OA, 206,
were selected among those attending the Rheumatology
Unit fulfilling the American College of Rheumatology
classification criteria for hand OA [48]. Exclusion
criteria were inflammatory, infectious, traumatic or
congenic joint pathology, as well as, lesions due to
crystal deposition or osteonecrosis. Morbid obesity and
occupational strain were not exclusion causes. All
donors provided blood DNA samples for genetic studies
with written informed consent according to the
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Declaration of Helsinki (most recently at the General
Assembly on October 2008) and the approval of the
Ethics Committee for Clinical Research of Galicia, as
described [49].

3.

Loeser RF. Aging and osteoarthritis. Curr Opin
Rheumatol. 2011; 23:492–96.
doi: 10.1097/BOR.0b013e3283494005

4.

Lotz M, Loeser RF. Effects of aging on articular
cartilage homeostasis. Bone. 2012; 51:241–48.
doi: 10.1016/j.bone.2012.03.023

5.

Bhatia‐Dey N, Kanherkar RR, Stair SE, Makarev EO,
Csoka AB. Cellular Senescence as the Causal Nexus of
Aging. Front Genet. 2016; 7:13.
doi: 10.3389/fgene.2016.00013

6.

López‐Otín C, Blasco MA, Partridge L, Serrano M,
Kroemer G. The hallmarks of aging. Cell. 2013;
153:1194–217. doi: 10.1016/j.cell.2013.05.039

7.

Zhu Y, Tchkonia T, Pirtskhalava T, Gower AC, Ding H,
Giorgadze N, Palmer AK, Ikeno Y, Hubbard GB,
Lenburg M, O’Hara SP, LaRusso NF, Miller JD, et al.
The Achilles’ heel of senescent cells: from
transcriptome to senolytic drugs. Aging Cell. 2015;
14:644–58. doi: 10.1111/acel.12344

8.

Zhai G, Aviv A, Hunter DJ, Hart DJ, Gardner JP, Kimura
M, Lu X, Valdes AM, Spector TD. Reduction of
leucocyte telomere length in radiographic hand
osteoarthritis: a population‐based study. Ann Rheum
Dis. 2006; 65:1444–48. doi: 10.1136/ard.2006.056903

9.

Tamayo M, Mosquera A, Rego JI, Fernández‐Sueiro JL,
Blanco FJ, Fernández JL. Differing patterns of
peripheral blood leukocyte telomere length in
rheumatologic diseases. Mutat Res. 2010; 683:68–73.
doi: 10.1016/j.mrfmmm.2009.10.010

Statistical analysis
We estimated the epigenetic age of the cartilage and
bone samples with Horvath’s DmAM [19], and of the
blood samples with the 8 CpG DmAM [24].
Comparisons between samples from OA patients and
controls were done with analysis of variance (ANOVA)
including age and sex as covariates. Mean differences in
DmAM estimates (ΔDmAM) were calculated as:
ΔDmAM = (age- and sex-adjusted mean DmAM in OA
patients) – (age- and sex-adjusted mean DmAM in
controls)
Age- and sex-adjustment was done with the residuals
from multiple linear regression of estimated age versus
age and sex. All these analyses were done with
Statistica 7.0 (Stat Soft, Inc.). Post-hoc power analysis
was done with G*Power 3 for α = 0.05 [50].
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SUPPLEMENTARY MATERIAL
Table S1. Detailed description of the sample collections used in this study. N= Sample size; Std Dev = Standard deviation
Tissue

Study

Blood

Set

N

Age Mean Age Range Std.Dev. Woman %

Controls

182

60.70

45 to 88

11.51

46.70

Hand OA

206

60.58

32 to 88

10.06

88.35

Knee OA

229

67.66

55 to 78

5.63

82.09

Hip OA

273

68.38

55 to 84

5.50

59.70

Knee Controls 18

59.28

40 to 79

10.83

33.33

Knee OA

29

68.52

54 to 79

7.25

69.00

Knee OA

6

65.35

54 to 78

10.63

100.00

10

79.37

63 to 95

11.38

90.00

Hip OA

7

60.93

41 to 80

14.29

100.00

Controls

3

49.00

40 to 54

7.81

0.00

Controls

4

51.75

40 to 60

8.42

25.00

Hip Cadaver

7

80.29

69 to 92

8.08

100.00

Hip Fracture

34

80.68

65 to 104

7.11

100.00

Hip OA

33

75.42

58 to 89

6.74

100.00

Current study

Fernández-Tajes J et al, Ann Rheum Dis 2014; 73:668

Cartilage
Aref-Eshghi E et al, BMC Musculoskelet Disord 2015; 16:287 Hip Controls

Lokk K et al, Genome Biol 2014; 15:R54

Bone
Delgado-Calle J et al, Arthritis Rheum 2013; 65:197
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ABSTRACT
Estimates of biological age based on DNA methylation patterns, often referred to as "epigenetic age", "DNAm
age", have been shown to be robust biomarkers of age in humans. We previously demonstrated that
independent of chronological age, epigenetic age assessed in blood predicted all‐cause mortality in four human
cohorts. Here, we expanded our original observation to 13 different cohorts for a total sample size of 13,089
individuals, including three racial/ethnic groups. In addition, we examined whether incorporating information
on blood cell composition into the epigenetic age metrics improves their predictive power for mortality. All
considered measures of epigenetic age acceleration were predictive of mortality (p≤8.2x10‐9), independent of
chronological age, even after adjusting for additional risk factors (p<5.4x10‐4), and within the racial/ethnic
groups that we examined (non‐Hispanic whites, Hispanics, African Americans). Epigenetic age estimates that
incorporated information on blood cell composition led to the smallest p‐values for time to death (p=7.5x10‐43).
Overall, this study a) strengthens the evidence that epigenetic age predicts all‐cause mortality above and
beyond chronological age and traditional risk factors, and b) demonstrates that epigenetic age estimates that
incorporate information on blood cell counts lead to highly significant associations with all‐cause mortality.

INTRODUCTION
cell composition changes with age and some of these
changes might be independent predictors of mortality [9–
12]. Thus, it is of interest to understand whether
considering information on blood cell composition in
measures of epigenetic age improves their predictive
power for mortality.

DNA methylation-based biomarkers, often referred to
as “epigenetic age” or "epigenetic clock", are robust
estimators of chronological age of an individual [1–4].
For example, a measure of epigenetic age based on
levels of methylation in 353 CpG dinucleotide markers
(cytosine linked to guanine by a phosphate group)
allow the estimation of the age of an individual. This
estimate is consistent across most types of biological
specimens, including whole blood, brain, breast,
kidney, liver, lung, and saliva and cell types, including
CD4+ T cells, monocytes, B cells, glial cells, and
neurons [3].

Here, we evaluated the ability to predict time to death
for blood-based epigenetic age measures, both
published and novel measures that incorporate
information on blood cell composition. Due to the well
documented age-related changes in blood cell
composition, we distinguished epigenetic measures of
age that were independent of changes in blood cell
composition (cell-intrinsic measures), and measures that
incorporated age-related changes in blood cell
composition ("extrinsic" measures). By increasing the
number of independent cohort studies, we more than
doubled the number of mortality events available for
analysis, which allowed for detailed subgroup analyses
including those based on race/ethnicity.

Recent studies suggested that epigenetic age is associated
with age-related health outcomes above and beyond
chronological age. For example, we and others have
shown that individuals whose epigenetic age was greater
than their chronological age (i.e., individuals exhibiting
epigenetic "age acceleration") were at an increased risk
for death from all causes, even after accounting for
known risk factors [5–7]. Further, we recently showed
that the offspring of semi-supercentenarians (subjects
who reached an age of 105-109 years) have a lower
epigenetic age than age-matched controls [8]. Based on
these findings, it has been hypothesized that epigenetic
age captures some aspect of biological age and the
resulting susceptibility to disease and multiple health
outcomes. A first step in testing this hypothesis is to test
whether epigenetic age predicts longevity in multiple
populations and across ethnic groups.

RESULTS
Cohort studies
Our meta-analysis included 13 population-based
cohorts. An overview of the cohorts is provided in
Table 1. Our study involved 3 racial/ethnic groups: nonHispanic whites (n=9,215), Hispanics (n=431), and
Blacks (n=3,443). Detailed descriptions of each cohort
can be found in the Supplemental Materials.

In many studies epigenetic age is estimated from DNA
derived from blood samples. It is well known that blood
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Epigenetic age estimation

Estimated blood
chronological age

We used two methods for estimating the epigenetic age
of each blood sample (Table 2). First, we used the
approach by Horvath (2013) based on 353 CpGs, as
described in [3] and Methods. Second, we used the
approach by Hannum et al. (2013) based on 71 CpGs
[2]. Both epigenetic age estimates were correlated with
chronological age at the time of blood draw (Table 1)
with biweight midcorrelation coefficients ranging from
0.65 to 0.89. But birth cohorts were excluded from this
correlation analysis because it is not meaningful to
calculate correlations with chronological age in this
situation. The Horvath and Hannum estimates were also
highly correlated with each other (r=0.76) even though
the underlying sets of CpGs share only 6 CpGs in
common. (Supplementary Table 1).

cell

counts

that

relate

to

We estimated the abundance of ten blood cell types based
on observed DNA methylation patterns (Methods) –
exhausted/senescent CD8+ T cells (CD8+CD28CD45RA-), CD8+ naïve, CD8+ total, CD4+ naïve,
CD4+ total, natural killer cells, B cells, monocytes,
granulocytes, and plasmablasts. To study age-related
changes in blood cell composition, we correlated these
estimated blood cell counts with chronological age in all
of the cohort studies (Supplementary Table 2). Our
results are congruent with findings from flow cytometric
studies that demonstrate that the abundance of naïve
CD8+ T cells decreases with age (reflecting thymic
involution), whereas exhausted/senescent CD8+ T cells
increase with age [9–12].

Table 1. Baseline characteristics of participating cohorts.
Age
(years)*

rHorvath†

rHannum ‡

309 (31%)

Follow-up
duration
(years)*
15.4 (14.0-16.4)

68 (65-72)

0.67 (p=5.1x10-131)

0.73 (p=8.0x10-167)

675

176 (26%)

15.4 (13.7-16.5)

62 (57-67)

0.70 (p=1.2x10-100)

0.76 (p=3.0x10-128)

3. WHI (Hispanic)

431

78 (18%)

15.2 (14.1-16.3)

61 (56-67)

0.78 (p=8.9x10-90)

0.79 (p=1.3x10-93)

4. LBC 1921

445

312 (70%)

10.2 (6.2-12.9)

79 (78-79)

0.15 (p=1.5x10-3)

0.13 (p=6.0x10-3)

5. LBC 1936

919

106 (12%)

7.5 (6.9-8.4)

69 (68-70)

0.15 (p=4.9x10-6)

0.16 (p=1.1x10-6)

6. NAS

647

221 (34%)

11.6 (8.6-12.9)

72 (68-77)

0.69 (p=1.3x10-92)

0.76 (p=8.2x10-123)

7. ARIC (Black)

2,768

1,075 (39%)

20.3 (14.3-21.4)

57 (52-62)

0.65 (p<1x10-200)

0.71 (p<1x10-200)

8. FHS

2,614

236 (9%)

6.2 (5.6-6.9)

66 (60-73)

0.84 (p<1x10-200)

0.86 (p<1x10-200)

9. KORA

1,257

42 (3%)

4.4 (4.0-4.8)

61 (54-68)

0.84 (p<1x10-200)

0.88 (p<1x10-200)

10. InCHIANTI

506

91 (18%)

15.0 (14.6-15.5)

67 (57-73)

0.82 (p=3.2x10-124)

0.85 (p=2.1x10-142)

11. Rotterdam

710

32 (5%)

5.6 (5.3-5.8)

58 (54-62)

0.72 (p=1.9x10-114)

0.76 (p=1.3x10-134)

12.Twins UK

805

30 (4%)

8.5 (7.5-8.5)

58 (51-65)

0.87 (p<1x10-200)

0.89 (p<1x10-200)

13. BLSA (white)

317

26 (8%)

5.3 (4.0-6.6)

66 (58-73)

0.85 (p=1.1x10-89)

0.88 (p=7.2x10-104)

Total

13,089

2734 (21%)

Cohort

N

Ndeaths (%)

1. WHI (White)

995

2. WHI (Black)

The last 3 columns report robust correlation coefficients (biweight midcorrelation) between chronological age and two epigenetic
age estimates (Horvath and Hannum).
* Median (25th percentile ‐ 75th percentile)
† Biweight midcorrelation coefficient of chronological age with epigenetic age using the Horvath method.
‡ Biweight midcorrelation coefficient of chronological age with epigenetic age using the Hannum method.
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Measures of epigenetic age acceleration

nological age can be used to define "delta age" but the
resulting measure exhibits a negative correlation with
chronological age. By contrast, all of our measures of
epigenetic age acceleration are defined such that they
are uncorrelated with chronological age.

Despite high correlations, epigenetic age can deviate
substantially from chronological age at the individual
level. The difference between epigenetic age and chro-

Table 2. Overview of various measures of epigenetic age acceleration.
Measure of age acceleration

Short name of
measure

Epigenetic age
estimate

(Universal) epigenetic age acceleration

AgeAccelHorvath
(AgeAccel)
IEAA.Horvath
(IEAA)
AgeAccelHannum
IEAA.Hannum

Horvath: 353 CpGs

no

Correlation
with blood
counts
weak

Horvath: 353 CpGs

yes

very weak

yes

Hannum: 71 CpGs
Hannum: 71 CpGs

no
yes

moderate
very weak

no
no

Enhanced Hannum

yes

strong

no

Intrinsic epigenetic age acceleration
(Horvath)
Age acceleration based on Hannum
Intrinsic epigenetic age acceleration
(Hannum)
Extrinsic epigenetic age acceleration

EEAA

Uses blood
counts

Conserved
in breast
tissue
yes

Description of the differences between epigenetic age and age acceleration measures. Column "Correlation with blood counts"
relates to Supplementary Table 4. Column "Conserved in breast tissue" relates to Figure 1.

Figure 1. Epigenetic age acceleration in blood versus that in breast or saliva. (A‐D) Epigenetic age acceleration in
healthy female breast tissue (y‐axis) versus various measures of epigenetic age acceleration in blood: (A) universal measure
of age acceleration in blood, (B) intrinsic epigenetic age acceleration based on the Horvath estimate of epigenetic age, (C)
extrinsic epigenetic age acceleration, (D) intrinsic epigenetic age acceleration based on the Hannum estimate of epigenetic
age. (E‐H) analogous plots for epigenetic age acceleration in saliva (y‐axis) and (E) AgeAccel, (F) IEAA based on Horvath, (G)
EEAA, (H) IEAA based on the Hannum estimate. The y‐axis of each plot represents the universal measure of age acceleration
defined as the raw residual resulting from regressing epigenetic age (based on Horvath) on chronological age.
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An overview of several measures of epigenetic age
acceleration is presented in Table 2. One such measure
(denoted as AgeAccel) is defined as the residual that
results from regressing epigenetic age on chronological
age. Thus, a positive value of AgeAccel indicates that the
epigenetic age is higher than expected, based on
chronological age. These Horvath and Hannum based
measures of age acceleration are denoted by
AgeAccelHorvath and AgeAccelHannum, respectively. For the
sake of brevity and consistency with other publications
from our group, we abbreviate AgeAccelHorvath as
AgeAccel.

servation across various cell types and organs.
Compared to our other measures of age acceleration,
IEAA, adapted from the Horvath measure of epigenetic
age, exhibited significant correlations with epigenetic
age acceleration in breast tissue (r=0.48, p=0.0011,
Figure 1B) and saliva (r=0.67, p=8.8x10-9, Figure 1F).
By contrast, an analogous measure of IEAA based on
the Hannum measure showed much weaker correlations
(r=0.073 in breast and r=0.41 in saliva Figure 1D, 1H).
For this reason, we focused on the Horvath measure of
IEAA.
The age-related changes to blood cell composition
(Supplementary Table 4) can be leveraged to capture
aspects of immunosenescence. Using these measures,
we derived a novel extrinsic epigenetic age acceleration
(EEAA) measure by up-weighting the blood cell count
contributions of AgeAccelHannum (Methods and
Supplementary Table 4).

AgeAccelHannum and to a lesser extent AgeAccel were
previously shown to correlate with blood cell counts
[5]. Thus, we distinguished two broad categories of
measures of epigenetic age acceleration when dealing
with DNA methylation from blood or peripheral blood
mononuclear cells (PBMCs): intrinsic and extrinsic
epigenetic measures, which are independent of, or
enhanced by blood cell count information, respectively.
We define intrinsic epigenetic age acceleration (IEAA)
as the residual resulting from regressing epigenetic age
on chronological age and measures of blood cell counts
(Methods). By definition, IEAA is not correlated with
chronological age and is weakly correlated with
estimated measures of blood cell counts (Supplementary
Table 4). IEAA is meant to capture cell-intrinsic
properties of the aging process that exhibit some pre-

Descriptive statistics (minimum, maximum, median) of
the measures of epigenetic age acceleration can be
found in Supplementary Table 3.
Cox regression models of all-cause mortality
We used Cox regression models to assess the predictive
value of our measures of epigenetic age acceleration for
all-cause mortality. All of our Cox models were adjusted

Figure 2. Univariate Cox regression meta‐analysis of all‐cause mortality. A univariate Cox regression model was used to relate
the censored survival time (time to all‐cause mortality) to (A) the universal measure of age acceleration (AgeAccel), (B) intrinsic
epigenetic age acceleration (IEAA), (C) extrinsic epigenetic age acceleration (EEAA). The rows correspond to the different
cohorts. Each row depicts the hazard ratio and a 95% confidence interval. The coefficient estimates from the respective studies
were meta‐analyzed using a fixed‐effect model weighted by inverse variance (implemented in the metafor R package [34]). It is
not appropriate to compare the hazard ratios and confidence intervals of the different measures directly because the measures
have different scales/distributions. However, it is appropriate to compare the meta analysis p values (red sub‐title of each plot).
The p‐value of the heterogeneity test (Cochran's Q‐test) is significant if the cohort‐specific estimates differed substantially.

www.aging‐us.com

1849

AGING (Albany NY)

for the age at baseline (blood draw). Additional
multivariate models further adjusted for covariates
assessed at baseline (chronological age, body mass index,

educational level, alcohol intake, smoking pack-years,
prior history of diabetes, prior history of cancer, hypertension status, self-reported recreational physical activity).

Figure 3. Multivariate Cox regression meta‐analysis adjusted for clinical covariates. A multivariate Cox regression model was
used to relate the censored survival time (time to all‐cause mortality) to (A) the universal measure of age acceleration (AgeAccel), (B)
intrinsic epigenetic age acceleration (IEAA), (C) extrinsic epigenetic age acceleration (EEAA). The multivariate Cox regression model
included the following additional covariates: chronological age, body mass index (category), educational level (category), alcohol intake,
smoking pack years, prior history of diabetes, prior history of cancer, hypertension status, recreational physical activity (category). The
rows correspond to the different cohorts. Each row depicts the hazard ratio and a 95% confidence interval. The coefficient estimates
from the respective studies were meta‐analyzed using a fixed‐effect model weighted by inverse variance (implemented in the metafor R
package [34]). The sub‐title of each plot reports the meta‐analysis p‐value and a heterogeneity test p‐value (Cochran's Q‐test).
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Figure 4. Hazard ratio of death versus cohort characteristics. Each circle corresponds to a cohort (data set). Circle sizes
correspond to the square root of the number of observed deaths, because the statistical power of a Cox model is determined by the
number of observed deaths. (A‐C) The y‐axis of each panel corresponds to the natural log of the hazard ratio (ln HR) of a univariate Cox
regression model for all‐cause mortality. Each panel corresponds to a different measure of epigenetic age acceleration (A) universal age
acceleration, (B) intrinsic age acceleration, (C) extrinsic age acceleration. Panels (D‐F) are analogous to those in A‐C but the x‐axis
corresponds to the median age of the subjects at baseline (Table 1). The title of each panel reports the Wald test statistic (T) and
corresponding p‐value resulting from a weighted linear regression model (y regressed on x) where each point (data set) is weighted by
the square root of the number of observed deaths. The dotted red line represents the regression line. The black solid line represents the
line of identify (i.e., no association).
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Table 3. Subgroup analysis by demographic factors.
Subgroup
Race
White
Black
Hispanic
pinteraction

Age-adjusted
HR
p-value

Full model
HR p-value

1.05
1.04
1.05

3.0x10-26
7.8x10-20
1.1x10-2
0.62

1.03
1.02
1.06

1.3x10-5
7.6x10-3
5.3x10-2
0.14

Sex
Men
Women
pinteraction

1.04
1.04

7.1x10-15
3.7x10-10
0.63

1.03
1.03

1.9x10-2
1.9x10-5
0.95

Follow-up
duration
<5 years
5-10 years
>10 years
pinteraction

1.02
1.02
1.03

0.20
1.8x10-3
4.5x10-9
0.67

0.98
1.02
1.02

0.79
0.17
4.1x10-2
0.84

BMI
categories
Underweight
Normal
Overweight
Obese
pinteraction

1.11
1.06
1.04
1.04

9.4x10-3
6.1x10-19
1.46x10-8
2.2x10-11
0.05

1.04
1.04
1.03
1.02

8.9x10-3
2.3x10-2
5.0x10-2
7.1x10-2
0.75

Smoking status
Never
Former
Current
pinteraction

1.03
1.05
1.06

6.9x10-6
4.2x10-22
2.1x10-4
0.05

1.04
1.03
1.01

4.8x10-3
6.3x10-4
0.47
0.20

Physical
activity status
Yes
No
pinteraction

1.05
1.03

3.8x10-6
2.5x10-2
0.23

1.02
1.03

1.9x10-3
2.2x10-2
0.65

Age‐adjusted and fully adjusted associations for EEAA to all‐
cause mortality by subgroup (rows). The fully adjusted model
includes the following covariates: body mass index, educational
level, alcohol intake, smoking pack‐years, prior history of
diabetes, prior history of cancer, hypertension status, self‐
reported recreational physical activity.
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Interpreting effect sizes and variance of epigenetic
age acceleration

Our novel measure of extrinsic age acceleration EEAA
led to smaller p-values for the associations with all-cause
mortality than the original measure AgeAccelHannum in
univariate
Cox
models
(pEEAA=7.5x10-43,
-34
pAgeAccelHannum=1.4x10 , Supplementary Figure 1) and in
multivariate
Cox
models
(pEEAA=3.4x10-19,
-15
pAgeAccelHannum=6x10 , Supplementary Figure 2). Further,
when both EEAA and AgeAccelHannum were included in
the same Cox model, only EEAA remained significant in
the WHI data and FHS univariate models. Since these
results indicate that EEAA outperforms the closely related
measure AgeAccelHannum when it comes to mortality
prediction, we removed the latter from subsequent
analyses.

Subjects differed substantially in terms of their
measures of epigenetic age acceleration, e.g. EEAA
ranged from -28 to 28 years in the WHI (standard
deviation =6.4 years, Supplementary Table 3).
About five percent of the participants of the WHI
exhibited an EEAA value larger than 10, which is
associated with a 48% increased hazard of death as can
be seen from the following calculation. The HR of
EEAA is 1.040 if EEAA=1 (Figure 2c) but it is
HR=1.48=(1.040)10 if EEAA=10. Negative values of
age acceleration were associated with a lower hazard of
mortality. For example, 20% of subjects had an EEAA
value less than -5, which is associated with an 18%
decrease in the hazard of death (HR=0.82=1.04-5).

All considered measures of epigenetic age acceleration
were predictive of time to death in univariate Cox
models
(pAgeAccel=1.9x10-11,
pIEAA=8.2x10-9,
-43
pEEAA=7.5x10 , Figure 2) and multivariate Cox models
adjusting for risk factors and pre-existing disease status
(pAgeAccel=5.4x10-5, pIEAA=5.0x10-4, pEEAA=3.4x10-19,
Figure 3).

Subgroup analysis
With few exceptions, we found that the associations
between EEAA and time to death remained highly signi-

Table 4. Subgroup analysis by prevalent disease status.
Subgroup
Cancer status
Yes
No
pinteraction

Age-adjusted
HR p-value

Full model
HR
p-value

1.05
1.05

2.5x10-10
2.3x10-13
0.92

1.02
1.03

0.18
1.7x10-4
0.73

1.04
1.04

2.4x10-5
1.5x10-12
0.43

1.01
1.02

0.60
1.5x10-4
0.99

Hypertension status
Yes
No
pinteraction

1.04
1.05

7.4x10-17
7.1x10-6
0.41

1.03
1.02

2.9x10-3
8.6x10-3
0.45

Type 2 diabetes status
Yes
No
pinteraction

1.04
1.04

8.6x10-13
1.2x10-10
0.70

1.03
1.02

1.7x10-3
9.3x10-3
0.25

Coronary artery
disease status
Yes
No
pinteraction

Age‐adjusted and fully adjusted associations for EEAA to all‐cause
mortality in different subgroups (rows). The fully adjusted model
includes the following covariates: body mass index, educational level,
alcohol intake, smoking pack‐years, prior history of diabetes, prior
history of cancer, hypertension status, self‐reported recreational
physical activity.
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ficant in subgroups stratified by race, sex, follow-up
duration, body mass index, smoking status, physical
activity (Table 3) and in subgroups stratified by
prevalent disease at baseline such as cancer, coronary
artery disease, hypertension and type 2 diabetes (Table
4). Only one subgroup led to an insignificant finding
(p>0.05) in our univariate model analysis: namely
subjects with less than 5 years of follow up (Table 3).
For multivariate models, we failed to observe
significant associations for the following subgroups: i)
less than 5 years of follow up, ii) between 5 and 10
years of follow up, iii) current smokers, iv) obese
individuals, v) Hispanics, vi) individuals with cancer,
and vii) subjects with coronary artery disease. The
insignificant results in multivariate models in cancer
patients or CAD patients might reflect the relatively low
sample sizes or that epigenetic age acceleration is
dwarfed by other predictors of mortality in subjects with
severe diseases. Hazard ratio estimates remained highly
consistent across all subgroups examined.

DISCUSSION

We did not observe significant differences in the
estimated hazard ratios across any subgroup (Tables 3
and 4). Specifically, racial/ethnic differences in HR
were not observed (interaction p=0.62 in ageadjustment models and p=0.14 in full models). Overall,
these subgroup analysis results confirm that epigenetic
age acceleration is an independent predictor of earlier
mortality even after adjusting for possible confounders
and within major subgroups of the population.

The development of suitable measures of biological age
has been a key goal in the field of aging research [13].
Many biomarkers of age have been posited including
epigenetic alterations of the DNA (e.g., DNA
methylation), transcriptomic changes in blood [14],
telomere length [15], whole-body function such as gait
speed (reviewed in [16]). The current study does not
aim to replace existing blood based biomarkers, but
rather, we aimed to demonstrate that it complements
existing markers. Above all, this study shows that
epigenetic age captures an aspect of biological age, as
assessed through lifespan, above and beyond
chronological age, blood cell composition, and a host of
traditional risk factors of mortality.

The current study corroborates previous findings
regarding the predictive power of DNA methylationbased biomarkers of age for mortality [5,6,8]. We
further examined novel variants of these measures that
are either independent of blood cell counts or are
enhanced by changes in blood cell sub-populations. We
showed that the extrinsic measure EEAA out-performs
previous measures of age acceleration when it comes to
predicting all-cause mortality. Furthermore, the
associations between epigenetic age acceleration and
mortality did not differ significantly across subgroups
of race/ethnicity, sex, BMI, smoking status, physical
activity status, or major chronic diseases. The
consistency of the associations across multiple
subgroups lends support to the notion that epigenetic
age acceleration captures some aspect of biological
aging over and above chronological age and other risk
factors.

Hazard ratio of death versus follow up time and
median age
The large number of cohorts allowed us to relate cohort
characteristics (such as median age or median follow up
removing time) to strength of association with
mortality. We did not find a statistically significant
relationship between the hazard ratio of death for the
median age of the cohort or the follow up time (Figure
4).

The measures of epigenetic age acceleration are
attractive because they are highly robust and because
their measurement only involve DNA methylation data.
While actual flow cytometry data will always be
preferable to imputed blood cell count data (based on
DNA methylation data), the measures of age
acceleration do not require the measurement of flow
data. Rather, measures of intrinsic and extrinsic
epigenetic age used blood cell count estimates resulting
from DNA methylation data. The measure of extrinsic
age acceleration EEAA reflects aspects of immunosenescence because, by construction, it correlates with
age-related changes in blood cell composition, such as
T lymphocyte populations, which underlie much of the
age-related decline in the protective immune response
[9–12]. Thus, the high predictive significance of EEAA
for all-cause mortality probably reflects the fact that it
assesses multiple aspects of the biological age of the
immune system including both changes in blood cell

Robustness analysis
To assess the robustness of our findings, we also carried
out a leave-one-out analysis by re-running the
metaanalysis after removing data from individual
cohorts. The resulting p-values are highly robust with
respect to a single data set from the analysis
(Supplementary Table 5). In our study, we used a fixed
effects meta-analysis method for the sake of consistency
with previous analyses [5]. However, our results remain
qualitatively the same after using a random effects
meta-analysis method (Supplementary Figure 4).
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composition and cell-intrinsic epigenetic changes. It has
been known for decades that poor T cell functioning is
predictive of mortality [17].

files of [3]. All of the described epigenetic measures of
aging and age acceleration are implemented in our
freely available software (https://dnamage.genetics.
ucla.edu) [3].

The findings surrounding the predictive utility of
intrinsic epigenetic age acceleration are biologically
compelling and point to a new frontier in aging
research. Our study strongly suggests IEAA is reflective
of an intrinsic epigenetic clock that is associated with
mortality independent of chronological age, changes in
blood cell composition, and traditional risk factors of
mortality. IEAA probably captures a cell-type
independent component of the aging process for the
following reasons. First, IEAA is moderately preserved
across different tissues and cell types collected from the
same subject (Figure 1). Second, IEAA but not EEAA is
predictive of lung cancer [18]. Third, only IEAA and
AgeAccel relate to centenarian status [8].

DNA methylation age estimate by Hannum et al
(2013)
We also used an alternative measure of epigenetic age
developed by Hannum et al (2013) [2]. The resulting
age estimate is based on the 71 CpGs and coefficient
values from the third supplementary table [2]. The
authors developed this age prediction method by using
an elastic net regression model for predicting
chronological age based on DNA methylation levels
from whole blood.
Measures of epigenetic age acceleration

Overall, our results inform the ongoing debate about
whether epigenetic biomarkers of age capture an aspect
of biological age. While epigenetic processes are
unlikely to be the only mediators of chronological age
on mortality—in fact, multiple risk factors have
stronger effects on mortality—our results suggest that at
least one of the mediating processes relates to the
epigenetic age of blood tissue and that this process is
independent of age-dependent changes in blood cell
composition. Future studies will be useful for gaining a
mechanistic understanding of this intrinsic epigenetic
aging process.

Table 2 provides an overview of our measures of
epigenetic age acceleration. The universal measure of
age acceleration (AgeAccel), which is valid for a wide
range of tissue types, is defined as the residual resulting
from a linear regression model that regresses the
Horvath estimate of epigenetic age on chronological
age. Thus, a positive value for AgeAccel indicates that
the observed epigenetic age is higher than that
predicted, based on chronological age. AgeAccel has a
relatively weak correlation with blood cell counts [25],
but it still relates to estimated blood cell counts, as seen
in Supplementary Table 4.

MATERIALS AND METHODS

To estimate "pure" epigenetic aging effects that are not
influenced by differences in blood cell counts
("intrinsic" epigenetic age acceleration, IEAA), we
obtained the residual resulting from a multivariate
regression model of epigenetic age on chronological age
and various blood immune cell counts (naive CD8+ T
cells, exhausted CD8+ T cells, plasmablasts, CD4+ T
cells, natural killer cells, monocytes, and granulocytes)
imputed from methylation data.

Measures of epigenetic age
We used an epigenetic biomarker of age based on 353
CpG markers as one measure of epigenetic age because:
a) it is an accurate measurement of age across multiple
tissues [3]; b) we previously showed that it is predictive
of all-cause mortality [5]; c) it correlated with measures
of cognitive/physical fitness and neuro-pathology in the
elderly [19,20]; and d) it was associated with conditions
that are of interest in aging research including Down's
syndrome [21], Huntington's disease [22], Parkinson's
disease [23], obesity [24], HIV infection [25],
menopause [26], centenarian status [27], ethnicity and
sex [28], and cellular senescence [3,29]. This epigenetic
age estimator not only lends itself to measuring aging
effects in elderly subjects; but also applies to prenatal
brain samples [30] and blood samples from minors [31].
Epigenetic age is defined as the predicted value of age
based on the DNA methylation levels of 353 CpGs.
Mathematical details and software tutorials for
estimating epigenetic age can be found in the additional
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Extrinsic epigenetic age acceleration measures capture
both cell intrinsic methylation changes and extracellular
changes in blood cell composition. Our measure of
EEAA is defined using the following three steps. First,
we calculated the epigenetic age measure from Hannum
et al [2], which already correlated with certain blood
cell types [5]. Second, we increased the contribution of
immune blood cell types to the age estimate by forming
a weighted average of Hannum’s estimate with 3 cell
types that are known to change with age: naïve
(CD45RA+CCR7+) cytotoxic T cells, exhausted
(CD28-CD45RA-) cytotoxic T cells, and plasmablasts
using the Klemera-Doubal approach [32]. The weights
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used in the weighted average are determined by the
correlation between the respective variable and
chronological age [32]. The weights were chosen on the
basis of the WHI data. Thus, the same (static) weights
were used for all data sets. EEAA was defined as the
residual variation resulting from a univariate model
regressing the resulting age estimate on chronological
age. By construction, EEAA is positively correlated with
the estimated abundance of exhausted CD8+ T cells,
plasmablast cells, and a negative correlated with naive
CD8+ T cells. Blood cell counts were estimated based
on DNA methylation data as described in the next
section. By construction, the measures of EEAA track
both age related changes in blood cell composition and
intrinsic epigenetic changes. None of our four measures
of epigenetic age acceleration are correlated with
chronological age.

command rma (with arguments method="FE" to get
fixed effects estimates). The forest plots were created
using the R function forest (with argument atransf=exp
to exponentiate the estimate of the log hazard ratios).
Sample exclusions
In addition to cohort-specific quality checks, we further
excluded individuals who had ever been diagnosed with
leukemia (ICD-9: 203-208), reported receiving
chemotherapy, and whose methylation beta value
distributions deviated substantially from a gold standard
(according to the quality statistic corSampleVSgold
standard<0.80 from the online age calculator [35–37]).
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exhausted CD8+ T cells [28].
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SUPPLEMENTARY DATA

Supplementary Table 1. Average pairwise correlations between
chronological age, epigenetic age based on the Horvath method, and
epigenetic age based on Hannum.

Age

Epigenetic age
(Horvath)

Epigenetic age
(Hannum)

Age

-

0.74

0.81

Epigenetic age
(Horvath)

0.74

-

0.76

Epigenetic age
(Hannum)

0.81

0.76

-

Supplementary Table 2. Correlations between estimated blood cell abundances and chronological age.
Cohort
ARIC
FHS
InCHIANTI
KORA
LBC1921
LBC1936
NAS
RSIII
TwinsUK
WHI White
WHI Black
WHI
Hispanic
MEAN

Plasmablasts
0.03
0.23
0.06
0.20
0.03
0.11
0.04
0.11
-0.02
0.09
0.12

CD8+CD28CD45RA0.16
0.36
0.32
0.48
0.03
0.04
0.28
0.20
0.21
0.21
0.24

CD8+
naive
-0.22
-0.38
-0.43
-0.53
-0.14
-0.05
-0.21
-0.26
-0.35
-0.17
-0.21

CD4+
naive
-0.13
-0.22
-0.34
-0.37
-0.09
-0.09
-0.07
-0.16
-0.08
-0.13
-0.13

CD8+
total
-0.06
-0.19
-0.19
-0.07
0.10
-0.03
0.01
-0.10
-0.14
-0.13
-0.07

CD4+
total
-0.08
-0.23
-0.20
-0.37
0.01
0.00
-0.16
-0.14
0.07
-0.10
-0.17

NK
cells
0.13
0.20
0.23
0.12
0.05
-0.05
0.12
0.06
0.27
0.17
0.16

B cells
-0.08
-0.27
-0.20
-0.22
-0.07
-0.13
-0.10
-0.16
-0.02
-0.12
-0.18

Monocytes
0.09
0.17
0.08
0.20
0.10
-0.09
-0.01
0.14
0.10
0.10
0.11

Granulocytes
0.04
0.16
0.11
0.16
-0.07
0.05
0.08
0.11
-0.14
0.04
0.07

0.08
0.09

0.26
0.23

-0.21
-0.26

-0.15
-0.16

-0.11
-0.08

-0.13
-0.12

0.17
0.14

-0.10
-0.14

0.03
0.09

0.08
0.06

The values shown are robust correlation coefficients (biweight midcorrelation, which is based on medians). Colors reflect the direction and
magnitude of the correlation coefficients (blue=negative correlation, red=positive correlation).
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Supplementary Table 3. Descriptive statistics of measures of epigenetic age acceleration by cohort.
Epigenetic age
acceleration measure

Cohort

AgeAccel

ARIC

5.081

-34.380

-3.191

Median
(50th
percentile)
-0.100

3.220

25.620

AgeAccel

FHS

4.621

-16.490

-3.110

-0.367

2.460

35.160

AgeAccel

InCHIANTI

4.999

-33.600

-3.084

-0.338

2.223

29.770

AgeAccel

KORA

4.937

-24.810

-3.423

-0.117

2.905

20.660

AgeAccel

LBC1921

6.971

-24.240

-3.884

-0.170

3.943

39.730

AgeAccel

LBC1936

6.485

-30.160

-3.879

0.116

3.801

42.100

AgeAccel

NAS

5.365

-16.930

-3.706

-0.498

2.909

32.830

AgeAccel

RSIII

6.003

-18.570

-4.325

-0.046

4.276

20.050

AgeAccel

TwinsUK

4.108

-13.760

-2.514

0.274

2.899

13.560

AgeAccel

WHI (white)

5.153

-22.560

-2.843

-0.103

3.443

22.790

AgeAccel

WHI (Black)

6.091

-21.900

-5.424

-1.977

1.824

39.930

AgeAccel

WHI (Hispanic)

4.494

-14.080

-3.831

-0.535

2.458

14.790

AgeAccel

BLSA

4.828

-11.620

-2.966

0.290

3.197

25.180

AgeAccel

ARIC

5.914

-38.770

-3.766

0.105

3.648

39.350

AgeAccelHannum

FHS

5.279

-23.480

-3.303

-0.174

3.001

36.680

AgeAccelHannum

InCHIANTI

6.028

-43.640

-3.152

0.431

3.573

31.490

AgeAccelHannum

KORA

4.996

-30.280

-3.266

-0.314

2.711

37.410

AgeAccelHannum

LBC1921

7.203

-25.140

-4.574

-0.821

3.722

51.840

AgeAccelHannum

LBC1936

6.670

-27.520

-4.172

0.131

4.183

31.650

AgeAccelHannum

NAS

5.161

-12.250

-3.310

-0.787

2.511

22.750

AgeAccelHannum

RSIII

6.090

-18.600

-3.825

0.115

4.152

17.970

AgeAccelHannum

TwinsUK

5.246

-17.040

-2.949

0.320

3.821

20.260

AgeAccelHannum

WHI (white)

5.557

-23.460

-3.644

-0.086

3.441

21.760

AgeAccelHannum

WHI (Black)

6.317

-23.490

-4.773

-0.891

3.045

31.480

AgeAccelHannum

WHI (Hispanic)

5.357

-12.740

-2.139

1.133

4.469

20.880

AgeAccelHannum

BLSA

5.709

-15.720

-2.942

0.429

3.801

31.730

AgeAccelHannum

ARIC

4.928

-34.020

-3.010

-0.057

3.068

23.810

IEAA

FHS

4.491

-16.010

-2.901

-0.199

2.547

32.160

IEAA

InCHIANTI

4.783

-30.930

-2.898

-0.374

2.364

29.470

IEAA

KORA

4.647

-29.350

-3.276

-0.114

2.761

18.740

IEAA

LBC1921

6.228

-22.890

-3.664

0.135

3.554

24.600

IEAA

LBC1936

6.162

-26.310

-3.596

0.035

3.718

34.090

IEAA

NAS

4.929

-24.190

-3.019

-0.458

2.694

22.500

IEAA

RSIII

5.130

-16.610

-3.330

-0.026

3.387

15.190

IEAA

TwinsUK

4.016

-14.590

-2.257

0.234

2.718

13.100

IEAA

WHI (white)

4.797

-21.460

-2.608

0.183

3.287

21.440
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IEAA

WHI (Black)

5.588

-20.320

-3.202

0.067

3.197

42.660

IEAA

WHI (Hispanic)

4.333

-13.520

-3.971

-1.397

1.864

12.480

IEAA

BLSA

4.488

-10.370

-2.658

0.017

3.330

23.120

EEAA

ARIC

6.673

-32.940

-4.096

0.135

4.149

38.560

EEAA

FHS

5.800

-26.100

-3.607

0.113

3.315

38.250

EEAA

InCHIANTI

6.710

-44.360

-3.327

0.576

4.236

33.630

EEAA

KORA

5.405

-26.610

-3.526

-0.339

3.189

37.600

EEAA

LBC1921

7.745

-21.180

-5.262

-0.973

4.306

52.120

EEAA

LBC1936

7.116

-30.590

-4.439

0.168

4.589

31.530

EEAA

NAS

5.596

-13.730

-3.443

-0.579

2.987

23.540

EEAA

RSIII

6.861

-22.380

-4.392

0.267

4.794

21.080

EEAA

TwinsUK

5.840

-22.790

-3.409

0.401

4.023

23.020

EEAA

WHI (white)

6.089

-22.710

-3.888

0.015

4.008

22.320

EEAA

WHI (Black)

6.906

-27.600

-5.735

-1.382

2.827

27.900

EEAA

WHI (Hispanic)

5.779

-14.310

-1.679

2.371

5.651

23.450

EEAA

BLSA

6.256

-18.040

-3.435

0.921

4.724

29.230

Supplementary Table 4. Pairwise correlations (mean and standard error (SE) across cohorts) between blood cell
counts estimated from DNA methylation profiles (rows) and several measures of epigenetic age acceleration
(columns).

BloodCell
Plasma Blast
Exhausted CD8+
CD8.naive
CD4.naive
CD8T
CD4T
NK
Bcell
Monocyte
Granulocyte

AgeAccel
average r (SE)
0.02 (0.031)
0.18 (0.039)
-0.18 (0.043)
-0.09 (0.033)
0.19 (0.026)
-0.20 (0.032)
0.13 (0.026)
-0.08 (0.051)
0.05 (0.026)
-0.03 (0.033)

IEAA
average r (SE)
0 (0.002)
0 (0.009)
0 (0.011)
0.07 (0.017)
0 (0.023)
0 (0.004)
0 (0.002)
-0.11 (0.028)
0 (0.006)
0 (0.005)

EEAA
average r (SE)
0.28 (0.034)
0.50 (0.033)
-0.52 (0.04)
-0.36 (0.038)
0 (0.046)
-0.46 (0.034)
0.17 (0.042)
-0.05 (0.068)
0.12 (0.042)
0.16 (0.049)

AgeAccelHannum
average r (SE)
0.20 (0.033)
0.29 (0.044)
-0.35 (0.048)
-0.28 (0.041)
0 (0.041)
-0.34 (0.036)
0.10 (0.042)
-0.01 (0.061)
0.07 (0.04)
0.14 (0.042)

IEAA.Hannum
average r (SE)
0 (0.018)
0 (0.046)
0 (0.05)
0.06 (0.046)
-0.01 (0.024)
0 (0.026)
0 (0.03)
-0.02 (0.035)
0 (0.019)
0 (0.018)

AgeAccel=univeral measure of age acceleration based on Horvath estimate. IEAA=intrinsic epigenetic age acceleration based
on the Horvath estimate. EEAA = extrinsic epigenetic age acceleration which is an enhanced version of the Hannum estimate.
AgeAccelHannum=univeral measure of age acceleration based on the Hannum estimate. IEAA.Hannum=intrinsic epigenetic age
acceleration based on Hannum estimate. By design, the intrinsic measures have only weak correlations with blood cell counts.
By contrast, AgeAccelHannum and EEAA have moderately strong correlations with blood cell counts.
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Supplementary Table 5. Leave‐one‐out analysis by cohort for relating EEAA
to time to death.
Cohort removed

Age-adjusted model

Fully adjusted model

(None)

1.04 (p=1.81x10-42)

1.02 (p=1.94x10-7)

ARIC

1.04 (p=1.00x10-26)

1.03 (p=1.09x10-6)

FHS

1.04 (p=1.23x10-34)

1.02 (p=5.09x10-6)

LBC 1921

1.04 (p=1.17x10-38)

1.02 (p=3.21x10-6)

LBC 1936

1.04 (p=1.94x10-41)

1.02 (p=1.39x10-7)

WHI (Whites)

1.04 (p=2.61x10-43)

1.02 (p=2.77x10-7)

WHI (Blacks)

1.04 (p=3.46x10-40)

1.02 (p=7.42x10-7)

WHI (Hispanics)

1.04 (p=4.29x10-41)

1.02 (p=6.17x10-7)

NAS

1.04 (p=3.91x10-40)

1.02 (p=2.42x10-7)

InCHIANTI

1.04 (p=1.98x10-41)

1.02 (p=7.38x10-7)

Rotterdam

1.04 (p=4.35x10-41)

1.02 (p=2.16x10-7)

KORA

1.04 (p=1.93x10-39)

1.02 (p=3.76x10-7)

TwinsUK

1.04 (p=3.76x10-41)

1.02 (p=4.66x10-7)

The table reports hazards ratios and corresponding p‐values based on a Cox
regression. The fully adjusted model includes the following covariates: body mass
index, educational level, alcohol intake, smoking pack‐years, prior history of diabetes,
prior history of cancer, hypertension status, self‐reported recreational physical
activity.
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Supplementary Figure 1. Univariate Cox regression model analysis of all‐cause mortality, contrasting existing and novel
measures of age acceleration. The rows correspond to the different cohorts. Each row depicts the hazard ratio and a 95%
confidence interval. To combine the coefficient estimates from the respective studies into a single estimate, we applied a
fixed‐effect model weighted by inverse variance (implemented in the metafor R package [30]). (A) This measure of age
acceleration is based on Hannum et al [1]. Specifically, we estimated the age using the 71 CpGs and coefficient values from
Hannum. Next, the measure of age acceleration was defined as residuals resulting from regressing the epigenetic age
estimate on chronological age. (B) Extrinsic epigenetic age acceleration (EEAA). The sub‐title of each plot reports the meta‐
analysis p‐value and a heterogeneity test p‐value (Cochran's Q‐test). It is not appropriate to compare the hazard ratios and
confidence intervals of the different measures directly because the measures have different scales/distributions. However,
it is appropriate to compare the meta‐analysis p‐values (colored in red).

Supplementary Figure 2. Multivariate Cox regression model analysis of all‐cause mortality, contrasting existing and novel
measures of age acceleration. The multivariate Cox regression model included the following additional covariates: chronological age,
body mass index (category), educational level (category), alcohol intake, smoking pack years, prior history of diabetes, prior history of
cancer, hypertension status, recreational physical activity (category). The rows correspond to separate cohorts. Each row depicts the
hazard ratio (HR) and a 95% confidence interval. (A) Age acceleration based on Hannum et al [6], (B) Extrinsic epigenetic age acceleration
(EEAA). The sub‐title of each plot reports the meta‐analysis p‐value and a heterogeneity test p‐value (Cochran's Q‐test).
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Supplementary Figure 3. Multivariate Cox regression analysis of all‐cause mortality adjusted for blood cell counts and
clinical covariates. A multivariate Cox regression model was used to relate the censored survival time (time to all‐cause mortality) to
(A) the universal measure of age acceleration (AgeAccel), (B) intrinsic epigenetic age acceleration (IEAA), (C) extrinsic epigenetic age
acceleration (EEAA). The multivariate Cox regression model included blood cell counts (exhausted CD8+ T cells, naïve CD8+, CD4+ T cells,
natural killer, monocytes, granulocytes, and plasmablasts) and clinical covariates (chronological age, body mass index, educational level,
alcohol intake, smoking pack years, prior history of diabetes, prior history of cancer, hypertension status, recreational physical activity).
The rows correspond to the different cohorts. Each row depicts the hazard ratio (HR) and a 95% confidence interval. Estimates were
meta‐analyzed using a fixed‐effect model weighted by inverse variance. The sub‐title of each plot reports the meta‐analysis p‐value and a
heterogeneity test p‐value (Cochran's Q‐test).

Supplementary Figure 4. Random effects meta‐analysis for univariate Cox models. The figure is analogous to Figure 2 in our
article except that it uses a random‐effects meta‐analysis (DerSimonian‐Laird) instead of a fixed‐effects model. A univariate Cox
regression model was used to relate the censored survival time (time to all‐cause mortality) to (A) the universal measure of age
acceleration (AgeAccel), (B) intrinsic epigenetic age acceleration (IEAA), (C) extrinsic epigenetic age acceleration (EEAA). To combine the
coefficient estimates from the respective studies into a single estimate, we applied the DerSimonian‐Laird random effects model. The
sub‐title of each plot reports the meta‐analysis p‐value and a heterogeneity test p‐value (Cochran's Q‐test).
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Abstract: Age of Huntington's disease (HD) motoric onset is strongly related to the number of CAG trinucleotide repeats
in the huntingtin gene, suggesting that biological tissue age plays an important role in disease etiology. Recently, a DNA
methylation based biomarker of tissue age has been advanced as an epigenetic aging clock. We sought to inquire if HD is
associated with an accelerated epigenetic age. DNA methylation data was generated for 475 brain samples from various
brain regions of 26 HD cases and 39 controls. Overall, brain regions from HD cases exhibit a significant epigenetic age
acceleration effect (p=0.0012). A multivariate model analysis suggests that HD status increases biological age by 3.2 years.
Accelerated epigenetic age can be observed in specific brain regions (frontal lobe, parietal lobe, and cingulate gyrus). After
excluding controls, we observe a negative correlation (r=‐0.41, p=5.5x10‐8) between HD gene CAG repeat length and the
epigenetic age of HD brain samples. Using correlation network analysis, we identify 11 co‐methylation modules with a
significant association with HD status across 3 broad cortical regions. In conclusion, HD is associated with an accelerated
epigenetic age of specific brain regions and more broadly with substantial changes in brain methylation levels.

INTRODUCTION

trinucleotide repeat expansion resulting in an elongated
polyglutamine stretch near the N-terminus of the
huntingtin (HTT) protein [2]. HD patients have CAG
repeat lengths greater than 36 on one of the HTT alleles.
Although HD affects a number of brain regions such as
the cortex, thalamus, and subthalamic nucleus, the

Huntington’s disease (HD) is a dominantly inherited
neurodegenerative disorder clinically characterized by
progressive movement disorder, cognitive dysfunction,
and psychiatric impairment [1]. HD is caused by a CAG
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striatum is the most severely affected region [3]. Large
postmortem pathological series and neuroimaging studies
suggest that CAG repeat length is highly correlated with
caudate but not cortical atrophy [4-6]. The hallmark of
HD neuropathology is massive degeneration of the
striatal medium-sized spiny neurons (MSNs) and, to a
lesser extent, the deep layer cortical pyramidal neurons
[7]. HD neurodegeneration mainly affects the MSNs of
the neostriatal nuclei, caudate nucleus and putamen,
explaining the grave motor symptoms. Despite the
specificity of neurodegeneration in HD, HTT is broadly
present in cells throughout the brain [8].

profound effect on DNA methylation levels [13-17]. We
recently developed an epigenetic measure of tissue age
by combining the DNA methylation levels of 353
dinucleotide markers known as cytosine phosphate
guanines or CpGs [18 ]. The weighted average of these
353 epigenetic markers gives rise to an estimate of
tissue age (in units of years), which is referred to as
"DNA methylation age" or as "epigenetic age". This
epigenetic clock method to estimate age appears to
apply to any tissue or cell type that contains DNA (with
the exception of sperm) including individual cell types
(helper T cells, neurons, glial cells), complex tissues
and organs (blood, brain, bone, breast, kidney, liver,
lung [18-20]) and extending to prenatal brain samples
[21]. The epigenetic clock method for estimating age is
particularly attractive in the context of neurodegenerative diseases for the following reasons. First, it
applies to all brain regions, sorted brain cells [18-20],
beginning with prenatal brain samples [21]. Second,
recent findings suggest that the epigenetic clock
captures aspects of the biological age of brain tissue,
e.g. the epigenetic age of the frontal lobe relates to
neuropathological variables and to Alzheimer's disease
(AD) related cognitive functioning [22].

HD is one of several polyglutamine disorders (including
inherited ataxias, muscular dystrophy, and several forms
of mental retardation [3]) that are caused by the
expansion of unstable CAG trinucleotide repeats. The
differential pathogenesis of polyglutamine disorders
may be due to differences in polyglutamine protein
context or functions because these disorders exhibit
distinct patterns of neuronal loss and clinical
manifestation despite nearly ubiquitous expression of
these proteins, at least in the brain, and in the case of
HTT the ubiquitous expression throughout the body and
during development.

To explore changes in the brain methylome in HD
individuals, we also carried out a systems biological
analysis of DNA methylation levels. We constructed comethylation modules and identified those that are
associated with HD status in several brain regions.

The age of onset of HD motor symptoms strongly
correlates with the number of CAG trinucleotide repeats
in HTT [9-11]. HD patients are usually clinically
diagnosed in their 40s, but the age of onset can range
from earlier than 10 for individuals with high repeat
lengths to over 80 years for those with repeat lengths
below 40. Overall, three non-mutually exclusive
hypotheses could explain adult onset in HD: First,
normal aging renders MSNs more vulnerable to mutant
HTT toxicity [12]. Second, mutant HTT progressively
produces cumulative defects over time. Third, mutant
HTT toxicity accelerates the biological age of affected
cells and tissues, which makes them vulnerable to
dysfunction and cell death. We are not aware of any
data or results that would support this third hypothesis.
Irrespective of the validity of this "accelerated
biological age hypothesis in HD", there is little doubt
that biological age plays an important role in HD. For
example, the product of CAG repeat length and
chronological age (“CAP score") relates to clinical
outcomes in HD according to recent longitudinal studies
of HD patient cohorts [10]. Here, we address the
challenge of directly testing whether HD is associated
with accelerated aging in brain tissue by exploiting our
DNA methylation based biomarker of tissue age, which
is referred to as the epigenetic clock.

RESULTS
Accuracy of the epigenetic clock in brain samples
from HD patients and controls
We collected 475 brain samples from multiple brain
regions of 65 individuals (26 HD, 18 Alzheimer's
disease, and 21 controls) and profiled the samples using
the Illumina 450k platform. An overview of our data set
is presented in Table 1. Individual level data such as
postmortem interval can be found in Supplementary
Table 1. Epigenetic age (referred to as DNAm age) was
calculated as described in [18]. As expected, DNAm
age has a strong linear relationship with chronological
age in brain tissue samples (r=0.94, Supplementary
Figure 1A). However, 4 samples deviate strongly from
the linear trend. To err on the side of caution, we
"winsorized" the DNAm age estimates of these 4
putative outliers by replacing them with the second
most extreme age estimate from the same individual
(based on the remaining non-cerebellar brain regions).
Winsorisation effectively limits the adverse effects of
severe outliers in the DNAm age estimate. We did not
use DNAm age estimates from the cerebellum in this

DNA methylation levels lend themselves to defining a
biomarker of tissue age because chronological age has a
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winsorization approach because the cerebellum ages
more slowly than other brain regions [20]. After the
winsorization, the correlation between DNAm age and
chronological age increased slightly (from r=0.94 to
r=0.95, Figure 1A).

To formally measure epigenetic age acceleration effects,
we constructed a regression model of DNAm age on
chronological age in non-HD samples (grey line in
Figure 1A). We then defined age acceleration for each
sample (HD or non-HD) as the corresponding residual

Figure 1. Epigenetic clock analysis of non‐cerebellar brain regions. (A) Scatter plot of (winsorized) DNAm age versus
chronological age (x‐axis). Red dots correspond to HD cases, black dots to non‐HD samples. The curve corresponds to a spline
regression line (2 degrees of freedom) through the non‐HD samples. Epigenetic age acceleration was defined as the vertical distance of
each sample from the spline regression line. (B) HD Vonsattel grade vs the proportion of neurons (y‐axis). The proportion of neurons
was estimated based on DNA methylation data using the CETS method [23]. (C,D) HD status versus (C) epigenetic age acceleration, D)
an intrinsic measure of epigenetic age acceleration that adjusts for the proportion of neurons. (E,F) HD Vonsattel grade versus (E) age
acceleration and (F) an intrinsic measure of epigenetic age acceleration that adjusts for the proportion of neurons. All bar plots show
the mean value (y‐axis) and one standard error and report the results from a non‐parametric group comparison test (Kruskal Wallis).
The "winsorized" the DNAm age estimates changed the values of four putative outliers as described in Supplementary Figure 1.
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resulting from the regression model. Thus, positive age
acceleration means the (methylation state of the) sample
appears to be older than would be expected from nonHD samples. We find that HD is significantly
associated with epigenetic age acceleration (Figure 1C),
and that this finding holds even when one uses the unwinsorized version of DNAm age (Supplementary
Figure 1B). We also defined an "intrinsic" measure of
age acceleration as the residual that results by
regressing DNAm age on both chronological age and
the proportion of neurons which was estimated using
the CETS method [23]. The resulting cell-intrinsic
measure of age acceleration, which is not confounded
by the abundance of neurons, is again associated with
HD status (Figure 1D). We find that epigenetic age
acceleration relates significantly to Vonsattel grade (VS
grade), a semi-quantitative (0-4) measure of neuropathologic abnormalities of post-mortem HD brains
based on macroscopic and microscopic criteria [24]. VS
grade 1 and 2 samples exhibit the highest positive age
acceleration whereas VS grade 4 samples exhibit
negative epigenetic age acceleration (Figure 1E) which
persists even after controlling for the proportion of
neurons/glia (Figure 1F). This unexpected negative age
acceleration in VS grade 4 samples, which can also be
observed in specific brain regions (Supplementary
Figure 2), may be due to one of the following
explanations. First, it could be a false positive that
reflects the low sample size (n=7) of grade 4 samples.

However, we think this explanation is unlikely since
one already observes a diminished epigenetic age
acceleration in grade 3 samples and because we find a
similar negative relationship of epigenetic age
acceleration with CAG repeat length (as described
below). Second, it might reflect the severe loss of
neurons even though moderate changes in cell
composition do not seem to affect the estimate of
DNAm age [18, 20]. However, we observe the same
effect when using our cell intrinsic measure of age
acceleration that adjusts for the proportion of neurons
(Figure 1F). Further, only a marginally significant
association between the proportion of neurons and VS
grade can be observed in the brain regions of our study
(p=0.011, Figure 1B). We next studied epigenetic age
acceleration in individual brain regions. After removing
grade 4 samples, we find that HD has a suggestive
association with epigenetic age acceleration in the
parietal lobe (p=0.072, Figure 2B), frontal lobe
(p=0.077, Figure 2F), and cingulate gyrus (p=0.047,
Figure 2K). No significant associations could be
observed in the occipital lobe (Figure 2H,I).
Comparisons in other brain regions, including the
caudate nucleus (Figure 2Q,R), were inconclusive,
possibly due to HD disease stage (the striatum is more
affected than the cortex and may thus be equivalent to
HD stage 3 or 4) or due to the low group sizes (group
sizes are shown under each bar in the bar plot panels in
Figure 2).

Table 1. Overview of the brain methylation data set.
Disease Status
Brain samples (n)

Huntington's
215

Alzheimer's
125

Control
135

Frontal lobe (n)

50

21

32

Occipital lobe (n)

31

24

20

Parietal lobe (n)

62

0

35

Temporal lobe (n)

8

23

6

Caudate nucleus (n)

17

0

12

Cerebellum (n)

10

23

9

Cingulate gyrus (n)

21

0

12

Hippocampus (n)

8

18

7

Midbrain (n)

8

16

1

No. of individuals

26

18

21

No. of women

10

13

6

Mean Age (range)

56.1 (30, 91)

84.6 (58, 114)

59.1 (15, 93)

Mean Postmortem interval

14.8 (3.5, 46)

20.5 (21, 52)

16.4 (6.0, 36)
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Figure 2. Epigenetic age acceleration in specific brain regions. Rows correspond to different brain regions. The first column
(A,D,G,J,M,P) depicts DNAm age (y‐axis) versus chronological age (x‐axis) in different brain regions. The grey line corresponds to a
spline regression model (based on 2 degrees of freedom) through non‐HD samples. Epigenetic age acceleration was defined as the
vertical distance of each sample from the spline regression line. The bar plots in the second column (B,E,H,K,N,Q) show the relationship
between epigenetic age acceleration (y‐axis) and HD status. The bar plots in the third column (C,F,I,L,O,R) involve the intrinsic measure
of age acceleration that adjusts for the proportion of neurons. The rows correspond to samples from the parietal lobe, frontal lobe,
occipital lobe, cingulate gyrus, motor cortex, and caudate nucleus. Each bar plot depicts the mean value and one standard error and
reports a non‐parametric group comparison test p‐value (Kruskal Wallis Test). HD grade 4 samples were removed from this analysis.

Regression analysis
confounders

that

adjusts

for

possible

known and inferred confounders (Table 2). The first
model regressed DNAm age on HD status, chronological
age, sex, brain bank, and brain region. We find that HD
status remains highly significantly associated with
-5
DNAm age (p=6.7x10 ) even after adjusting for these
known confounders. In the second linear model, which
contains the estimated proportion of neurons as covariate,
HD status remains highly significantly associated with

We next asked whether the observed epigenetic age
acceleration could be due to confounding by known or
unknown confounders. To answer this question, we
studied age acceleration using three different
multivariate linear regression models that include
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DNAm age (p=0.00070). The third model is similar to
the first but also adjusts for the first five principal
components (PCs) estimated from the DNA methylation
data. These PCs are likely to reflect unobserved confounders (technical variation, changes in cell composition) and so can be viewed as inferred confounders.
Although including 5 PCs in a multivariate model may be
overly conservative, HD status remains marginally

significantly associated with DNAm age (p=0.065).
Overall, the multivariate model analysis strongly
suggests that the epigenetic age acceleration effects
observed in HD are not due to confounding effects. The
multivariate models allow us to estimate the increase in
biological age due to HD status. HD status increases the
biological age by 3.2 years according to model 1 or by
2.7 years according to model 2 (caption of Table 2).

Table 2. Linear model that regresses DNAm age on HD status and other covariates.

Model 1
Covariate

Contrast

Coef (SE)

Model 2
P-value
-5

Huntington

2.06 (0.517)

Age

0.646 (0.012)

6.7x10
<2x10-16

Model 3

Coef (SE)

P-value

Coef (SE)

P-value

1.704 (0.503)

0.00070
<2x10-16

0.9 (0.486)
0.632 (0.011)

0.065
<2x10-16

0.64 (0.011)

Sex

Female vs Male

-0.981 (0.49)

0.046

-0.84 (0.474)

0.077

0.611 (2.637)

0.817

Brain Bank

UCLA vs
NewZealand

-0.093 (1.224)

0.94

1.049 (1.198)

0.382

1.32 (1.139)

0.247

Tissue

Caudate
Nucleus vs
Frontal

-1.237 (1.266)

0.33

-3.412 (1.278)

0.008

-3.239 (1.201)

0.007

Cingulate Gyrus
vs Frontal

-1.631 (1.224)

0.18

-1.961 (1.183)

0.098

-0.729 (1.119)

0.52

CRBM vs
Frontal

-5.353 (1.121)

-3.854 (1.113)

0.001

16.194
(10.299)

0.12

Hippocampus
vs Frontal

1.327 (1.191)

0.27

-0.077 (1.175)

0.95

1.08 (1.131)

0.34

Midbrain vs
Frontal

-1.115 (1.274)

0.38

-4.12 (1.334)

0.002

-1.327 (1.331)

0.32

Motor Cortex vs
Frontal

1.539 (1.224)

0.21

1.699 (1.182)

0.151

1.64 (1.112)

0.14

Occipital vs
Frontal

-2.886 (1.115)

0.01

-1.704 (1.096)

0.121

-2.218 (1.037)

0.033

Parietal vs
Frontal

0.835 (1.065)

0.43

1.781 (1.042)

0.088

1.382 (0.982)

0.16

Sensory Cortex
vs Frontal

-0.173 (1.224)

0.89

0.079 (1.183)

0.95

0.179 (1.116)

0.87

Temporal vs
Frontal

0.191 (1.156)

0.87

0.228 (1.116)

0.84

0.621 (1.053)

0.56

Visual Cortex
vs Frontal

0.4 (1.233)

0.75

2.178 (1.23)
-13.966
(2.395)

0.077

0.408 (1.192)

0.73

Prop. Neurons
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862.505
(313.408)
147.452
(64.232)
-36.821
(13.872)
59.519
(11.864)

PC1
PC2
PC3
PC4

0.006
0.022
0.008
5.3x10-7

PC5
8.251 (26.496)
0.76
Coefficients, standard error, and corresponding p‐values for three multivariate models.
According to model 1, the age acceleration due to HD status amounts to 3.3 years (=2.159/0.646).
Model 2 is similar to model 1 but includes the (estimated) proportion of neurons as covariate. Model 3 is similar to
model 1 but includes principal components. Since the analysis ignores the dependency of observations (due to multiple
brain regions coming from the same individual), the p‐values should only be interested as descriptive measures (as
opposed to inferential measures). The multivariate models allow us to estimate the increase in biological age due to HD
status. HD status is associated with an increase of 3.2 years (=2.06/0.646) according to model 1, an increase of 2.7 years
(=1.704/0.64) according to model 2, and am increase of 1.4 years according to model 3.

Figure 3. CAG length and age of HD onset versus epigenetic age acceleration in HD patients. Results for CAG length and for
age of onset can be found in the first two rows and the last two rows, respectively. (A‐H) CAG length (x‐axis) versus epigenetic age
acceleration in (A) all non‐cerebellar samples, (B) parietal lobe, (C) frontal lobe, (D) occipital lobe, (E) caudate nucleus, (F) cingulate gyrus,
(G) motor cortex, (H) sensory cortex. (I‐P) Age of HD motoric onset (x‐axis) versus epigenetic age acceleration in (I) all non‐cerebellar
samples, (J) parietal lobe, (K) frontal lobe, (L) occipital lobe, (M) caudate nucleus, (N) cingulate gyrus, (O) motor cortex, (P) sensory cortex.
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CAG-repeat
acceleration

length

versus

epigenetic

For a subset of 21 HD subjects, we also had information
on the age of HD motoric onset. We found a significant
positive correlation between the age of HD motoric onset
and epigenetic age acceleration (Figure 3I-P). The
marginal associations between age acceleration and the
clinical parameters (age of onset, CAG length, and HD
grade) are congruent with the pairwise correlations
between the clinical parameters in the 21 HD subjects
(Supplementary Figure 3): CAG length has a strong
positive correlation with HD grade (r=0.75) and a strong
negative correlation with age of onset (r=-0.55,
p=0.0098, Supplementary Figure 3B). Age of onset was
highly correlated with chronological age at death in our
data set (r=0.78, p=3.5x10-5). No significant correlation
could be observed between HD grade and age of onset
(Supplementary Figure 3C).

age

The graded impact of CAG length on HD age of onset
and disease manifestation leads to the “polyglutamine
trigger” hypothesis, which suggests that polyglutamine
expansion in the context of endogenous HTT protein
leads to subtle but repeat-length-dependent graded
molecular changes in affected cells that act in a
dominant fashion to trigger the disease [25]. The search
of CAG-repeat-length dependent, continuous molecular
changes have implicated altered energetics [26], gene
expression, and epigenetic changes [27-30]. After
removing controls, we find a significant negative
correlation between CAG length and epigenetic age
acceleration of HD brain samples (r=-0.41, p=5.5x10-8,
Figure 3A) and in specific brain regions from HD cases
(Figure 3B-H). This negative correlation probably
relates to the finding that VS grade 4 samples exhibit
negative age acceleration because a) the seven grade 4
samples also exhibited the highest CAG length (of 53
trinucleotide replicates), and b) VS grade is strongly
correlated with CAG length in our HD cases (r=0.75,
p=9.0x10-5, Supplementary Figure 3A).

In contrast to our findings of epigenetic age acceleration
in brains of HD cases, we find no difference in
epigenetic age acceleration between Alzheimer's disease
brains and controls (Supplementary Figure 4), which
might reflect the low sample size as discussed below.
We could not find a significant age acceleration effect
due to HD in several brain regions (Supplementary
Figure 5), which might reflect the low sample sizes.

Table 3. The most significant CpGs from our EWAS of HD status across three brain regions.
CpG name

Gene

cg01524723

Chrom.

Z statistic
meta

p meta
analysis

p Frontal

p Occipital

p Parietal

3

7.87

3.6E-15

7.2E-07

5.3E-06

3.5E-05

cg10112599

TMEM8A

16

7.74

9.9E-15

1.1E-06

4.8E-06

6.9E-05

cg11540707

IDE

10

7.61

2.8E-14

2.8E-05

1.7E-03

9.5E-09

cg22897634

GRIK2

6

7.45

9.2E-14

1.8E-06

5.7E-05

4.4E-05

cg05482066

8

7.43

1.1E-13

1.3E-06

6.2E-04

6.6E-06

cg27250180

21

7.36

1.8E-13

8.0E-06

4.2E-05

2.8E-05

cg14593290

DDC

7

7.33

2.4E-13

1.9E-07

3.7E-04

1.2E-04

cg00249621

TSPYL5

8

7.27

3.7E-13

1.3E-04

1.0E-02

1.6E-09

cg00160777

CHP2

16

7.16

8.1E-13

5.0E-06

8.4E-03

4.8E-07

cg14937409

KRI1

19

7.11

1.2E-12

8.3E-07

2.8E-04

2.2E-04

cg04195855

LRRK1

15

7.09

1.3E-12

7.0E-07

1.9E-03

4.1E-05

11

7.08

1.5E-12

4.4E-06

9.9E-04

1.8E-05

cg08291433
cg21535199

LCE1F

1

-7.14

9.4E-13

4.5E-05

2.3E-02

5.8E-09

cg08718119

LOC642846

12

-7.27

3.7E-13

8.4E-07

9.8E-03

1.0E-06

cg14227325

RGPD8

2

-7.4

1.3E-13

3.0E-05

1.9E-03

5.6E-08

cg17863923
RGPD1
2
-7.45
9.7E-14
1.7E-04
3.7E-04
3.2E-08
The second column reports the gene symbol of a neighboring gene. The CpGs were selected according to the meta
analysis p‐value (5th column) across the 3 regions (frontal, occipital, and parietal lobe). The meta analysis Z statistic
(4rd column) is positive/negative for CpGs that are hyper/hypo methylated in HD compared to non‐HD samples. "p
Frontal" denotes the Kruskal Wallis p value for disease status in the frontal lobe samples. Bar plots can be found in
Supplementary Figure 9.
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Figure 4. Manhattan plots for EWAS results. (A) The y‐axis shows log (base 10) transformed p‐values resulting from a meta analysis
across 3 lobes (frontal, parietal, and occipital lobe). Meta analysis p‐value resulted from the limma R function that also included the batch
as covariate. EWAS results (Kruskal Wallis test) for individual lobes can be found in (B) frontal lobe, (C) occipital lobe, (D) parietal lobe.
The horizontal line corresponds to a Bonferroni corrected significance level of p=0.05/500000. The statistical analysis ignored the
dependence between observations arising from the fact that multiple samples were collected from the same individual. Therefore, the p‐
values should be considered as descriptive (rather than inferential) measures.

Epigenome-wide association study (EWAS)

residuals. Further, we restricted the analysis to samples
from post mortem lobes for which we had sufficient
sample sizes (Table 1) namely the frontal lobe (Figure
4B), occipital lobe (Figure 4C), and parietal lobe
(Figure 4D). The association between HD and ageadjusted methylation levels is strongly preserved across
the lobes (Supplementary Figure 7). After combining
the EWAS results from each of the 3 lobes using meta
analysis, we found that 1467 CpGs are significantly
associated with HD at a Bonferroni corrected
-7
significance level of 1x10 =0.05/500000 (Figure 4A).

In a secondary analysis, we related HD status to
individual epigenetic markers (CpGs). Here we focused
on 327k CpGs (out of over 485k) with highest variance
across the samples (Methods).
Since sex and age has profound effects on DNA
methylation levels (which are largely preserved across
brain regions Supplementary Figure 6), we adjusted the
DNA methylation levels for age and sex by forming

www.impactaging.com

1493

AGING, July 2016, Vol.8 No.7

The 16 most significant (p <1.2x10-12) HD related CpGs
are presented in Table 3 and in Supplementary Figure 8.
The meta-analysis p-values need be interpreted as
descriptive (hypothesis promoting) rather than
inferential measure for the following reasons. First, the
meta analysis did not adjust for the fact that multiple
samples were collected from each individual. Second,
the distribution of EWAS p-values exhibit high inflation
factors (lambda=7.3 for the meta analysis, 3.5 for the
frontal lobe, 3.0 parietal lobe, 2.2 for the occipital lobe,
Supplementary Figure 9). Detailed results for all CpGs
can be found in Supplementary File 11.
WGCNA
modules

reveals

HD-dependent

is a systems biological analysis method that has been
successfully applied to DNA methylation data, e.g. to
study aging effects [35]. WGCNA constructs modules
of co-methylated CpGs and identifies modules (as
opposed to individual CpGs) that correlate with HD
status. Among other advantages, this circumvents the
problem of multiple comparisons (485k CpGs on the
Illumina Infinium 450K array). We applied WGCNA to
the same sex and age adjusted methylation data that
were used in our EWAS. We again focused on samples
from three lobes (frontal, occipital, parietal) for which
we had sufficient sample sizes. To prevent betweenlobe differences in methylation from confounding the
module analysis, we employed a consensus network
[36] analysis across the three lobes that essentially
conditions out between-lobe differences. The analysis
identified 54 co-methylation modules; by construction,
these modules contain CpGs co-methylated in each of

co-methylation

In light of the low sample size we conducted weighted
correlation network analysis (WGCNA) [31-34], which

Figure 5. Heat map of correlations between modules and HD status in different lobes. The rows correspond to
modules found in a consensus module analysis across three lobes (frontal lobe, occipital lobe, parietal lobe). Each module
(eigenvector) was correlated to HD status and to the proportion of neurons in the respective brain regions using a robust
correlation test (biweight midcorrelation). Columns 2‐4 in each panel report the robust correlation coefficients and the
corresponding p‐value (underneath the correlation coefficient) in the frontal, occipital, and parietal lobe, respectively. Each cell is
color‐coded according to the sign and strength of the correlation coefficient as shows in the color legend at the right hand side.
Stouffer's meta analysis method was used to combine the three robust correlation test statistics across the three lobes. The first
column of each panel presents a meta analysis Z statistic for HD status (Stouffer's method applied to the results from the 3 lobes)
and corresponding p‐value. The remaining columns present analogous results for the estimated proportion of neurons.

www.impactaging.com

1494

AGING, July 2016, Vol.8 No.7

the three lobes. In this manner, network analysis
reduced hundreds of thousands of variables across the 3
lobes to a relatively small number (n=54) of modules.
Since the methylation profiles of probes in each module
are strongly correlated in each of the 3 lobes, it is useful
to summarize each module using a single representative
profile. Toward this end, we defined the module
representative as the first singular vector resulting from
the singular value decomposition of the scaled
methylation levels. We refer to this representative
methylation profile, which can be interpreted as the
weighted average of the CpGs inside a module, as the
eigenvector (also known as eigengene or eigenprofile).
To identify modules related to HD status, we correlated
the 54 module eigenvectors with HD status in the 3
lobes (Figure 5). We then used a meta-analysis of the
eigenvector-HD correlations to quantify the overall
relationship between a consensus module and HD status
across all 3 lobes. Eleven modules passed a Bonferroni
corrected meta-analysis significance threshold of
p=0.05/54= 9.3x10-4 that adjusts for the number of
modules (n=54). Five of these modules are hypermethylated in HD: module 1 (meta-analysis p=2x10-7),
module 21 (p=2x10-6), module 17 (p=3x10-5), module
19 (p=2x10-4), and module 7 (p=3x10-4). Six modules
are hypo-methylated in HD (module 22 p=2x10-6,
module 6 p=5x10-5, module 11 p=5x10-5, module 38
p=9x10-5, module 33 p=2x10-4, module 30 p=7x10-4).
The network analyses provide several layers of
information. First, the strength and significance of
associations between modules and HD status are
strongest in the parietal lobe, followed by the frontal
lobe and then the occipital lobe. Second, the metaanalysis significance Z statistics allow us to rank
modules by their overall association with HD status.
Module 1 exhibits the strongest positive association
whereas module 22 the strongest negative association
with HD status (first column in the 3 heat maps of
Figure 5). We also related the module eigengenes to the
age of motor onset but found only suggestive
associations that were not significant after adjusting for
multiple comparisons (Supplementary Figure 10).

of intramodular hubs can be found in Supplementary
File 12.
Enrichment
HDinHD

using

the

software

tool

We used a functional enrichment tool known as
HDinHD[38] (www.HDinHD.org) to relate comethylation modules to existing gene sets, either
published or generated by other HDinHD users. We
adapted the gene enrichment analysis to the special case
of DNA methylation data as described in Methods. The
most significant results from a hypergeometric test can
be found in Table 4. Methylation module M1, which
has the strongest positive association with HD status, is
highly enriched with genes involved in sensory
perception of chemical stimulus (p=6.2x10-17) and
olfactory receptor activity (p=9.5x10-16). Interestingly,
our methylation module 1 overlaps with a
transcriptional module (also labelled module 1 in
HDinHD) that has been found in several co-expression
network analyses of transcriptomic data sets. In
particular, it overlaps significantly (p=1.1x10-45) with a
co-expression module (labelled M.1) that was found in
striatal brain expression data from a mouse model of
HD [39]. To be clear, our module 1 is distinct from the
co-expression module M.1 but the two modules share a
significant number of genes in common. Further, comethylation module 1 overlaps with a striatal
coexpression module also labelled M.1 (p=9.4x10-24)
that was found in a consensus WGCNA across 3 mouse
data sets. Further, it overlaps significantly with a
cortical co-expression module labelled M.1 (p=1.9x1011
) which was found in a consensus network analysis
across three developmental time points from an allelic
series of HD mouse models [38]. Genes inside the
striatal co-expression module (M.1) have a positive
correlation with CAG length in the allelic series [38].
Further, it overlaps significantly with a human coexpression module found in the prefrontal cortex (also
labelled M.1=1.1x10-17) and the visual cortex
(p=2.4x10-11). Co-methylation module 1 is also enriched
with genes that play a role in olfactory receptor activity
and the detection of a chemical stimulus.

WGCNA provides a continuous (“fuzzy”) measure of
module membership (MM) for all CpGs with respect to
each of the modules. The module membership measures
how similar the methylation profile of a CpG is to the
eigenvector of the co-methylation module. CpGs whose
profiles are highly similar to the eigenvector can be
identified as intramodular hub nodes[33]; such hubs are
often useful for implicating relevant biological
pathways and prioritizing genes for functional
studies[37]. The module membership measures of all
CpGs can be found on our webpage HDinHD[38]
(www.HDinHD.org). The module membership values
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analysis

Two HD related co-methylation modules (modules 6
and 11) are highly enriched in genes that are bound by
RNA polymerase II (using a gene list from [40]).
Relationship to prior work
Several articles point to an epigenetic modulation of HD
pathophysiology [30], in the form of HDAC reduction
[41] and/or epigenetic signatures [42, 43]. Our
experimental analysis is focused on DNA methylation
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levels. Recent publications looked at methylation levels
of selected genes in HD patients [44] and analyzed
cortical samples from 7 HD patients and 6 controls [45].
Previous work has demonstrated that post-translational
modifications of histone proteins are significantly
altered in HD cellular and animal models as well as HD
patients (reviewed in [46]). For example, H3K4me3, a
marker of active gene expression [47], is reduced at
promoters of selective downregulated genes in cortical

and striatal regions in both R6/2 Htt model mice and
HD patients [42]. Furthermore, studies have shown a
potential therapeutic role for histone deacetylase
(HDAC) inhibitors in numerous HD rodent and cell
models (reviewed in [46]). DNA (de)methylation in HD
has been investigated in transgenic models [48].
Modified bisulfite sequencing with single base pair
resolution was employed to measure DNA methylation

Table 4. Co‐methylation modules that are enriched with gene lists from HDinHD.
Module

Gene Set Identifier

Description

Source

p-value

1

WGCNA.HD.013.01

MODULE1 (co-expression)

WGCNA of mouse HD data from Giles

1.1x10-45

2012, Q150 striatum, adjusted for age
1

WGCNA.HD.010.01

MODULE1

WGCNA of mouse HD data|Consensus

9.4x10-24

WGCNA across mouse R6/2, Q150,
Allelic Series striatum
1

WGCNA.HD.019.01

MODULE1

WGCNA of mouse HD| Consensus

1.9x10-11

WGCNA of 2-, 6-, 10-month Allelic
Series cortex
1

WGCNA.HD.004.01

MODULE1

WGCNA of human HD data: Harvard

1.1x10-17

Brain Tissue Resource - Prefrontal
Cortex
1

WGCNA.HD.005.01

MODULE1

WGCNA of human HD data: Harvard

2.4x10-11

Brain Tissue Resource - Visual Cortex
1

GO:0050907

Detection

of

chemical

GO.BP

6.2x10-17

stimulus involved in sensory
perception
1

GO:0004984

olfactory receptor activity

GO.MF

9.5x10-16

6

JAM:002734

Annotated genes bound by

Table_S2 from Lee 2006

4.6x10-56

GO.CC

1.4x10-40

GO.BP

5.1x10-37

RNA polymerase II
6

GO:0031981

nuclear lumen

6

GO:0090304

nucleic

acid

metabolic

process
6

GO:0016070

RNA metabolic process

GO.BP

3.1x10-33

11

JAM:002734

Annotated genes bound by

Table_S2 from Lee 2006

7.8x10-13

RNA polymerase II
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in the STHdh cellular model of HD [65]. The results
from this study demonstrated that there was a bias
towards hypomethylation associated with CpG-poor
regions in the mHtt expressing STHdh111/111
compared to control STHdh7/7 cells.

A question our study left unanswered is whether the
aging acceleration in HD is specific to the methylationbased biomarker of age or whether it could be observed
using other biomarkers of aging. Until recently few
suitable biomarkers of tissue age have been available,
making it challenging to directly test whether HD is
associated with accelerated aging in brain tissue.
Leukocyte telomere length could be a promising
biomarker since telomere shortening is related to
premature senescence and could be a marker of early
cell death in neurodegenerative disorders. Indeed, recent
evidence suggests that leukocyte telomeres are
shortened in HD and several neurodegenerative
disorders [54]. However, it remains to be seen to what
extent leukocytes lend themselves as "surrogate" tissue
for brain when it comes to assessing aging. Telomere
length is probably not a suitable marker to directly
measure the age of brain tissue because a) terminally
differentiated neurons do not replicate and b) telomere
measurements of brain tissue are inherently variable due
to the cellular complexity within the sample [55].

Other DNA modifications may be relevant to HD
pathology: global levels of 5hmC were reduced in the
striatum and cortex of presymptomatic YAC128 mice
[49] and 7-methylguanine was found to be reduced in
the motor cortex from HD cases [50].

DISCUSSION
To our knowledge this is the first study to demonstrate
that HD is associated with epigenetic age acceleration in
specific brain regions, namely frontal lobe, cingulate
gyrus and the parietal lobe. Although the positive age
acceleration effects that we observed could be the result
of cell type abundance differences between HD and
control samples, there are several reasons that make this
unlikely. First, our intrinsic measure of age acceleration
that adjusts for the abundance of neurons also reveals an
accelerated aging effect. Second, epigenetic age
acceleration can be observed in brain regions that are
relatively unaffected by the disease (e.g. the parietal
lobe Figure 2B). Third, our multivariate analysis
suggests that the age acceleration effect is independent
of the proportion of neurons and unobserved
confounders. Finally, the epigenetic age acceleration in
Vonsattel (VS) grades 1 and 2 and to a lesser extent in
grade 3 cannot reflect the loss of neurons because grade
4 samples, which are associated with the most severe
loss of medium spiny neurons, appear to exhibit
negative epigenetic age acceleration (Figure 1E,F,
Supplementary Figure 2). The negative age acceleration
in VS grade 4 is unexpected and could be a false
positive reflecting the very small sample size.

A key advance of our study in the polyglutamine
disease field is to apply epigenome-wide DNA
methylation data from multiple brain regions of HD
individuals and controls to identify HD related comethylation networks. Our systems biological analysis
identified 11 co-methylation modules that are strongly
associated with HD status in several lobes.
Interestingly, the most significant co-methylation
module overlaps with a co-expression module found in
transcriptomic data from HD mouse models (Table 4).
Our study has several limitations. While our epigenetic
age analysis is not likely to be confounded by changes
in cell composition, we cannot make the same claim
about our WGCNA analysis, although our consensus
analysis across three lobes mitigates this problem.
Second, we studied only a relatively small number of
individuals because it is very difficult to secure brain
samples from human post mortem HD cases. Third, we
focused on CpG methylation as opposed to hydroxy
methylation (5hmC). It is noteworthy that the brain has
the highest 5hmC levels in the body [56-58] and nonCpG methylation is prominent in neuronal tissue [56,
59, 60].

Our study contributes to an increasing body of evidence
suggesting that epigenetic age acceleration is associated
with neurodegenerative disorders [22, 51, 52]. Future
research will be needed to evaluate to what extent
increased epigenetic age acceleration is specific to HD.
Using our own relatively small data set (Table 1), we
find no difference between Alzheimer's disease brains
and controls when it comes to epigenetic age
acceleration (Supplementary Figure 4). However, we
recently analyzed a large (n=700) number of prefrontal
cortex samples from AD cases and controls to show that
epigenetic age acceleration has significant correlations
with neuropathologic variables and measures of
cognitive functioning [22]. We also found evidence that
epigenetic age is increased in brain samples from Down
syndrome [51] and HIV+ individuals [53].
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We can only speculate on why striatal samples do not
seem to exhibit accelerated epigenetic aging. It might
reflect low statistical power (due to small sample sizes),
it might reflect severe neuronal loss, or it might suggest
that epigenetic age acceleration can only be detected at
the early stages of the disease. Future epigenetic clock
analyses of the striatum and of striatal neurons should
focus on the early stage of striatal degeneration
(Vonsattel stage 0-1) or employ HD mouse models in
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which MSN cell loss is not a major feature. Studies in
the rat striatum suggest that normal aging modulates the
neurotoxicity of mutant huntingtin [12]. Future studies
could explore whether the onset of HD can be delayed
by slowing down the epigenetic aging rate. The positive
youth-promoting side effects of such a treatment
(delayed aging) would probably be attractive to most
patients.

lobe (parietal lobe and sensory cortex), frontal lobe
(right frontal lobe, left frontal lobe, frontal gyrus, motor
cortex), occipital lobe (occipital lobe and visual cortex).
In our WGCNA analysis, we focused on 3 lobes for
which sufficient sample sizes (n>=75) were available:
parietal (n=97), frontal (n=103), and occipital (n=75).
We omitted temporal samples from the WGCNA
analysis due to the relatively low sample size (n=37).

Overall, our study strongly suggests that HD
pathogenesis is associated with large scale DNA
methylation changes and with an accelerated epigenetic
age in brain tissue. It remains to be seen whether
epigenetic age acceleration is prognostic of age of onset
or the rate of disease progression.

Ethics review and IRB. All individuals whose brains
reside in the UCLA tissue bank (or their legal next-ofkin) signed the "Consent for Autopsy" form by the
Department of Pathology at UCLA, and research
procurement was performed under IRB Research
Protocol Number 11-002504. Further, the epigenetic
analysis is covered by IRB Research Protocol Number:
19119.

METHODS

The studies using tissue from the Neurological
Foundation Human Brain Bank was approved by the
University of Auckland Human Participants Ethics
Committee Ref #011654. All tissue was obtained with
full informed consent of the families.

Sample collection. Postmortem brain samples from HD
and AD cases and neurologically normal controls were
collected at UCLA (n=218 samples from 32
individuals) and University of Auckland (n=257
samples from 33 individuals). The UCLA samples were
provided by the Brain tissue and CSF resource/bank of
the Mary Easton Alzheimer Disease Research Centre at
UCLA (by H. Vinters).

DNA extraction. AllPrep DNA/RNA/miRNA Universal
Kit (Qiagen, cat # 80224) was used for the DNA
extractions for frozen tissue samples. 30mg of frozen
tissue was lysed with 600uL guanidine-isothiocyanate–
containing Buffer RLT Plus in a 2.0mL micro
centrifuge tube, and homogenized by using TissueLyser
II (Qiagen) with 5mm stainless steel beads. Tissue
lysate was continued with the AllPrep protocol for
simultaneous extraction of genomic DNA and total
RNA using RNeasy Mini spin column technology.

Cubes 3x3x3mm with approximate mass of ~30 mg
were cut from histological specimens collected during
necropsies. Tissue samples were frozen and stored at 80C. In order to avoid batch effects, all tissue samples
were shipped to the same UCLA core facility for DNA
extraction and DNA methylation profiling. The
Auckland samples were obtained from the Neurological
Foundation of New Zealand Human Brain Bank
(University of Auckland, NZ). The tissue used for this
study had been processed according to a detailed
protocol, which has been previously published [61, 62],
dissected into blocks, snap frozen on dry ice, and stored
at -80°C.

DNA methylation data pre-processing. Our novel DNA
methylation data have been posted on Gene Expression
Omnibus (GSE72778).
Bisulfite conversion using the Zymo EZ DNA
Methylation Kit (ZymoResearch, Orange, CA, USA) as
well as subsequent hybridization of the HumanMethylation450k Bead Chip (Illumina, SanDiego, CA), and
scanning (iScan, Illumina) were performed according to
the manufacturers protocols by applying standard
settings. DNA methylation levels (β values) were
determined by calculating the ratio of intensities
between methylated (signal A) and un-methylated
(signal B) sites. Specifically, the β value was calculated
from the intensity of the methylated (M corresponding
to signal A) and un-methylated (U corresponding to
signal B) sites, as the ratio of fluorescent signals
β = Max(M,0)/[Max(M,0)+Max(U,0)+100]. Thus, β
values range from 0 (completely un-methylated) to 1
(completely methylated) [63].

Age of HD motoric onset was available for 21 subjects
from the NZ tissue bank (median age=38, ranging from
15 to 70). A total of 475 Illumina arrays were generated
from 65 individuals (26 HD, 18 Alzheimer's disease,
and 21 controls). After adjusting for chronological age,
we could not detect an age acceleration effect due to
AD status (Supplementary Figure 4). We profiled the
following brain regions: caudate nucleus (n = 29
arrays), cingulate gyrus (n=33), cerebellum (n=42),
hippocampus (n=33), parietal cortex (n=64), frontal
lobe (n=70), occipital cortex (n=43), temporal cortex
(n=37), midbrain (n=26), motor cortex (n=33), sensory
cortex (n=33), and visual cortex (n=32). We also
grouped the samples into broader categories: parietal
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DNA methylation age and epigenetic clock. DNA
methylation levels give rise to particularly promising
biomarkers of aging since chronological age (i.e. the
calendar years that have passed since birth) has a
profound effect on DNA methylation levels in most
human tissues and cell types [13-17, 35, 64-67]. Several
recent studies propose to measure accelerated aging
effects using DNA methylation levels [18, 68, 69]. Here
we use the epigenetic clock method (based on the
DNAm levels of 353 CpGs) because a) it is largely
unaffected by differences in cell composition and b) it
applies to all brain regions. The method applies to two
commercially standardized methylation platforms: the
Illumina 450K and 27K arrays. The epigenetic clock
method is an attractive biomarker of aging because (1)
it applies to most human tissues; (2) its accurate
measurement of chronological age is unprecedented
[18]. The following results suggest that the epigenetic
clock captures aspects of biological age. The epigenetic
age of blood has been found to be predictive of allcause mortality even after adjusting for a variety of
known risk factors [70, 71]. Further, the blood of the
offspring of Italian semi-supercentenarians (i.e.
individuals who reached an age of at least 105) has a
lower epigenetic age than that of age-matched controls
[72]. The epigenetic age of blood relates to cognitive
and physical fitness in the elderly [73] and to
Parkinson's disease status [52]. The utility of the
epigenetic clock method has been demonstrated in
applications surrounding obesity [19], Down syndrome
[51], and HIV infection [53].

the "estlambda" function in the GenABEL R package to
calculate the inflation factors [74].
Meta-analysis. Our analysis methods make extensive
use of meta-analysis. A simple yet powerful metaanalysis method, known as Stouffer's method, relies on
combining the Z statistics from individual data sets (the
3 brain lobes). Specifically, for each CpG i and data set
(brain lobe) a, one obtains a Z statistic Zia, for example,
by the inverse normal transformation of the p-value.
Next, a meta-analysis Zi statistic for each CpG is
calculated as

Zi =

N sets

N sets

∑Z

ia

.

a=1

The meta-analysis statistic Zi is approximately normally
distributed with mean 0 and variance 1; the
corresponding p-value is then calculated using the
normal distribution.
Weighted Correlation Network Analysis. Weighted
Correlation Network Analysis (WGCNA)[31, 32] uses
as input a matrix of pairwise correlations between all
pairs of CpGs across the measured samples in a data set.
To minimize effects of possible outliers, we use the
biweight
midcorrelation[75]
with
argument
maxPOutliers = 0.05. One then forms a “signed hybrid”
pairwise co-methylation similarity that equals the
correlation if the correlation is positive, and equals zero
otherwise. Next the co-methylation similarity is raised
to the power β=6 (WGCNA default) to arrive at the
network adjacency. This procedure has the effect of
suppressing low correlations that may be due to noise.
The result is a network adjacency that is zero for
negatively correlated CpGs and is positive for positively
correlated CpGs. Adjacency of weakly correlated CpGs
is nearly zero due to the power transformation.

Predicted age, referred to as DNAm age, correlates with
chronological age in sorted cell types (CD4 T cells,
monocytes, B cells, glial cells, neurons) and tissues and
organs including whole blood, brain, breast, kidney,
liver, lung, saliva [18].
Mathematical details and software tutorials for the
epigenetic clock can be found in the Additional files of
[18]. An online age calculator can be found at our
webpage (https://dnamage.genetics.ucla.edu).

Consensus module analysis. Consensus modules are
defined as sets of nodes that are highly connected in
multiple networks; loosely speaking, one could identify
the consensus module in individual network analyses
across multiple sets, so the module can be said to arise
from a consensus of multiple data sets [36].

Epigenome-wide association study. For the epigenomewide association study and the subsequent network
analysis we focused on those CpGs whose variance was
at least 5x10-4 in at least one of the 3 lobes. This
restriction resulted in 326777 CpGs retained for further
analysis. DNA methylation data were adjusted for
chronological age and sex by regressing methylation
levels on age and sex and retaining the residuals. For
association testing, we used the Kruskal-Wallis test
because it is relatively insensitive to the distribution of
the methylation levels and potential outliers. We used
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Within WGCNA, consensus modules are identified
using a consensus dissimilarity that is used as input to a
clustering procedure. To describe our definition of the
consensus dissimilarity, we introduce the following
component-wise quantile function for a set of k matrices
A(1) , A(2) , . . . , A(k):
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(

)

Quantileq;i, j = Quantileq Ai,(1j) , Ai,(2j ) ,..., Ai,(kj ) .

consensus module eigenvectors to other information, for
example to disease status or other traits, in each data set,
and study similarities and differences between the input
data sets in terms of the module-trait associations.

Thus, each component of the quantile matrix is the
given quantile (0 ≤ q ≤ 1) of the corresponding
components in the individual input matrices. Using this
notation, we define the consensus network
corresponding to input networks A(1) , A(2) , . . . , A(k) and
quantile q as

Continuous measure of module membership. Module
eigenvectors lead to a natural measure of similarity
(membership) of all individual CpGs to all modules. We
define a fuzzy measure of module membership of CpG i
in module I as

(
)
= Quantile (cTOM( ) ,cTOM( ) ,...,cTOM( ) ),
Consensusq A(1) , A(2 ) ,..., A(k )
1

2

k

MMiI = cor(xi, EI),

q

where cTOM stands for calibrated Topological Overlap
Measure (TOM). The calculation of cTOM starts with
calculating the standard TOM [31] in each input data set
(network). The calibration aims to make TOM values
comparable between different networks. In this work we
use as calibration the quantile normalization
implemented in the R package preprocessCore [76]. We
treat the independent components (say the lower
triangle) of TOM for each input network as a vector of
measurements corresponding to one “sample;” thus,
quantiles of the calibrated TOM matrices in each
network equal each other and equal the average of the
corresponding quantiles in the original, uncalibrated
TOM matrices.

where xi is the methylation profile of CpG i and EI is the
eigenvector of module I. This definition is applicable to
every individual network (data set). The value of
module membership lies between -1 and 1. Higher MMiI
indicate that the methylation profile of CpG i is similar
to the summary profile of module I. Since we use
signed networks here, we consider module membership
near -1 low. The advantage of using correlation to
quantify module membership is that the corresponding
statistical significance (p-values) can be easily
computed. Genes with highest module membership are
called hub CpGs. Hub CpGs are centrally located inside
the module and represent the methylation profiles of the
entire module.

Given the consensus network defined above, one
defines the consensus dissimilarity ConsDissij as

Module membership in consensus modules. In a
consensus module analysis, we calculate the fuzzy
module membership MM for each CpG in each data set.
Thus, for each consensus analysis of 3 data sets there
are 3 values for the module membership of each CpG in
each module. We then use meta-analysis to summarize
the 3 module memberships into a single meta-analysis Z
statistic[37]. Genes with the highest module
membership meta-analysis Z statistics are called
consensus hub CpGs. It has been shown that consensus
hub CpGs can be useful in studying functional
categories associated with clinical traits[37].

(

ConsDissij = 1 − Consensusq A(1) , A(2) ,..., A(k )

).

The consensus dissimilarity is used as input to averagelinkage hierarchical clustering. Branches of the
resulting dendrogram are then identified using the
Dynamic Tree Cut algorithm [77]. Modules are labeled
by (in principle arbitrary) numeric labels and, for easier
visualization, also by colors. Not all CpGs will be
assigned to modules; the label 0 and color grey are
reserved for CpGs not assigned to any module.

Enrichment analysis of co-methylation modules. We
used Illumina‐supplied probe annotation to map CpG
probes to genes. Since each gene is represented by
multiple CpGs (up to a thousand per gene), we
applied the following stepwise procedure to
represent each gene by a single CpGs.

Consensus module eigenvectors. The module
identification procedure results in modules containing
CpGs with highly correlated methylation profiles. It is
useful to summarize such modules using a single
methylation profile per input data set. We use the
module eigenvector E, defined as the left-singular
vector of the standardized methylation matrix with the
largest singular value[31]. Since consensus modules are
defined across k independent data sets, one can form
their summary profiles in each lobe. Thus, a consensus
module gives rise to k eigenvectors, one in each input
data set, that provide a summary "methylation value"
for each sample in the data set. This allows one to relate
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Step 1: Apply consensus WGCNA to assign each CpG
to a consensus co-methylation module. Call the
consensus quantile used for this consensus analysis q.
This analysis reduces the original hundreds of
thousands of CpGs to typically less than 100 modules
(in the brain data case, about 320k CpGs were reduced
to 54 modules).
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Step 2: Define an artificial module assignment where
the "module" label equals the gene identifier. Thus,
there is one module for each gene to which at least 1
CpG maps. Discard all CpGs that do not map to a gene.

Steps 3-5 are implemented in the R function
"consensusRepresentatives" included in the package
WGCNA since version 1.50. Additionally, the
anRichment R package (https://labs.genetics.ucla.edu/
horvath/htdocs/CoexpressionNetwork/GeneAnnotation/)
contains the function "representativeCpG" that further
tailors the consensus representative selection to
methylation data assayed on the Illumina Infinium 450k
microarray.

Step 3a: For each of the artificial modules that contain
at least 3 CpGs, calculate intramodular connectivity in
each of the input sets. At present we don't use kME but
kIM which is defined as the sum of intramodular
adjacencies. This results in a vector of kIM in each
input data set. Use quantile normalization to calibrate
the kIM vectors across the input data sets. Then
calculate the consensus of the kIM vectors using the
same consensus quantile q that was used for the
consensus WGCNA.
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Step 3b: For each of the artificial modules that contain 2
CpGs, calculate the standard deviation of each of the
CpGs in each of the input sets. This results in a vector
of standard deviations for CpGs in each data set. Use
quantile normalization to calibrate the std. deviation
vectors across the data sets. Then calculate the
consensus of the calibrated standard deviation vectors
using the same consensus quantile q that was used for
the consensus WGCNA.
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SUPPLEMENTARY DATA
Supplementary Table 1. Individual level data on the subjects.
PersonID

BrainBank Age Disease PostMortemInterval CAGlength

1

1

UCLA

65

AD

9.0

NA

2

2

UCLA

15 Control

6.0

NA

3

3

UCLA

59

AD

10.0

NA

4

4

UCLA

85

AD

22.0

NA

5

5

UCLA 100

AD

52.0

NA

6

6

UCLA

80

AD

10.0

NA

7

7

UCLA

80

AD

22.0

NA

8

8

UCLA 101

AD

28.0

NA

9

9

UCLA

64

AD

34.0

NA

10

10

UCLA

59

AD

20.0

NA

11

11

UCLA

50

HD

46.0

NA

12

12

UCLA

93 Control

22.0

NA

13

13

UCLA

85 Control

36.0

NA

14

14

UCLA

96

AD

NA

NA

15

15

UCLA

63 Control

28.0

NA

16

16

UCLA

58

HD

16.0

NA

17

17

UCLA 100

AD

26.0

NA

18

18

UCLA

81 Control

23.0

NA

19

19

UCLA

85 Control

12.0

NA

20

20

UCLA

53 Control

12.0

NA

21

21

UCLA

38 Control

24.0

NA

22

22

UCLA

62

HD

23.0

NA

23

23

UCLA

82

AD

17.0

NA

24

24

UCLA 111

AD

16.0

NA

25

25

UCLA

53 Control

23.0

NA

26

26

UCLA

64

AD

29.0

NA

27

27

UCLA

58

AD

16.0

NA

28

28

UCLA

30

HD

8.0

NA

29

29

UCLA

93

AD

4.0

NA

30

30

UCLA

65

HD

31

31

UCLA 114

AD

www.impactaging.com

23.0
NA
SUPPLEMENTARY
DATA
13.0

1505

NA

AGING, July 2016, Vol. 8 No.7

32

32

33

AD

NA

NA

33 NewZealand

45 Control

12.0

NA

34

34 NewZealand

81 Control

7.0

18

35

35 NewZealand

64 Control

17.0

NA

36

36 NewZealand

36 Control

11.0

22

37

37 NewZealand

32 Control

13.0

NA

38

38 NewZealand

41 Control

16.0

NA

39

39 NewZealand

64 Control

7.0

18

40

40 NewZealand

53 Control

16.5

NA

41

41 NewZealand

73 Control

13.0

23

42

42 NewZealand

41 Control

16.0

22

43

43 NewZealand

83 Control

14.0

24

44

44 NewZealand

63 Control

16.0

NA

45

45 NewZealand

39

HD

15.0

52

46

46 NewZealand

42

HD

12.0

42

47

47 NewZealand

71

HD

16.0

42

48

48 NewZealand

53

HD

9.0

53

49

49 NewZealand

48

HD

18.0

45

50

50 NewZealand

45

HD

15.0

43

51

51 NewZealand

80

HD

9.0

40

52

52 NewZealand

43

HD

3.5

49

53

53 NewZealand

41

HD

11.0

39

54

54 NewZealand

67

HD

9.0

42

55

55 NewZealand

91

HD

18.0

40

56

56 NewZealand

62

HD

11.0

45

57

57 NewZealand

58

HD

14.0

44

58

58 NewZealand

53

HD

12.0

47

59

59 NewZealand

56

HD

16.0

46

60

60 NewZealand

51

HD

15.5

48

61

61 NewZealand

51

HD

15.0

46

62

62 NewZealand

32

HD

14.0

47

63

63 NewZealand

65

HD

14.0

43

64

64 NewZealand

62

HD

9.0

43

65

65 NewZealand

83

HD

13.0

42
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Supplementary Figure 1. Epigenetic age analysis across all non‐cerebellar brain regions. (A) DNAm age (y‐axis) versus
chronological age sample collection (i.e. death). Red dots correspond to HD cases, black dots to controls, magenta dots
correspond to putative outliers. The curve corresponds to a spline regression line (2 degrees of freedom) through the control
samples. The scatter plot reports a Pearson correlation coefficient and corresponding p‐value. Epigenetic age acceleration was
defined as the vertical distance of each sample from the spline regression line. (B) The bar plot presents mean epigenetic age
acceleration (and one standard error) versus disease status. By definition, the mean epigenetic age acceleration in controls is
zero. The p‐value results from a non‐parametric group comparison test (Kruskal Wallis).

Supplementary Figure 2. HD Vonsattel grade (x‐axis) versus epigenetic age acceleration and proportion of neurons.
The panels correspond to different brain regions. A,C,E,G,I,K,M,O) Mean age acceleration (with 1 standard error) versus HD
Vonsattel grade (x‐axis). For the sake of comparison, the first bar reports the mean age acceleration in control samples. By
definition, the mean age acceleration in control samples is zero. B,D,F,H,J,L,N,P) Estimated proportion of neurons versus VS grade.
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Supplementary Figure 3. Correlations between CAG length, HD grade, and age of HD onset in HD subjects. (A‐C) Pairwise
scatter plots based on 21 HD subjects from the New Zealand tissue bank. (D) Chronological age (at death) versus age of onset.

Supplementary Figure 4. Epigenetic age analysis of Alzheimer's disease. Here we removed all HD samples.
Blue and red dots correspond to Alzheimer's disease and control samples respectively. The bar plots report Kruskal
Wallis test p‐values. Results for (A,B) all brain regions, (C,D) temporal lobe, (E,F) frontal lobe, (G,H) occipital lobe.
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Supplementary Figure 5. Epigenetic age analysis in brain regions that lead to insignificant results. Here we used
winsorized DNAm age estimates. We use ANOVA instead of the Kruskal Wallis test in the bar plots because of the low group
sizes. Samples with HD grade 4 were removed from the analysis.

Supplementary Figure 6. The effect of chronological age on DNA methylation levels are preserved across
lobes. The axis of each plot shows the signed log (base 10) transformed p‐value of a correlation test. The panels above
the diagonal show scatter plots. The numbers in the lower diagonal show the corresponding correlation coefficients.
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Supplementary Figure 7. The effect of HD status
on DNA methylation levels are preserved across
lobes. The axis of each plot shows the signed log (base
10) transformed p‐value of a group comparison test. The
panels above the diagonal show scatter plots. The
numbers in the lower diagonal show the corresponding
correlation coefficients.

Supplementary Figure 8. The most significant CpGs resulting from our EWAS meta analysis versus disease status. The
panels correspond to the CpGs in Table 3. Each bar plot relates the DNA methylation levels (beta values) to disease status. This statistical
analysis (and p‐values) differs from those presented in Table 3 for the following reasons. First, the y‐axis shows beta values that were not
adjusted for chronological age. Second, the grouping variable (x‐axis) takes on 3 levels (HD, Alzheimer's disease, and controls) whereas a
binary grouping variable (HD vs non‐HD) was used to select the CpGs of Table 3. Brain regions are ignored (i.e. lumpted together).
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Supplementary Figure 9. Estimation of inflation factors (lambda values) for the EWAS of HD. The panels correspond
to the respective studies in Figure 3. Each panel shows the estimated lambda inflation factor and plot resulting from the
estlambda R function. Lambda factors for (A) p‐values resulting from a meta analysis across 3 lobes (frontal, parietal, and
occipital lobe), (B) frontal lobe, (C) occipital lobe, (D) parietal lobe.
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Supplementary Figure 10. Correlations between module eigengenes and age at HD motor onset. The Figure
is analogous to Figure 5 but the correlation values and Z statistics refer to age of onset. The first column in each panel
reports a Z statistic. The remaining columns report robust correlation coefficients in different brain regions.

modules presented in Figure 5. The Z statistics result
from the application of the "consensusKME" R
function. High positive Z statistics indicate that the CpG
is an intramodular hub in the respective module. A CpG
can be a hub in multiple modules. The module
membership measure should be interpreted as a fuzzy
measure of module membership. Due to space
constraints, we only report those CpGs for which the
absolute value of the Z statistic exceeds 17 for at least
one of the modules.

Supplementary Data Sets
Please browse the full text version of this manuscript to
see links to Supplementary Files:
Supplementary File 11. EWAS results for HD status
in multiple brain regions. The file reports Kruskal
Wallis test p-values and corresponding Z statistics for
samples from the frontal lobe, occipital lobe, and
parietal lobe. Further, it reports the meta analysis results
across the three brain region. The meta-analysis pvaluea should be interpreted as a descriptive (hypothesis
promoting) rather than inferential measure since the
analysis did not adjust for the fact that multiple samples
were collected from each individual. Results are
reported for 326777 CpG from the Illumina Inf450k
array, which satisfied our filtering criteria (high
variance, few missing values).
Supplementary File 12. Module membership
information for intramodular hubs in the consensus
modules. The column correspond to the consensus
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Abstract: There is an urgent need to develop molecular biomarkers of brain age in order to advance our understanding
of age related neurodegeneration. Recently, we developed a highly accurate epigenetic biomarker of tissue age (known as
epigenetic clock) which is based on DNA methylation levels. Here we use n=700 dorsolateral prefrontal cortex (DLPFC)
samples from Caucasian subjects of the Religious Order Study and the Rush Memory and Aging Project to examine the
association between epigenetic age and Alzheimer’s disease (AD) related cognitive decline, and AD related
neuropathological markers.
Epigenetic age acceleration of DLPFC is correlated with several neuropathological measurements including diffuse plaques
(r=0.12, p=0.0015), neuritic plaques (r=0.11, p=0.0036), and amyloid load (r=0.091, p=0.016). Further, it is associated with a
decline in global cognitive functioning (β=‐0.500, p=0.009), episodic memory (β=‐0.411, p=0.009) and working memory (β=‐
0.405, p=0.011) among individuals with AD. The neuropathological markers may mediate the association between
epigenetic age and cognitive decline. Genetic complex trait analysis (GCTA) revealed that epigenetic age acceleration is
heritable (h2=0.41) and has significant genetic correlations with diffuse plaques (r=0.24, p=0.010) and possibly working
memory (r=‐0.35, p=0.065). Overall, these results suggest that the epigenetic clock may lend itself as a molecular
biomarker of brain age.

INTRODUCTION

shown to double every five years, and by age 85, the
prevalence of dementia is estimated to be as high as
31% [4].

Cognitive aging is on a continuum from normality, to
mild cognitive impairment (MCI), to dementia [1-3].
Aging is also tied to an increasing susceptibility for a
number of neurodegenerative diseases. After the age of
65 the risk of developing a neurodegenerative form of
dementia, such as Alzheimer’s Disease (AD), has been
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AD dementia is an irreversible progressive
neurodegenerative disease affecting the central nervous
system. It is typically characterized by the presence of
amyloid-beta plaques and hyperphosphorylated paired

1198

AGING, December 2015, Vol. 7 No.12

helical filament tau protein–rich neurofibrillary tangles
(NFT) [5]. Both types of lesions have been linked to AD
dementia, MCI, and cognitive decline. There is also
evidence that NFT mediates the association between
amyloid plaques and clinical manifestations of AD [6].
While the exact physiology through which NFT and
amyloid-beta plaques influence AD pathogenesis remains
somewhat unclear, the presence of such deposits among
those afflicted with AD is typically associated with much
steeper trajectories of cognitive deficit accumulation with
age [7, 8]. Cognition is not a unitary process but is composed of several dissociable cognitive systems, such as
episodic memory the clinical hallmark of AD dementia.

and Aging Project (MAP) [12, 13]. Both are
longitudinal community based cohort studies of aging
and dementia. The majority of participants in both
studies are 75-80 years old at baseline with no known
dementia. All participants agree to organ donation at
death.
Participants sign and informed consent,
repository consent, and Anatomical Gift Act. The
studies were approved by the Institutional Review
Board of Rush University Medical Center. Inclusion in
the studies requires participants to consent to
undergoing annual clinical evaluations as well as
postmortem organ donation. The ROS sample includes
Catholic priests, nuns, and brothers from across the
United States, whereas the MAP sample includes a
more general community based population from
northeastern Illinois. For our analysis, we excluded
subjects with missing DNAm age, or who were
diagnosed with dementias other than AD leaving us
with 700 Caucasian subjects. Participants were
administered annual structured interviews and a battery
of cognitive tests such as episodic memory (EM),
working memory (WM), and semantic memory (SM),
perceptual orientation (PO), and perceptual speed (PS).
Tests were averaged to yield a measure of global
cognitive functioning (GCF). Neuropathological
assessments were carried out postmortem as described
in Methods.

Epigenetic alterations, such as DNA methylation
(DNAm), have been linked to the both AD pathology
[9] and cognitive aging in the absence of AD dementia
[10]. DNAm refers to the addition of a methyl group to
a cytosine nucleotide at cytosine-phosphate-guanine
(CpG) sites. Hyper- or hypo methylation of sites can
change over time, as a function of genes and
environment, and have implications for gene expression
via alterations in chromatin structure. We recently
developed a highly accurate molecular biomarker of
aging based on DNA methylation (DNAm) levels [11],
known as “epigenetic clock”, which can be used to
measure the age of human cells, tissues, and organs.
Given that aging is associated with a normal loss in
cognitive ability as well as the rapidly increasing
susceptibility to AD, an aging biomarker based on
DNAm could account for between-person differences in
either the rate of cognitive aging among non-demented
individuals or the rate of disease progression among
those with AD. As a result, the goals of our study were
to 1) examine the association between DNAm age and
AD neuropathology, 2) test whether DNAm age relates
to AD dementia status and measures of cognitive
functioning, 3) determine if differences in DNAm age
reflect cognitive decline in persons with or with ADdementia, 4) examine whether neuropathology underlies
the association between higher DNAm age and worse
cognitive functioning. We hypothesize that participants
who have higher levels of neuropathology, lower
cognitive functioning, and/or who are diagnosed with AD
will have higher DNAm age in PFC samples at death—
signifying that their brains are biologically older. We also
hypothesize that neuropathology will mediate the
association between DNAm age and cognition.

Sample characteristics
As shown in Table 1, upon enrollment into the two
studies, subjects were 63-102 years of age (mean=
81.36, standard deviation=6.59). Cognitive follow-up
time after baseline ranged from 0 to 16 years, with a
mean of 4.07 years (s.d.=3.42). Of 700 participants,
615 had at least three measures of cognitive functioning
(baseline plus two follow-up), while half of our
participants had seven or more cognitive measures.
Average lifespan was approximately 89 years
(s.d.=6.44). Overall, subjects from ROS (n=375) were 5
years younger at baseline and lived 1.5 years longer
compared to those from MAP (n=325). Nearly twothirds of participants (63.6%) were female.
Just over 300 of our 700 participants were diagnosed
with AD dementia. Mean GCF, EM, WM, SM, PO, and
PS were -0.33 (s.d.=0.90), -0.28 (s.d.=1.08),-0.23
(s.d.=0.90), -0.31 (s.d.=0.99), -0.34 (s.d.=0.92), and 0.53 (s.d.=1.06), respectively. Additionally, betweenand within-person standard deviations were 0.82 and
0.47 for GCF, respectively; 1.00 and 0.55 for EM,
respectively; 0.77 and 0.53 for WM, respectively; 0.91
and 0.53 for SM, respectively; 0.83 and 0.52 for PO,
respectively; and 0.95 and 0.59 for PS, respectively.
Finally, mean overall amyloid level was 3.47

RESULTS
Study Sample
Our analytic sample included Caucasian subjects from
the Religious Order Study (ROS) and the Rush Memory
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(s.d.=3.68), mean neuritic plaque average 0.80
(s.d.=0.84), mean diffuse plaque average
0.71
(s.d.=0.80), mean NFT (silverstain) average 0.60
(s.d.=0.77), and mean overall paired helical filament
(PHF) tangle score 6.52 (s.d.=8.16).

Epigenetic age relates to neuropathological variables
We estimated the epigenetic age (also known as DNAm
age) of each brain samples by averaging the DNAm
levels of 353 CpGs as described in Methods and [11].

Figure 1. Epigenetic age of DLPFC samples versus neuropathological measures. (A) Scatter plot relating the DNAm age
of each PFC sample (y‐axis) versus chronological age at time of death (x‐axis). The red line depicts a linear regression line. The y‐
axis of the remaining panels (B‐I) involves the measure of epigenetic age acceleration which has been adjusted for sex. The
scatter plots relate epigenetic age acceleration (y‐axis) to (B) diffuse plaques, (D) neuritic plaques, (F) NFTs, and (H) amyloid load.
The title of each scatter plot reports a robust correlation coefficient (biweight midcorrelation) and a corresponding p‐value.
(C,E,G,I) The x‐axis of the bar plots involve a binary grouping variable that results from using the median value for dichotomizing
(C) diffuse plaques, (E) neuritic plaques, (G) NFT, and (I) beta‐amyloid load, respectively. Each bar plot depicts the mean value,
one standard error, and reports the p‐value results from a non‐parametric group comparison test (Kruskal Wallis test). The title of
each scatter plot reports a robust correlation coefficient (biweight midcorrelation) and a corresponding p‐value.
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Table 1. Sample characteristics
Variable

Statistic

Age at Enrollment, Mean (Std. Dev.)

81.4 (6.95)

Age at Death, Mean (Std. Dev.)

88.1 (6.60)

DNAm Age, Mean (Std. Dev.)

66.2 (5.04)

GCF, Mean (Std. Dev.)

-0.33 (0.90)

EM, Mean (Std. Dev.)

-0.28 (1.08)

WM, Mean (Std. Dev.)

-0.23 (0.90)

SM, Mean (Std. Dev.)

-0.31 (0.99)

PO, Mean (Std. Dev.)

-0.34 (0.92)

PS, Mean (Std. Dev.)

-0.53 (1.06)

Amyloid Load, Mean (Std. Dev.)

3.47 (3.68)

NP, Mean (Std. Dev.)

0.80 (0.84)

DP, Mean (Std. Dev.)

0.71 (0.80)

NFT, Mean (Std. Dev.)

0.60 (0.77)

Tangle Score, Mean (Std. Dev.)

6.52 (8.16)

Sex (Female=1), Frequency

0.636

Study (ROS=1), Frequency

0.536

AD Status, Frequency

0.433

DNAm age (in units of years) estimates the number of
years that passed since birth. DNAm age was highly
correlated with chronological age at time of death
across all samples (correlation r=0.67, Figure 1A). We
defined a measure of epigenetic age acceleration as
residual resulting from regressing DNAm age on
chronological age and sex. Thus, a positive value of age
acceleration indicates that the epigenetic age is higher
than expected based on chronological age and sex. Our
study addresses the hypothesis that epigenetic age
acceleration (that measures deviations between DNAm
age and chronological age) captures aspects of the
biological age of brain tissue. We test this hypothesis by
relating epigenetic age acceleration to various measures
of neuropathology and cognitive functioning.
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Results from biweight midcorrelation showed that
epigenetic age acceleration is associated with several
postmortem neuropathological indices. Epigenetic age
acceleration had a correlation of 0.12 with diffuse
plaques (p=0.0015, Figure 1B,C), 0.11 with neuritic
plaques (p=0.0036, Figure 1D,E), and 0.019 with
amyloid load (p=0.016, Figure 1H,I). Further, it showed
a marginally significant association with neurofibrillary
tangle status (p=0.053 in Figure 1G) when the latter was
defined by dichotomizing the NFT variable by its
median value. These associations were also examined
using multivariate models (Table 2), adjusting for age at
death, sex, and study (ROS vs MAP), and again, we
found positive associations between DNAm age and
neuritic plaques (β=0.45, p=0.004), diffuse plaques
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of AD. For instance, results showed that a one unit
decrease in GCF was associated with about a one third
of a year increase in DNAm age (β = -0.34, P = 0.019),
while a one unit decrease in EM was also associated
with about a one third of a year increase in DNAm age
(β = -0.30, P = 0.009). By contrast, we did not find a
relationship between DNAm age and WM (β = -0.16, P
= 0.172), SM (β = -0.21, P = 0.072), PO (β = -0.10, P =
0.270), or PS (β = -0.13, P = 0.191). We also examined
whether AD dementia status was associated with higher
DNAm age. Results showed a moderate, but nonsignificant association (β = 0.38, P = 0.103).

(β=0.47, p=0.004), amyloid load (β=0.10, p=0.006),
NFT (β=0.38, p=0.021), and Tangle Score (β=0.03,
p=0.041).
DNAm age, cognitive functioning and AD status
As shown in Table 3, we used linear models, adjusting
standard errors to account for multiple observations, to
examine whether postmortem estimates of DNAm age
were associated with GCF, EM, WM, SM, PO, PS,
and/or AD status. We found associations between
DNAm age and both GCF and EM, the clinical hallmark

Table 2. Multivariate associations between DNAm age and neuropathological measures
Beta Coefficient (One-Tailed P-Value)
Amyloid Load
0.100 (0.006)
NP
0.451 (0.004)
DP
0.468 (0.004)
NFT
0.377 (0.021)
Tangle Score
0.030 (0.041)
Results are from independent multivariate models that adjust for age at death, study, and sex

Table 3. Associations between DNAm age and cognitive functioning,
and mediation by AD status
β (SE)

P-value

GCF

-0.340 (0.163)

0.019

EM

-0.297 (0.126)

0.009

WM

-0.160 (0.170)

0.172

SM

-0.205 (0.140)

0.072

PO

-0.102 (0.166)

0.270

PS

-0.134 (0.153)

0.191

AD Status

0.377 (0.298)

0.103

DNAm age was used as the dependent variable for all models. All models were run
adjusting for study (ROS or MAP), age at death, age a clinical evaluation (accept for the
model for AD), and sex. GCF=Global Cognitive Functioning, EM=Episodic Memory,
WM=Working Memory, SM=Semantic Memory, PO=Perceptual Orientation,
PS=Processing Speed. P‐values represent significance assuming a one‐tailed hypothesis
test. Standard errors were adjusted via clustering by Sample ID, in order to account for
multiple observations (except for the model for AD).

www.impactaging.com

1202

AGING, December 2015, Vol. 7 No.12

Table 4. Associations between DNAm age and cognitive functioning, by AD status
Non-Demented Participants (n=397)

AD Participants (n=303)

β (SE)

P-value

β (SE)

P-value

GCF

-0.059 (0.503)

0.454

-0.500 (0.210)

0.009

EM

-0.209 (0.322)

0.258

-0.411 (0.173)

0.009

WM

0.340 (0.328)

0.836

-0.405 (0.177)

0.011

SM

-0.047 (0.429)

0.456

-0.262 (0.160)

0.051

PO

-0.049 (0.312)

0.437

-0.102 (0.210)

0.313

PS

-0.058 (0.304)

0.425

-0.178 (0.205)

0.193

DNAm age was used as the dependent variable for all models. All models were run adjusting for study (ROS or MAP), age at
death, age a clinical evaluation, and sex. GCF=Global Cognitive Functioning, EM=Episodic Memory, WM=Working Memory. P‐
values represent significance assuming a one‐tailed hypothesis test. Standard errors were adjusted via clustering by Sample ID,
in order to account for multiple observations.

Using linear models, we then examined the association
between DNAm age and cognitive functioning by AD
dementia status (Table 4). Overall, we found no
association between DNAm age and any of the
cognitive functioning measures among participants
without AD dementia which might reflect the relatively
low variance of cognitive measures among controls.
However, among participants with AD dementia, GCF,
EM, and WM were all associated with DNAm age.
Results showed that for persons who developed AD
dementia, every one unit decrease in GCF was
associated with a half a year increase in DNAm (β = 0.50, P = 0.009). Similarly, for persons who developed
AD dementia, every one unit decrease in EM or WM
was associated with about a 0.4 year increase in DNAm
(EM: β = -0.41, P = 0.009; WM: β = -0.40, P = 0.011).
Mediation analysis involving
variables and cognitive scores

neuropathological

Using multivariate linear models, with DNAm age as
the dependent variable and adjusting for study (ROS vs
MAP), age at clinical assessment, age at death, and sex,
we examined whether neuropathological measures
accounted for the association between worse cognitive
functioning (GCF, EM) and higher DNAm age (Table 5
and Table 6). All models were run on n=695 participants
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who had complete neuropathology data. Standard errors
were adjusted to account for repeat cognitive measures.
For each cognitive measure, seven models were run.
The first model shows the association between the
cognitive measure and DNAm age, after adjusting for
covariates. We find that (as reported previously), GCF
and EM were inversely associated with DNAm age
(GCF: β=-0.336, P=0.020; EM: β=-0.286, P=0.012).
Model 2, is similar to model 1, but includes the addition
of amyloid load, to examine whether it alters the
association between cognitive functioning and DNAm
age. We find that amyloid load is significantly
associated with DNAm age. Furthermore, it accounts
for 31.8% and 30.8% of the association between DNAm
age and GCF and EM, respectively. Model 3, is similar
to model 1, but with the addition of neuritic plaques.
We find that NP is significantly associated with DNAm
age and accounts for 66.1% of the association between
DNAm age and GCF, as well as 65.0% of the
association between DNAm age and EM. Model 4,
includes the addition of diffuse plaques, which is
significantly associated with DNAm age. However,
diffuse plaques only account for 15.5% of the
association between DNAm age and GCF, and 17.8% of
the association between DNAm age and EM. Model 5,
includes the addition of neurofibrillary tangles, which is
not significantly associated with DNAm age, yet NFT
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accounts for 25.9% of the association between DNAm
age and GCF, and 23.4% of the association between
DNAm age and EM. Model 6, includes the addition of
overall tangle score, which, like NFT, is not
significantly associated with DNAm age, yet it account
for a significant proportion of the association between
DNAm age and GCF (24.4%), as well as DNAm age
and EM (19.9%). Finally, Model 7 is similar to model 1,
but with the addition of all five neuropathology
variables. We find that the inclusion of all these
measures accounts for 52.4% of the association between
DNAm age and GCF, and 51.4% of the association
between DNAm age and EM.

tion using the GCTA software [14, 15] from SNP
markers measured on the same subjects. We find that
epigenetic age acceleration in DLPFC is highly
heritable (h2=0.41, Table 7), which is similar to
heritability estimate reported for blood [11, 16].
We find that diffuse plaques are highly heritable
(h2=0.38, Table 7) and have a significant genetic
correlation with epigenetic age acceleration (r=0.24,
p=0.010, Table 7). Neuritic plaques also exhibit a
significant genetic correlation with epigenetic age
acceleration (r=0.78, p=0.014) but the result needs to be
interpreted with caution since neuritic plaques are at
best weakly heritable (h2=0.05). We also find a
suggestive genetic correlation with working memory at
the last assessment (r=-0.35, p=0.065) but working
memory is only weakly heritable (h2=0.07).

Heritability and genetic correlation analysis
We estimated the heritability of epigenetic age accelera-

Table 5. Neuropathological mediation of the association between GCF and DNAm age
Beta Coefficient
(One-Tailed P-Value)

GCF

Amyloid

Neuritic Plaques

Model1

Model2

Model3

Model4

Model5

Model6

Model7

-0.336

-0.229

-0.114

-0.284

-0.249

-0.254

-0.160

(0.020)

(0.087)

(0.256)

(0.044)

(0.088)

(0.084)

(0.193)

0.094

0.026

(0.015)

(0.305)
0.553

0.514

(0.004)

(0.025)

Diffuse Plaques

NFT

Tangles
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0.360

0.144

(0.044)

(0.268)
0.231

-0.028

(0.139)

(0.537)
0.019

-0.016

(0.165)

(0.720)
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Table 6. Neuropathological aediation of the association between EM and DNAm age
Beta Coefficient
(One-Tailed P-Value)

EM

Amyloid

Neuritic Plaques

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Model 7

-0.286

-0.198

-0.100

-0.235

-0.219

-0.229

-0.139

(0.012)

(0.064)

(0.229)

(0.032)

(0.057)

(0.048)

(0.161)

0.094

0.028

(0.015)

(0.287)
0.538

0.487

(0.005)

(0.033)

Diffuse Plaques

NFT

Tangles

0.165

(0.044)

(0.243)
0.210

-0.032

(0.164)

(0.540)
0.016

-0.017

(0.202)

(0.725)

and processing speed—was associated with DNAm age
in pre-mortem blood samples [17]. However, previous
work has not examined the role of neuropathology or
AD dementia in the association between DNAm age
and cognitive decline. Our study showed that about half
of the association between DNAm age and cognition
was accounted for by variations in neuropathological
variables. For instance, we found that worse GCF and
EM was associated with higher DNAm age; however,
this association was significantly reduced or eliminated
after adjusting for amyloid load or neuritic plaques.

DISCUSSION
Overall, we found that postmortem DNAm age in
DLPFC was associated with
neuropathological
variables (Figure 1 and Table 2) and with pre-mortem
measures of cognitive decline, after adjusting for
chronological age, sex, and other possible confounders
(Tables 3 and 4). Our mediation analysis (Tables 5-6)
suggests that a proportion (up to 66%) of the association
between DNAm age and measures of cognitive function
is mediated by neuropathological measures. Our genetic
analysis (Table 7) indicates that pleiotropic genetic loci
affect epigenetic age acceleration, neuropathological
variables, and cognitive traits.

Previous studies have shown that there is little or no age
effect on many cognitive domains after accounting for
common neuropathologies [18]. The extended
preclinical phase of dementia is typically characterized
by an accumulation of neuropathology underlying
cognitive decline, and as such, pathologies have been
shown to relate to decline across the entire continuum,
from normal, to MCI, to dementia [19, 20].

The association between cognitive function and DNAm
age is consistent with previous work showing that
general cognitive ability—defined as a composite score
for six cognitive function tests comprising working
memory, non-verbal reasoning, constructional ability,
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Table 7. Heritability analysis and genetic correlations
Genetic correlation with
Heritability

epigenetic age acceleration

Trait
(residuals)

Estimate

P

Estimate

P

DNAm age

0.41

0.19

--

--

Mean GCF

<0.01

0.50

--

--

Mean WM

0.17

0.32

-0.19

0.12

Mean EM

< 0.01

0.50

--

--

Last GCF

< 0.01

0.50

--

--

Last WM

0.07

0.43

-0.35

0.065

Last EM

< 0.01

0.50

--

--

Amyloid

0.03

0.46

--

--

Neuritic plaque

0.05

0.43

0.78

0.014

Diffuse plaque

0.38

0.080

0.24

0.010

NFT

< 0.01

0.50

--

--

Tangles

< 0.01

0.50

--

--

The GCTA software was used to estimate the heritability (first two columns) and the genetic
correlations with epigenetic age acceleration (last two columns).

Nevertheless, declines in cognitive functioning have
been shown to be significantly steeper among those
with AD [21-24]. In contrast to those with nonpathological cognitive aging, the more drastic cognitive
decline associated with AD is thought to reflect ADmediated neuronal injury, larger decreases in brain
volume, functional disconnection between PFC and the
hippocampus, and dramatic increases in ventricle size
[3, 25].

tial explanation for the lack of association between AD
dementia status and DNAm age is that the clinical
diagnosis AD is only an incomplete measure of the
underlying neuropathology such as the accumulation of
amyloid-beta plaques and NFT. For this reason, AD
reflects a heterogeneous group, which is why the
severity of AD (as estimated by cognitive decline or
neuropathology) may be more strongly associated with
DNAm age than AD dementia status alone. Among our
participants, we found that both the between-person and
within-person variance in GCF and EM change was
much higher for those with AD versus those without
AD dementia (Table 8), suggesting that 1) the AD
group may be far more heterogeneous in regards to

While our results showed that DNAm age was
associated with cognitive decline among persons with a
clinical diagnosis of AD, we did not find an association
between AD dementia status and DNAm age. One poten-
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neurocognitive decline, and 2) experience far more
cognitive
aging
changes.
Additionally,
this
interpretation is supported by our analysis of
neuropathological variables, for which we found strong
associations between DNAm age and all five measures
(amyloid load, neuritic plaques, diffuse plaques, NFT,
and overall tangle score). Additionally, results from
step-wise models showed that neuropathological
variables, especially amyloid load and neuritic plaques,
may explain the association between DNAm age and
cognitive functioning. This suggests that increased
DNAm age may influence changes in the regulation of
amyloid proteins, contributing to AD neuropathology,
and thus manifesting as steeper cognitive declines [26].

Finally, our genetic analysis showed that DNAm age,
neuropathology, and cognitive decline may be
pleiotropic, which could reflect mediation among these
factors. For instance, alleles could be associated with
faster cognitive decline via acceleration of the
biological aging process, which in turn leads to a faster
accumulation of neuropathology (Figure 2A). Another
alternative is that physiological consequences
associated with neuropathological accumulation could
influence both biological brain aging and cognitive
decline, simultaneously (Figure 2B). Finally, loci could
pleiotropically influence both neuropathology and
biological aging, independently, with no causal pathway
between them (Figure 2C). In moving forward, examina-

Table 8. Between‐ and within‐person statistics for cognitive function, by AD
No AD

GCF

EM

AD

Mean

Std. Dev.

N

Mean

Std. Dev.

N

0.126

0.496

2554

-0.894

0.954

2105

Between

0.448

397

0.786

300

Within

0.235

Overall

Overall

0.252

0.649

0.649

2482

Between

0.607

397

Within

0.323

-0.928

1.139

2029

0.951

300

0.731

Figure 2. Causal scenarios that might explain the significant genetic correlations between epigenetic
age, neuropathology and cognitive decline. Genetic variants form a causal anchor that affect biological age
(and associated measures such as epigenetic age) and various measures of neuropathology and cognitive decline.
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tion of these pathways will be important for facilitating
our understanding of brain aging and neurodegenerative
disease.

comparison, stroop color naming, stroop color reading).
For each domain, composite measures were calculated
as the average across tests. Before taking the average,
each cognitive test was converted to a z-score (with
mean of zero and standard deviation of 1). Finally, GCF
is meant to represent overall cognitive functioning. At
each wave it was estimated as the average across zscores from the 19 cognitive tests for EM, WM, SM,
PO, and PS.

There are limitations to this study. First, DNAm age
was only measured postmortem, which prevented us
from determining if it was predictive of AD status or
cognitive decline. Furthermore, DNAm age changes
with time, yet in our sample it was only measured at a
single time-point. For that reason we were unable to
examine if larger changes in DLPFC DNAm age were
associated with steeper cognitive decline or AD.
Nevertheless, our study was strengthened by the
inclusion of neuropathological variables, longitudinal
measurements of multiple cognitive functioning
domains, measurement of DNAm age in DLPFC rather
than whole blood, and availability of postmortem data
for neuropathologic indices.

participants’
Neuropathological examination. Upon
death, brains were extracted, weighed, sectioned into 1
cm-thick coronal slabs, and stored. Neuropathological
indices were examined in order to diagnose cognitive
pathologies such as AD, Lewy Body diseases, and
cerebrovascular disease [27]. Modified Bielschowsky
silver stain was used to identify AD pathology based on
NIA-Reagan and modified CERAD criteria. Global AD
pathologic burden was estimated by averaging
standardized numbers of neuritic plaques, diffuse
plaques, and NFT across five brain regions as described
in [28]. Moreover, amyloid load was quantified as
abundance of amyloid-β, labeled with a N-terminal
directed monoclonal antibody, while PHFtau tangles,
was quantified as the density of paired helical filament
tau tangles.

Overall, our study shows that epigenetic aging in
DLPFC is associated with the severity of cognitive
decline as well as neuropathological hallmarks of AD.
These results strongly suggests that the epigenetic clock
lend itself as a molecular biomarker of brain age.
METHODS
Study sample. Our analytic sample included 700 nonLatino white subjects from the Religious Order Study
(ROS) and the Rush Memory and Aging Project (MAP)
[12, 13]. Both are longitudinal community based cohort
studies of aging and dementia. The majority of
participants in both studies are 75-80 years old at
baseline with no known dementia. Inclusion in the
studies requires participants to consent to undergoing
annual clinical evaluations as well as postmortem organ
donation. The ROS sample includes Catholic priests,
nuns, and brothers from across the United States,
whereas the MAP sample includes a more general
community based population from northeastern Illinois.
For our analysis, excluded subjects included those with
missing DNAm age, or who were diagnosed with
dementias other than AD.

We
focused
on
the
following
aggregated
neuropathological variables (Figure 1 and elsewhere):
a)
"neuritic plaques" and "diffuse plaques" were
defined as average of 5 scaled scores (namely scaled
mid-frontal, temporal cortex, inferior parietal cortex,
entorhinal cortex, and hippocampus plaques) [29, 30].
b)
"NFT" measures the tangle average across 5
regions (mid-frontal cortex, mid-temporal cortex,
inferior parietal cortex, entorhinal cortex, and
hippocampus CA1) [29].
c)
"Amyloid load" measures the overall amyloid
load, which was defined as the mean amyloid scores
across 8 regions (namely hippocampus entorhinal
cortex, mid-frontal, inferior parietal cortex, anterior
gyrus, calcarine cortex, cingulate regions, superior
frontal gyrus) [29, 31, 32].
d)
Overall tangle score which reports the PHFtau
tangle score across 8 regions (hippocampus, entorhinal
cortex, midfrontal gyrus, inferior temporal, anterior
gyrus, calcarine cortex. cingulate region, superior
frontal gyrus).

Participants were administered
Clinical evaluations.
annual structured interviews to assess cognitive
functioning. These included tests for EM (immediate
recall (word list), delayed recall (word list), word
recognition (word list), immediate recall (East Boston
story), delayed recall (East Boston story), logical
memory immediate recall, logical memory delayed
recall), WM (digits forward, digits backward, digit
ordering), SM (Boston naming, category fluency,
reading test), PO (line orientation, progressive
matrices), and PS (symbol digits modality-oral, number
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DNA methylation data. DNAm was measured using the
Illumina Infinium HumanMethylation450 BeadChip.
The Illumina BeadChips measures bisulfite-conversionbased, single-CpG resolution DNA methylation levels
at 485577 different CpG sites in the human genome.
These data were generated by following the standard
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protocol of Illumina methylation assays, which
quantifies methylation levels by the β value using the
ratio of intensities between methylated and unmethylated alleles. Specifically, the β value is
calculated from the intensity of the methylated (M
corresponding to signal A) and un-methylated (U
corresponding to signal B) alleles, as the ratio of
fluorescent signals β = Max(M,0) / [Max(M,0) +
Max(U,0) + 100]. Thus, β values range from 0
(completely un-methylated) to 1 (completely
methylated) (Dunning, 2008). The DNA methylation
data are available at the following webpage
https://www.synapse.org/#!Synapse:syn3168763. We
focused on brain samples of Caucasian subjects from
ROS and MAP that include brain donation at the time of
death (n=700) [12, 13]. Additional details on the DNA
methylation data can be found in [9].

Statistical analysis. Biweight midcorrelations and
ordinary least squares regression models were used to
examine whether postmortem neuropathology was
associated with postmortem DNAm age in DLPFC,
after controlling for age at death, study (ROS vs. MAP),
and sex. For the bar plots in Figure 1, we defined a
grouping variable (high versus low) by dichotomizing
the respective neuropathological variable according to
the median value. The median was chosen in order to
arrive at equal group sizes (high versus low) and to
avoid overfitting due to the selection of an optimal
threshold. Multivariate linear regression models were fit
in the whole sample and in strata defined by AD
dementia status (according to the clinical diagnosis).
Here we did not use a linear mixed effects model since
our dependent variable (DNAm age) is a time-invariant
variable based on postmortem brain tissue. The linear
models were used to determine whether GCF, WM,
EM, SM, PO, and PS over all waves leading up to death
were related to postmortem DNAm age in DLPFC.
Standard errors for cognitive decline models were
adjusted to account for multiple observations. These
models also included potential confounders, such as age
of clinical evaluation, age at death, study (ROS vs.
MAP), and sex. Finally, step-wise linear models were
run with DNAm age as the dependent variable and
cognitive measures as the independent models. For
these models we examined how the association between
DNAm age and cognition was altered with the inclusion
of either one or all of the neuropathology measure.

Epigenetic clock analysis and DNAm age. Several
recent studies have proposed to measure the age of
tissue samples by combining the DNA methylation
levels of multiple dinucleotide markers, known as
Cytosine phosphate Guanines or CpGs [11, 33, 34]. In
particular, the epigenetic clock based on 353 Cytosine
phosphate Guanine (CpG) markers was developed to
measure the age (known as "DNA methylation age" or
"epigenetic age") of human tissues, organs and cell
types—including brain, breast, kidney, liver, lung,
blood [11], and even applies to prenatal brain samples
[35]. The epigenetic clock method - applied to two
commercially standardized methylation platforms: the
Illumina 450K array and the 27K arrays - is an
attractive biomarker of aging because (1) it applies to
most human tissues; (2) its accurate measurement of
chronological age is unprecedented [11]; (3) it is
predictive of all-cause mortality even after adjusting for
a variety of known risk factors [16]; (4) it correlates
with measures of cognitive and physical fitness in the
elderly [17]; (5) it has already been useful in detecting
accelerated aging due to obesity [36], Down syndrome
[37], Parkinson’s disease [38], and HIV infection [39];
and . Further, the epigenetic clock was used to show
that age acceleration of blood may predict the future
onset of lung cancer [40], that the cerebellum ages
slowly [41], that the blood of subjects with a severe
developmental disorder ages normally [42], and that
semi-supercentenarians and their offspring age more
slowly [47].

We report one-sided (one-tailed) p-values for the
cognitive scores and neuropathology variables in our
multivariate model analyses because our hypotheses
involving cognitive scores are one-sided (e.g. that
higher DNAm age is associated with worse cognitive
functioning and higher levels of neuropathology).
Genetic analysis. Of the study samples, a total of 1102
individuals (632 normal/ 470 AD) were available with
both genotypes and cognitive functioning or
neuropathological measure. The GCTA software was
used to estimate the heritability and genetic correlations
based on both genotyped and imputed SNP markers.
We used IMPUTE2 [44, 45] with haplotypes phased
using SHAPEIT[46] to impute SNP and INDEL
markers, with a reference panel based on the 1000
Genome haplotypes from 2,504 individuals (released in
October 2014). As study individuals were genotyped on
either Affymetrix SNP Array 6.0 or Illumina
HumanOmniExpress, we performed imputation on each
subset of individuals stratified by platform. We merged
the imputation outputs across platforms and pruned in
the markers with info measure > 0.4 in both sets. The
other quality control was based on minor allele

Weighted DNAm measures across the 353 CpGs from
the epigenetic clock were used to measure the DNAm
age of DLPFC samples. These CpGs and their weights
(coefficient values) were chosen in independent data
sets by regressing chronological age on CpGs. DNAm
age is then defined as predicted age, in years [43].
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frequency (MAF) ≥ 0.02. We converted the IMPUTE2
output format to MaCH dosage format in order to use it
as input for the GCTA software.
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Abstract: It has been a long standing hypothesis that blood tissue of PD Parkinson's disease (PD) patients may exhibit
signs of accelerated aging. Here we use DNA methylation based biomarkers of aging ("epigenetic clock") to assess the
aging rate of blood in two ethnically distinct case‐control data sets. Using n=508 Caucasian and n=84 Hispanic blood
samples, we assess a) the intrinsic epigenetic age acceleration of blood (IEAA), which is independent of blood cell counts,
and b) the extrinsic epigenetic age acceleration rate of blood (EEAA) which is associated with age dependent changes in
blood cell counts. Blood of PD subjects exhibits increased age acceleration according to both IEAA (p=0.019) and EEAA
(p=6.1x10‐3). We find striking differences in imputed blood cell counts between PD cases and controls. Compared to
control subjects, PD subjects contains more granulocytes (p=1.0x10‐9 in Caucasians, p=0.00066 in Hispanics) but fewer T
helper cells (p=1.4x10‐6 in Caucasians, p=0.0024 in Hispanics) and fewer B cells (p=1.6x10‐5 in Caucasians, p=4.5x10‐5 in
Hispanics). Overall, this study shows that the epigenetic age of the immune system is significantly increased in PD patients
and that granulocytes play a significant role.

INTRODUCTION

during a period coined the ‘molecular prodrome’ is
critical [2]. While blood provides an easily accessible
tissue, biomarker development based on it has remained
an elusive goal. Even though substantial evidence exists
that inflammation contributes to the pathogenesis of PD
[3], the question remains whether blood tissue also
reflects earliest changes in PD such that blood cell
counts or immune markers can help predict onset or
even become a treatment target. This idea inspired
research as early as 1985, when Marttila et al. observed

The progressive motor and non-motor decline in
Parkinson's disease (PD) leads to disability and loss of
quality of life. Onset is insidious with some non-motor
symptoms occurring years before diagnosis [1]. The
extensive loss of dopamine neurons prior to diagnosis
makes early interventions the ultimate treatment goal.
For this to become reality, development of biomarkers
with the potential of early detection and treatment of PD
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that PD patients exhibit signs of immune suppression
partially resembling those seen in normal aging but
being quantitatively exaggerated with a decrease in
helper (CD4+) T cells [4].

any study that related epigenetic age acceleration to PD
status.
In this large epigenetic study of PD, we show for the
first time that measures of epigenetic age acceleration
are associated with PD status. Different from typical
epigenome wide association studies (EWAS) that
interrogate individual CpGs, the current study posits
two broad hypotheses: First, that a measure of
epigenetic age acceleration is associated with PD status.
Second, that (imputed) measures of blood cell types
(based on DNA methylation levels) are associated with
PD status. To address these hypotheses, we leverage a
large and unique community-based case control study
described in the following.

Until recently relatively few molecular biomarkers of
aging have lent themselves for rigorously testing
whether PD is associated with accelerated aging in the
immune system and blood. Telomere length can be used
as a molecular aging marker but its association with PD
status remains ambiguous despite considerable research
effort. A keyword search for ["telomere" AND
"Parkinson's disease"] in Pubmed led to the identification of 10 articles. After eliminating a commentary and
a study of mice, we reviewed references [5-12]. Two of
these studies did not find an association between
telomere length and PD status [5, 8]. Three studies,
including the largest study to date [12], found
borderline significant (P=0.02) associations in the
opposite direction from what would be expected, i.e.
counter to the aging hypothesis PD cases had longer
telomeres [6, 9, 12]. Here, we answer the challenge to
explore these counterintuitive results observed in a
methodologically strong study by exploiting an entirely
new class of molecular biomarker of aging based on
epigenetic data. Several recent studies have proposed to
measure the physiological age of tissue samples by
combining the DNA methylation levels of multiple
dinucleotide markers, known as Cytosine phosphate
Guanines or CpGs [13-15]. In particular, the epigenetic
clock (based on 353 CpG markers) was developed to
measure the age (known as "DNA methylation age" or
"epigenetic age") of sorted human cell types (CD4+T
cells or neurons), tissues, and organs—including blood,
brain, breast, kidney, liver, lung [14], and even prenatal
brain samples [16].

RESULTS
Study design and study population
The Parkinson's disease, Environment, and Genes
(PEG) case-control study aims to identify
environmental risk factors (e.g. neurotoxic pesticide
exposures) for Parkinson's disease. The PEG study is a
large population-based study of Parkinson's disease of
mostly rural and township residents of California's
central valley [28]. Cases were identified with the help
of local neurologists, clinics, and community outreach
and controls were randomly sampled from Medicare
lists and residential tax assessor’s records. All
covariates were ascertained in interviews with subjects.
Every PD patient was evaluated by a UCLA movement
disorder specialist. Most subjects were seen multiple
times. Blood was drawn early in the disease, on average
1.5 years after PD diagnosis. We only used DNA
samples from wave 1 (PEG1).

The epigenetic clock method - applied to two
commercially standardized methylation platforms: the
Illumina 450K array and the 27K arrays - is an
attractive biomarker of aging because (1) it applies to
most human tissues; (2) its accurate measurement of
chronological age is unprecedented [14]; (3) it is
predictive of all-cause mortality even after adjusting for
a variety of known risk factors [17]; (4) it correlates
with measures of cognitive and physical fitness in the
elderly [18]; and (5) it has already been useful in
detecting accelerated aging due to obesity [19], Down
syndrome [20], and HIV infection [21]. Further, the
epigenetic clock was used to show that age acceleration
of blood may predict the future onset of lung cancer
[22], the cerebellum ages slowly [23], and 3) that the
blood of subjects with a severe developmental disorder
ages normally [24]. Despite many diverse applications
of the epigenetic clock [16, 25-27], we are not aware of
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In our analysis we started out with analyzing all
subjects (irrespective of race/ethnicity). Next we
focused on specific ethnic strata (Caucasians only or
Hispanics only).
DNA methylation data sets
The first blood DNA methylation data set was
comprised of 508 Caucasians (non-Hispanic whites)
and the second of 84 Hispanics enrolled in the PEG
study, respectively. Descriptive information for the
data sets we used can be found in Table 1. When we
related various demographic and known risk factors to
PD status in a marginal analysis, education was
associated positively (p=0.0085 in Caucasians, p=0.27
in Hispanics, Table 1) and smoking negatively with
PD in this subsample. The first association reflects a

1131

AGING, December 2015, Vol. 7 No.12

well-known ascertainment bias in epidemiological casecontrol studies: healthy controls with little incentive to
participate in research tend to be more highly educated.
For smoking, our finding is consistent with the literature
which is reviewed and discussed in [29].

Our marginal analysis also shows that exposure to
pesticides (total organophosphate count in residential or
occupational settings) is strongly associated with an
increased PD risk (p=4x10-6 Table 1) consistent with
our previous publications [30].

Table 1. Overview of the two DNA methylation data sets
Caucasian (Data Set 1)
P-value
Sample size
No. Female

0.47

Smoking Status

0.013

Hispanic (Data Set 2)

PD

control

289

219

125

102

P-value

0.05

PD

control

46

38

14

20

0.21

Smoking:
current

15

13

3

4

Smoking: former

120

118

21

6

Smoking: never

154

88

22

8

P-value

mean (SE), min,
max

mean (SE), min,
max

P-value

mean (SE), min,
max

mean (SE), min,
max

0.0051

11.4 (1.3),0,175

14.8 (1.6),0,125

0.65

5.7 (2),0,73

7 (2.9),0,39

0.053

71 (0.6),37,91

68 (0.8),35,92

0.60

67.3 (1.6),37,83

65 (2.1),36,86

0.14

1932
(0.6),1915,1966

1935
(0.8),1912,1969

0.27

1938
(2),1920,1964

1944 (4),1918,1969

0.0085

14.1 (0.2),6,30

14.8 (0.2),5,27

0.16

9.6 (0.72),0,20

11.2 (1),1,19

Smoking: total
pack years
Age
Year Born
Education: no.
of years in
school

PD Family
0.16
0.15 (0.021),0,1
0.11 (0.021),0,1
0.30
0.15 (0.05),0,1
0.6 (0.056),0,1
History
Caffeinated
Coffee: lifetime
0.21
1.8 (0.12),0,14
2.2 (0.18),0,19
0.54
1.6 (0.48),0,20
1.3 (0.29),0,4
weighted ave.
(cup/day)
Organophospat
2.8x101.7x10e count
9 (0.59),0,46
4.9 (0.47),0,41
13.3 (1.63),0,37
5.9 (2.4),0,30
8
3
(residential+occ
uputation)
2001
2002
Year diagnosed
(0.3),1998,2007
(0.3),1998,2006
with PD
Levodopa
0.7 (0.03)
0.67 (0.07)
Medication
status
Levodopa
350 (16),0,2300
369 (41),0,1020
mg/day
Data sets 1 and 2 are comprised of Caucasians (non‐Hispanic whites) and Hispanics, respectively. The p‐value resulted from
relating the respective variables to PD status using a non‐parametric group comparison test (Kruskal Wallis test) or Fisher's exact
test (for categorical variables).
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Accuracy of the epigenetic clock

epigenetic clock can be found in the Additional files of
[14]. An online age calculator can be found at our
webpage (https://dnamage.genetics.ucla.edu). All of the
described epigenetic measures of aging and age acceleration are implemented in our freely available software.

DNAm age (also referred to as epigenetic age) was
calculated as described in [14] from human samples
profiled with the Illumina Infinium 450K platform. The
epigenetic clock is defined as a prediction method of age
based on the DNAm levels of 353 CpGs. Predicted age,
referred to as DNAm age, correlates with chronological
age in sorted cell types (CD4 T cells, monocytes, B cells,
glial cells, neurons), tissues and organs, including: whole
blood, brain, breast, kidney, liver, lung, saliva [14].
Mathematical details and software tutorials for the

As expected, DNAm age has a strong linear relationship
with chronological age (Figure 1). The high accuracy of
the epigenetic clock is validated in both data sets in
which DNAm age is highly correlated with
chronological age (r=0.82 in Caucasians; r=0.81 in
Hispanics, Figure 1A-C).

Figure 1. Epigenetic age analysis of PD. (A‐C) DNA methylation age (y‐axis) versus chronological age (x‐axis) in (A)
all subjects, (B) Caucasians only, and (C) Hispanics only. Dots corresponds to subjects and are colored by PD disease
status (red=PD, black=control). We define three measures of epigenetic age acceleration. (D‐F) presents results for
the "universal" measure of epigenetic age acceleration, which is defined as residual to a regression line through the
control samples, i.e. the vertical distance of a point from the line. By definition, the mean age acceleration in controls
is zero. (G‐I) The bar plots relate measures of intrinsic epigenetic age acceleration to PD status. This measure is
independent of blood cell counts. The fourth row (panels J‐L) reports findings for the measure of extrinsic epigenetic
age acceleration, which does relate to changes in cell composition. Each bar plot depicts the mean value (y‐axis), 1
standard error, and the group size (underneath the bar). The p‐value results from a Student T‐test.
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Three measures of epigenetic age acceleration

The measure of extrinsic epigenetic age acceleration
(EEAA) aims to measure ageing in immune related
components also relates to age related changes in blood
cell composition such as the decrease of naive CD8+ T
cells and the increase in memory or exhausted CD8+ T
cells [31-33]. EEAA is defined on the basis of a
weighted average of the epigenetic age measure from
Hannum et al (2013) [13] and three blood cell types that
are
known
to
change
with
age:
naive
(CD45RA+CCR7+) cytotoxic T cells, exhausted
(CD28-CD45RA-) cytotoxic T cells, and plasma B
cells. By definition, EEAA has a positive correlation
with the amount of exhausted CD8 T cells and plasma
blast cells and a negative correlation with the amount of
naive CD8+ T cells. Blood cell counts were estimated
based on DNA methylation data as described in the
section entitled "Estimating blood cell counts based on
DNA methylation levels".

In this article, we consider three measures of epigenetic
age acceleration (as detailed in Methods). The first
measure, which will be referred to as universal measure
of age acceleration (denoted AgeAccel) applies to
virtually all tissues and cell types (with the exception of
sperm) [25]. The other two measures (referred to as
intrinsic and extrinsic age acceleration, respectively)
only apply to blood. The universal measure AgeAccel is
defined as the difference between DNAm age value and
the value predicted by a spline regression model in
controls.
The measure of intrinsic epigenetic age acceleration
(IEAA) measures "pure" epigenetic ageing effects in
blood that are not confounded by differences in blood
cell counts.

Figure 2. Levodopa medication (x‐axis) versus epigenetic age acceleration in PD subjects. Each scatter plot depicts the
amount of levodopa medication (milligram per day) versus (A,B,C) universal epigenetic age acceleration, (D,E,F) intrinsic
epigenetic age acceleration (G,H,I), extrinsic epigenetic age acceleration. The first, second, and third column correspond to all
subjects, Caucasians only, and Hispanics only, respectively. Each dot (PD patient) is colored in red for the sake of consistency with
Figure 1. The heading of each plot reports a robust correlation coefficient (biweight midcorrelation and a corresponding p‐value).
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Figure 3. Levodopa medication status versus epigenetic age acceleration in PD patients. The first, second,
and third column correspond to all subjects, Caucasians only, and Hispanics only, respectively. Levodopa medication
status versus (A,B,C) universal epigenetic age acceleration, (D,E,F) intrinsic epigenetic age acceleration (G,H,I),
extrinsic epigenetic age acceleration. Each bar plot depicts the mean value (y‐axis), 1 standard error, and the group
size (underneath the bar). The p‐value results from a non‐parametric group comparison test (Kruskal Wallis).

The three different measures of epigenetic age
acceleration are not independent of each other. The
universal measure AgeAccel is correlated with IEAA
(r=0.90 in Caucasians and r=0.77 in Hispanics) and with
EEAA (r=0.55 in Caucasians and r=0.74 in Hispanics).
IEAA is also correlated with EEAA (r=0.41 in
Caucasians and again r=0.41 in Hispanics). By
construction, our three measures of epigenetic age
acceleration are uncorrelated (r=0) with chronological
age at the time of blood draw.

p=0.019 for IEAA (Figure 1G-I), and p=0.0061 for
EEAA (Figure 1J-L).
It is unlikely that Levodopa medication explains the
increased epigenetic age acceleration since we find no
significant association between the amount of Levodopa
medication and any of the measures of age acceleration
in PD patients (Figure 2). These results were
corroborated in a second analysis in which we related
medication status (binary grouping variable) to the
measures of epigenetic age acceleration in PD patients
(Figure 3) and found no associations.

PD is associated with intrinsic and extrinsic
epigenetic age acceleration

None of the measures of epigenetic age acceleration
were significantly associated with smoking status,
pesticide exposure, or family history of PD; however,
sex had a significant association: compared to men,

PD status has a (marginally) significant relationship
with all 3 measures of age acceleration: p=0.06 for the
universal measure of age acceleration (Figure 1A-C),
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women have a low EEAA (p-value=2.9x10-6 in
Caucasians and p=0.016 in Hispanics) and a low IEAA
(p=0.0050 in Caucasians, p=0.35 in Hispanics). By
study design, sex was not associated with PD status in
Caucasians (p=0.45) but there was a marginally
significant association in Hispanics (p=0.04). Family
history of PD was not predictive of PD status.

To estimate the actual amount of age acceleration, we
regressed DNAm age on disease status, age, granulocytes, smoking, ethnicity, and sex. According to this
multivariate regression model, the blood of PD
patients is 1.5 years older than that of age matched
controls.
PD patients have more granulocytes but fewer
helper T cells and B cells than controls

In a multivariate logistic regression analysis with PD
status as the outcome we find that AgeAccel (p=0.037)
remains a significant covariate even after adjusting for
chronological age (at the time of blood draw), blood cell
counts, pesticide exposure (organophosphate), smoking
(cumulative pack years), education (number of years in
school), coffee consumption (life time measured as a
weighted average cup per day), and ethnicity. In an
analogous model, IEAA is only marginally significant
(p=0.084, Table 2). EEAA is significantly associated
with PD status (p=0.031, Table 2) after adjusting for
chronological age, pesticide exposure (organophosphate),
smoking (cumulative pack years), education (number of
years in school), coffee consumption (life time measured
as a weighted average cup per day), and ethnicity.

We find striking differences in blood cell composition
between PD cases and controls (Figure 4). Compared to
control samples, PD patients have more granulocytes
(p=1.0x10-9 in Caucasians, p=0.00066 in Hispanics
Figure 4O,P) and plasma cells (activated B cells)
(p=0.00065 in Caucasians Figure 4S) but fewer helper
(CD4+) T cells (p=1.4x10-6 in Caucasians, p=0.0024 in
Hispanics, Figure 4G,H), fewer naïve CD4+ T cells
(p=0.0074 in Caucasians, p=0.13 in Hispanics Figure
4I,J), fewer B cells (p=1.6x10-5 in Caucasians,
p=4.5x10-5 in Hispanics Figure 4Q,R), and fewer
cytotoxic (CD8+) T cells (p=0.0017 in Caucasians,
p=0.072 in Hispanics Figure 4A,B).

Table 2. Logistic model that regresses PD status on covariates.

Logistic model.
Outcome= PD

Measure=
AgeAccel

Measure=
IEAA

Measure
=EEAA

Coef
0.016

SE
0.0085

Pvalue
0.061

Coef
0.015

SE
0.0085

Pvalue
0.071

Coef
0.023

SE
0.008

P-value
0.004

Measure of Age
Acceleration

0.036

0.017

0.037

0.031

0.018

0.084

0.031

0.014

0.031

Granulocyte
CD4+T cell
CD8+T cell

3.5
-3.8
-1.6

1.6
2.3
3

0.027
0.11
0.59

2.7
-4.9
-1.3

1.5
2.3
3

0.07
0.029
0.67

Organo phosphate
exposure

0.054

0.012

4E-6

0.055

0.012

3.7E-6

0.059

0.012

4E-7

Smoking (total pack
years)

-0.0081

0.0043

0.063

-0.0082

0.0043

0.06

-0.0077

0.004

0.067

Number of years in
school

-0.058

0.028

0.036

-0.058

0.028

0.035

-0.049

0.027

0.064

LifetimeCoffee (ave
cup/day)

-0.035

0.041

0.4

-0.034

0.041

0.41

-0.037

0.04

0.36

Ethnicity(Hispanic)

0.32

0.35

0.36

0.31

0.35

0.37

0.3

0.34

0.37

Covariates
Age
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Figure 4. Blood cell counts versus PD status. As indicated in the heading of each panel, the panels alternate between the two data
sets. PD status (x‐axis) versus (A,B) proportion of cytotoxic CD8+ T cells, (C,D) naïve CD8+ T cell count, (E,F) percentage of exhausted CD8+
T cells (defined as CD8+CD28‐CD45RA‐ ), (G,H) proportion of helper CD4+ T cells, (I,J) naïve CD4+ T cell count, (K,L) proportion of natural
killer cells, (M,N) proportion of monocytes, (O,P) granulocytes, (Q,R) B cells, (S,T) plasma blasts (activated B cells). The abundance
measures of blood cell counts were estimated based on DNA methylation levels using the epigenetic clock software. The y‐axis of (E,F)
reports a percentage, that of (C,D,I,J) a cell counts but it is best to interpret these measures as ordinal abundance measures. The y‐axis of
the other panels reports estimated proportions based on the Houseman method [45]. Each bar plot depicts the mean value (y‐axis), 1
standard error, and the group size (underneath the bar). The p‐value results from a non‐parametric group comparison test (Kruskal Wallis).

A multivariate logistic regression analysis shows that
granulocyte count remains a significant predictor of PD
status (p=0.027, Table 2) even after adjusting for other
covariates. We did not observe significant association
between PD status and the amount of naïve CD8+ T
cells (Figure 4C,D), exhausted CD8+ T cells (Figure
4E,F), natural killer cells (Figure 4K,L) or monocytes
(Figure 4M,N).

We only observed relatively weak associations between
Levodopa medication status (binary) and blood cell
counts (Figure 6). In Caucasian PD patients, we found
that medicated patients have fewer CD4+ T cells
(p=0.0018 Figure 6G), granulocytes (p=0.025 Figure
6O), and B cells (p=0.012 Figure 6Q) but more
exhausted CD8+ T cells (p=0.019 Figure 6E). In
Hispanic PD patients, we could not detect a significant
association between medication status and blood cell
counts, which might reflect the small number (n=15) of
un-medicated PD patients in this group.

It is unlikely that medications explain the difference in
blood cell counts because both medication status and
amount of medication have no more than a weak
association with blood cell counts in PD subjects
(Figure 5): when relating the amount of Levodopa (mg
per day) to blood cell counts in PD subjects, we only
found a weak marginally significant correlation with
CD4+ T cells (r=-0.14, p=0.017 in Caucasians, Figure
5G).
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DISCUSSION
We and others have shown that epigenetic biomarkers
of aging based on genome-wide DNA methylation
levels are highly robust and reproducible (see also
Figure 1A,B) [13-15, 17, 19]. We use these biomarkers
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Figure 5. Amount of medication (x‐axis) versus epigenetic age acceleration in PD subjects. As indicated in the heading of each
panel, the panels alternate between the two data sets. PD status (x‐axis) versus (A,B) proportion of CD8+ T cells, (C,D) naïve CD8+ T cell
count, (E,F) exhausted CD4+T cell counts (defined as CD8+CD28‐CD45RA‐ ), (G,H) proportion of CD4+ T cells, (I,J) naïve CD4 T cell count,
(K,L) proportion of natural killer cells, (M,N) proportion of monocytes, (O,P) granulocytes, (Q,R) B cells, (S,T) plasma blasts (activated B
cells). All cell types were estimated based on DNA methylation levels as described in Methods. The heading of each plot reports a robust
correlation coefficient (biweight midcorrelation and a corresponding p‐value).

of aging to explore the contributions of aging in a large
community-based study of PD. Ours is the first data
substantiating the longstanding hypothesis regarding
accelerated aging effects in PD using epigenetic
biomarkers of aging. PD status has a significant
relationship with all 3 measures of age acceleration but
the strongest associations can be observed for the
extrinsic measure EEAA, which also keeps track of age
related changes in blood cell composition.

PD subjects using flow cytometric method [34-38]. The
most recent study including the largest number of
patients yet (88 PD cases and 77 age-gender matched
controls)[38] reported reduced numbers of T helper and
B lymphocytes in Parkinson's disease. Our study
corroborates these findings for T helper (p=1.4x10-6)
and B cells (p=1.6x10-5 Figure 4Q) however,
granulocytes exhibited a far more significant association
with PD status (p=1.0x10-9 Figure 4O) in our
population. Our study does not allow us to identify the
type of granulocytes (neutrophil, eosinophil, or
basophil) with the strongest effect. Yet, given the
abundance of neutrophils (~60% of all blood cells
compared with 0.5-2.5% for eosinophils and basophils)
we suspect that they are responsible for the signal we
saw in blood. An increased neutrophil/lymphocyte ratio
has been observed in PD subjects [39] and differential
neutrophil infiltration has been shown to contribute to

However, the observed accelerated aging effects do not
simply reflect changes in blood cell composition as can
be seen from the fact that PD subjects also exhibit
increased intrinsic epigenetic aging rates.
Our study demonstrates an unexpectedly strong
association between granulocytes and PD status.
Several previous studies evaluated blood cell counts in
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regional differences with brain inflammation favoring
the substantia nigra pars compacta over the cortex [40].
We acknowledge the following limitations. First, the
one-time only blood sampling protocol early in disease
does not allow us to establish temporality of cause and
effect. We hypothesize that accelerated aging of the
immune system and/or altered blood cell counts
(including neutrophils) precede the onset of motor and
cognitive symptoms in PD but future studies are needed
to determine whether these blood based biomarkers are
prognostic of incident PD.

focuses on epigenetic aging effects and blood cell
counts. We refer the reader to future publications from
our group and other DNA methylation studies of
Parkinson disease (PD) and related disorders [41-43].
Our study also has strengths including a novel data set
for two distinct ethnic populations, a large sample size
(total n=592), powerful epigenetic biomarkers of aging,
an unprecedented breadth of blood cell counts, a
community (population)-based design, and extensive
clinical evaluations by movement disorder specialists to
establish PD diagnoses.

Second, we necessarily focused only on blood tissue.
Future studies should evaluate whether accelerated
epigenetic aging effects can also be found in other
tissues (notably brain tissue).

Increased levels of epigenetic age acceleration or blood
cell counts are not specific to PD but our results may
inform the future development of DNA methylation
based biomarkers of PD. Overall, our results support the
notion that neuroinflammation, which leads to brain cell
death and PD disease progression, is fueled by activated
glial cells communicating with peripheral immune cells.

Finally, we did not relate individual CpGs to PD status
since this is beyond the scope of this article which

Figure 6. Medication status versus blood cell counts in PD patients. As indicated in the heading of each panel, the
panels alternate between the two data sets. Levodopa medication status (x‐axis) versus (A,B) proportion of CD8+ T cells, (C,D)
naïve CD8+ T cell count, (E,F) exhausted CD+T cell counts (defined as CD8+CD28‐CD45RA‐ ), (G,H) proportion of CD4+ T cells,
(I,J) naïve CD4+ T cell count, (K,L) proportion of natural killer cells, (M,N) proportion of monocytes, (O,P) granulocytes, (Q,R) B
cells, (S,T) plasma blasts (activated B cells). All cell types were estimated based on DNA methylation levels as described in
Methods. Each bar plot depicts the mean value (y‐axis), 1 standard error, and the group size (underneath the bar). The p‐value
results from a non‐parametric group comparison test (Kruskal Wallis).
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with 3 cell types that are known to change with age:
naive (CD45RA+CCR7+) cytotoxic T cells, exhausted
(CD28-CD45RA-) cytotoxic T cells, and plasma B cells
using the approach of [44]. The resulting measure of
blood age is referred to as BioAge4 in our epigenetic
clock software. Third, we defined a measure of age
acceleration (EEAA) as the residual resulting from a
univariate model regressing BioAge4 on chronological
age. By definition, our measure of EEAA has a positive
correlation with the amount of exhausted CD8+ T cells
and plasma blast cells and a negative correlation with
the amount of naive CD8+ T cells. Blood cell counts
were estimated based on DNA methylation data as
described in the section entitled "Estimating blood cell
counts based on DNA methylation levels". By
construction, EEAA tracks both age related changes in
blood cell composition and intrinsic epigenetic changes.
By definition, none of our three measures of epigenetic
age acceleration are correlated with the chronological
age.

METHODS
Ethics review and IRB. Informed consent was obtained
from all subjects. This study was reviewed by the
UCLA institutional review board (IRB#13-000671 and
IRB#14-000061).
Preprocessing of Illumina Infinium 450K arrays. In
brief, bisulfite conversion using the Zymo EZ DNA
Methylation Kit (ZymoResearch, Orange, CA, USA) as
well
as
subsequent
hybridization
of
the
HumanMethylation450k
Bead
Chip
(Illumina,
SanDiego, CA), and scanning (iScan, Illumina) were
performed according to the manufacturers protocols by
applying standard settings. DNA methylation levels (β
values) were determined by calculating the ratio of
intensities between methylated (signal A) and unmethylated (signal B) sites. Thus, β values range from 0
(completely un-methylated) to 1 (completely
methylated).
Measures of epigenetic age acceleration. The name of
our universal measure of age acceleration (AgeAccel)
reflects that it applies to virtually all sources of human
DNA (with the exception of sperm). Here we defined it
as follows. First, we regressed DNAm age on
chronological age in controls. Next, we used the
resulting model to predict the DNAm age of each
subject. Next the universal measure was defined as the
difference between the observed measure of DNAm age
and the predicted value. Thus, a high positive value for
AgeAccel indicates that the observed DNAm age is
higher than that predicted based on controls. AgeAccel
has a relatively weak correlation with blood cell counts
[21] but it still relates to blood cell counts. To subtract
out the effect of blood cell counts, we find it useful to
define a measure of intrinsic epigenetic age acceleration
(IEAA) which measures "pure" epigenetic ageing
effects that are not confounded by differences in blood
cell counts. It is defined as the residual resulting from a
multivariate regression model of DNAm age on
chronological age and various blood immune cell
counts (naive CD8+ T cells, exhausted CD8+ T cells,
plasma B cells, CD4+ T cells, natural killer cells,
monocytes, and granulocytes).

Estimating blood cell counts based on DNA
methylation levels. We estimate blood cell proportions
using two different software tools. Houseman's
estimation method [45], which is based on DNA
methylation signatures from purified leukocyte samples,
was used to estimate the proportions of CD8+ T cells,
CD4+ T, natural killer, B cells, and granulocytes.
Granulocytes are also known as polymorphonuclear
leukocytes. The advanced analysis option of the
epigenetic clock software [14, 21] was used to estimate
the percentage of exhausted CD8+ T cells (defined as
CD28-CD45RA-) and the number (count) of naïve
CD8+ T cells (defined as (CD45RA+CCR7+).

The measure of extrinsic epigenetic age acceleration
(EEAA) aims to measure epigenetic ageing in immune
related components. EEAA is defined using the
following three steps. First, we calculated the epigenetic
age measure from Hannum et al (2013) [13] based on
71 CpGs. The resulting age estimate is correlated with
certain blood cell types [17]. Second, we increased the
contribution of blood cell types to the age estimate by
forming a weighted average of the Hannum estimate
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Abstract: Given the dramatic increase in ageing populations, it is of great importance to understand the genetic and
molecular determinants of healthy ageing and longevity. Semi‐supercentenarians (subjects who reached an age of 105‐109
years) arguably represent the gold standard of successful human ageing because they managed to avoid or postpone the
onset of major age‐related diseases. Relatively few studies have looked at epigenetic determinants of extreme longevity in
humans. Here we test whether families with extreme longevity are epigenetically distinct from controls according to an
epigenetic biomarker of ageing which is known as “epigenetic clock”. We analyze the DNA methylation levels of peripheral
blood mononuclear cells (PBMCs) from Italian families constituted of 82 semi‐supercentenarians (mean age: 105.6 ± 1.6
years), 63 semi‐supercentenarians’ offspring (mean age: 71.8 ± 7.8 years), and 47 age‐matched controls (mean age: 69.8 ±
7.2 years). We demonstrate that the offspring of semi‐supercentenarians have a lower epigenetic age than age‐matched
controls (age difference=5.1 years, p=0.00043) and that centenarians are younger (8.6 years) than expected based on their
chronological age. By contrast, no significant difference could be observed for estimated blood cell counts (such as naïve or
exhausted cytotoxic T cells or helper T cells). Future studies will be needed to replicate these findings in different
populations and to extend them to other tissues. Overall, our results suggest that epigenetic processes might play a role in
extreme longevity and healthy human ageing.
INTRODUCTION

longer available. To address this challenge, we decided
to compare the centenarians’ offspring (CO) with the
offspring of shorter-lived controls. CO are useful for
finding suitable molecular markers and for estimating
the trajectories of healthy ageing [25] because: i)
longevity runs in families, which probably reflects
shared genetic, epigenetic and environmental factors; ii)
CO are on average 20-30 years younger than their
centenarian parent, i.e. they are in their seventies or
eighties, which is a critical age when the physiological
decline and the onset of the major age-related diseases
may occur; iii) it is feasible to recruit controls for CO
that are age-matched and born from non-centenarian
parents [25]. The comparison of CO to age matched
controls has already been successfully applied to
identify biochemical and metabolomics parameters
related to exceptional longevity [24, 26-31] and to
define survival scores [32, 33].

Ageing researchers and the general public have long
been intrigued by centenarians because these subjects
managed to avoid, postpone or overcome the major agerelated diseases such as cancer [1], cardiovascular
diseases [2], diabetes [3], osteoporotic fractures [4] and
dementia [5, 6].
We find it useful to further distinguish centenarians from
semi-supercentenarians (i.e. subjects that reach the age of
105 years, 105+) and supercentenarians (subjects that
reach the age of 110 years, 110+) because subjects in
these latter categories are extremely rare. As of January
1, 2015, in Italy 100+ are 19,095 out 60,795,612 living
individuals, 105+, which constitute a subgroup of 100+,
are 872 (1:69,720 living individuals) and 110+, which
constitute an even smaller subgroup, are 27 (1:2,251,689
living individuals), according to the data base from the
Italian National Institute of Statistics [7]. On the whole,
105+ and 110+ subjects have to be considered very rare
cohorts of particular interest for the study of both the
ageing phenotype and the healthy ageing determinants.
This means that 105+ and 110+ are most informative for
ageing research, even if it is not yet known whether 105+
reach the last decades of their life according to a
molecular trajectory which progresses at a normal rate of
change or whether the attainment of this remarkable age
results from a slower molecular ageing rate.

Many biomarkers of different origin have been used to
disentangle the complexity underlying the ageing
phenotype, e.g. inflammatory biomarkers [28-31], Nglycans [34-37] and telomere length. Telomere length is
an attractive biomarker of ageing because a) telomere
length shortening plays an essential role in the in vitro
ageing of somatic cells and b) telomeres of different
organs/cells are known to shorten with age [38-42].
While telomere erosion is clearly linked to ageing, a
rich body of literature suggests that it is not the sole
reason for in vivo ageing. For example, no significant
association could be observed between telomere length
and survival among the elderly and oldest old in Danish
[43] and Japanese [28] populations.

A rich literature describes the relationship between
blood-based markers and age [8-12] and many genetic
studies were devoted to clarify whether exceptional
longevity is a highly heritable trait [13-17]. More
recently, a variety of "omics" studies have looked at
gene expression [18-21], metagenomic [22] or
lipidomic [23, 24] data. Different from genetic studies,
functional genomic studies of centenarians face the
challenge of identifying a proper control group, as
shorter-lived controls from their birth cohort are no
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Several recent studies propose biomarkers of ageing
based DNA methylation levels [44-49]. DNA
methylation levels give rise to powerful epigenetic biomarkers of ageing since chronological age (i.e. the
calendar years that have passed since birth) has a
profound effect on DNA methylation levels in most

1160

AGING, December 2015, Vol. 7 No.12

human tissues and cell types [50-59]. While previous
epigenetic biomarkers of ageing apply to a single tissue,
the recently developed "epigenetic clock" (based on 353
dinucleotide markers known as Cytosine phosphate
Guanines or CpGs) applies to most human cell types,
tissues, and organs [48]. Predicted age, referred to as
“DNA methylation age” (DNAm age), correlates with
chronological age in sorted cell types (CD4 T cells,
monocytes, B cells, glial cells, neurons), tissues and
organs including whole blood, brain, breast, kidney,
liver, lung, saliva [48] and even prenatal brain samples
[60]. The epigenetic clock is an attractive biomarker of
ageing because a) it applies to most human tissues, b)
its accurate measurement of chronological age is
unprecedented [61], c) it possesses independent
predictive value for all-cause mortality [62], d) it
correlates with measures of cognitive and physical
fitness in the elderly [63] and e) it has been found useful
for detecting accelerated ageing effects due to obesity
[64], Down syndrome [65] and HIV infection [66].
Furthermore, it demonstrates that the cerebellum ages
more slowly than other brain regions [67].

differ from controls in terms of gender (p=0.8) or
chronological age (p=0.31).
Accuracy of the epigenetic clock
DNAm age (also referred to as “epigenetic age”) was
calculated using the DNA methylation levels of PBMCs
applying a previously described method [48].
DNAm age was highly correlated with chronological
age across all samples (correlation r=0.89, Figure 1A).
Three measures of epigenetic age acceleration
In this article, we consider three measures of epigenetic
age acceleration (as detailed in Methods). The first one,
which will be referred to as universal measure of age
acceleration (denoted Age Accel), applies to virtually
all tissues and cell types (with the exception of sperm)
[48]. The other two measures (referred to as intrinsic
and extrinsic age acceleration, respectively) only apply
to blood. The universal measure is defined as the
difference between DNAm age value and the value
predicted by the linear regression model in groups 1 and
2 (i.e. in semi-supercentenarians or their offspring). The
term "universal" refers to the fact that this measure can
be defined in a vast majority of tissues and cell types
[48]. A positive value of the universal age acceleration
measure indicates that DNA methylation age is higher
than that predicted from the regression model for COs
or semi-supercentenarians of the same age.

Here, we analyze a novel peripheral blood mononuclear
cells (PBMCs) methylation data set in an unprecedented
Italian population of 105+, in their relative CO and in a
cohort of healthy controls age- and sex-matched in
respect of the CO group in order to test the hypothesis
that these families age slowly according to the epigenetic
clock.

RESULTS

The measure of intrinsic epigenetic age acceleration
(IEAA) measures "pure" epigenetic ageing effects in
blood that are not confounded by differences in blood
cell counts.

Data set
We used the Illumina Infinium 450K array to generate
DNA methylation data from PBMCs of 192 Italian
subjects. We removed 8 samples (7 semisupercentenarians and 1 control) from the analysis
because they were potential outliers according to an
unsupervised hierarchical clustering analysis based on the
inter-array correlation. Our subsequent epigenetic clock
analysis involved 3 distinct groups. The first group
involved 75 subjects (mean age: 106 years, age range
from 99 to 113 years) will be referred to as semisupercentenarians (105+) although it included one subject
aged 99. The second group, CO, involved 63 offspring
from centenarians (mean age: 72 years, age range from
50 to 89 years). The third group involved 46 control
subjects (mean age: 70 years, age range from 52 to 85
years), i.e. subjects who did not have a centenarian
parent. The first group (semi-supercentenarians), the
second (CO) and the third group (controls) contained 59,
25 and 37 females, respectively. By design, CO did not
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The measure of extrinsic epigenetic age acceleration
(EEAA) aims to measure ageing in immune related
components also relates to age-related changes in blood
cell composition such as the decrease of naive CD8+ T
cells and the increase in memory or exhausted CD8+ T
cells [29, 68-70]. EEAA is defined on the basis of a
weighted average of the epigenetic age measure from
Hannum et al (2013) [47] and three blood cell types that
are known to change with age: naive (CD45RA+CCR7+)
cytotoxic T cells, exhausted (CD28-CD45RA-) cytotoxic
T cells and plasma B cells. By definition, EEAA has a
positive correlation with the amount of exhausted CD8 T
cells and plasma blast cells and a negative correlation
with the amount of naive CD8+ T cells. Blood cell counts
were estimated based on DNA methylation data as
described in Methods (section "Estimating blood cell
counts based on DNA methylation levels").
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Figure 1. Epigenetic age analysis of PBMCs from centenarians and controls. (A) Scatter plot relating the DNAm age of each
PBMC sample (y‐axis) versus chronological age (x‐axis). Points are colored by status. The color of each dot corresponds to the status of
each PBMC sample: red for centenarians, orange for offspring of centenarians, grey for controls. The black line corresponds to y=x. The
orange line depicts the regression line based on the offspring of centenarians and centenarians (orange and red dots). The vertical
distance to the orange line corresponds to the universal measure of age acceleration Age Accel. The bar plots depict group status (x‐
axis) versus (B, C) universal age acceleration, (D, E) intrinsic age acceleration, (F) extrinsic age acceleration. Each bar plot depicts the
mean value, one standard error, and reports the p‐value results from a non‐parametric group comparison test (Kruskal Wallis test).

Table 1. Multivariate model of DNAm age in non‐centenarians
Covariate

Coefficient

Std. Error

T statistic

P-value

Offspring
-3.804
1.043
-3.647
0.00043
Age
0.743
0.071
10.442
< 2x10-16
Sex (female)
0.174
1.065
0.163
0.87
Naïve CD8+T cell
-0.007
0.011
-0.617
0.54
Exhausted CD8+ T cell
-0.044
0.159
-0.274
0.79
Plasma Blast cell
-7.62
3.706
-2.055
0.042
Helper T cell (CD4)
-28.3
8.728
-3.247
0.0016
Natural Killer cell
12.5
7.962
1.572
0.13
Monocyte
-9.2
9.313
-0.988
0.33
Coefficients and p‐values from regressing DNAm age on offspring status, age, sex, and various blood cell
counts in non‐centenarian subjects (subjects younger than 90). The model explained 67% of the variance.
The offspring of centenarians are 5.1 years (=3.804/0.743) younger than age matched controls.
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The three different measures of epigenetic age
acceleration are not independent of each other. The
universal measure Age Accel has a moderately high
correlation with IEAA (r=0.65, p=1.8x10-23) and with
EEAA (r=0.71, p=1.6x10-29). But IEAA has only a
weak correlation with EEAA (r=0.19, p=0.01). By
construction, our three measures of epigenetic age
acceleration are uncorrelated (r=0) with chronological
age at the time of blood draw.

1), CO are 5.1 years younger (p=0.00051) than age
matched controls even after adjusting for sex and
estimated blood cell counts.
Semi-supercentenarians appear to age more slowly
than expected
Interestingly, the DNAm age of 105+ is systematically
lower than their chronological age as can be seen from
the fact that the red dots lie beneath the black line in
Figure 1A. The DNAm age of 105+ differs significantly
from that of controls (p=0.028) but not from that of the
CO (p=0.29) according to a multivariate model analysis
(Table 2) that adjusted for chronological age, sex, and
estimated blood cell counts. According to this model,
105+ are on average 8.6 years younger than expected
based on chronological age. The systematic
underestimate of age in centenarians has also been
observed in most other tissues from centenarians [67].

Offspring of semi-supercentenarians have a slow
intrinsic ageing rate
We find that PBMCs of the offspring of 105+ age more
slowly than that of age matched controls according to a)
the Age Accel measure (Kruskal Wallis test p=0.012,
Figure 1C) and b) the intrinsic measure of age
acceleration (p=0.0016 Figure 1E). According to a
multivariate model analysis in non-centenarians (Table

Figure 2. Blood cell counts in offspring of semi‐supercentenarians versus age matched controls. Group status (offspring
of semi‐supercentenarian or control) versus estimated abundance of (A) exhausted cytotoxic T cells, (B) naïve cytotoxic T cells, (C)
naïve helper T cells, (D) cytotoxic T cells, (E) helper T cells, (F) natural killer cells, (G) B cells, (H) monocytes. Each bar plot reports
the mean value and one standard error. The p‐value results from a non‐parametric group comparison test (Kruskal Wallis). The
abundance measures of blood cell counts were estimated based on DNA methylation levels using the epigenetic clock software.
Roughly speaking, the y‐axis of (A) reports a percentage while that for (B, C) corresponds to counts but it is best to interpret the y‐
axis in (A‐C) as ordinal abundance measure. The y‐axis in (D‐H) reports estimated proportions based on the Houseman method [78].
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Table 2. Multivariate model of DNA methylation age in all subjects.
Covariate

Coefficient

Std.
Error

T
statistic

P-value

StatusControlvsCentenarian
6.583
2.98
2.208
0.029
StatusOffspringvsCentenarian
3.03
2.84
1.069
0.29
Age
0.765
0.080
9.578
< 2x10-16
Sex (female)
-1.025
1.02
-1.005
0.32
Naïve CD8+T cell
-0.014
0.010
-1.444
0.15
Exhausted CD8+ T cell
-0.118
0.142
-0.832
0.41
Plasma Blast cell
-6.046
2.83
-2.135
0.034
Helper T cell (CD4)
-38.069
7.53
-5.054
1.1x10-6
Natural Killer cell
-1.926
7.25
-0.265
0.79
Monocyte
-14.782
8.00
-1.848
0.066
Coefficients and p‐values from regressing DNAm age on offspring status, age, sex, and various blood
cell counts in non‐centenarian subjects (subjects younger than 90). The model explained 85% of the
variance. Centenarians are 8.6 years (=6.583/0.765) younger than expected based on chronological
age.

Figure 3. Blood cell counts across three groups. Group status (semi‐supercentenarian, offspring of semi‐supercentenarian,
or control) versus estimated abundance of (A) exhausted cytotoxic T cells, (B) naïve cytotoxic T cells, (C) naïve helper T cells, (D)
cytotoxic T cells, (E) helper T cells, (F) natural killer cells, (G) B cells, (H) monocytes. Each bar plot reports the mean value and one
standard error. The p‐value results from a non‐parametric group comparison test (Kruskal Wallis). Roughly speaking, the y‐axis of
(A) reports a percentage while that for (B, C) corresponds to counts but it is best to interpret the y‐axis in (A‐C) as ordinal
abundance measure. The y‐axis in (D‐H) reports estimated proportions based on the Houseman method [78].

www.impactaging.com

1164

AGING, December 2015, Vol. 7 No.12

While our results in the CO suggests that the age
difference of 8.6 years reflects a lower epigenetic
ageing rate in 105+, we cannot rule out that
confounders play a role as well (due to the lack of
suitable controls for centenarians).

their offspring; b) careful matching between the
offspring of semi-supercentenarians and unrelated
control offspring from non-centenarians; c) state of the
art epigenetic biomarkers of ageing. The following
limitations need also to be acknowledged. First, our
results should be replicated in other populations (ideally
involving semi-supercentenarians and their offspring)
who differ from our Italian cohort in terms of genetic
background, lifestyle and cultural habits. Further, it will
be of great interest to extend this kind of epigenetic
clock analysis to other accessible fluids and tissues such
as buccal epithelium, saliva, skin, adipose, muscle. It is
beyond the scope of this article to carry out an
epigenome wide association studies (EWAS) based on
486k individual CpGs on the Illumina array. The
number of semi-supercentenarians included in this study
is relatively small but these subjects are very rare, i.e.
about one in 69,720 Italian living individuals and 6 out
of the top 50 oldest living people are Italian
(https://en.wikipedia.org/wiki/List_of_oldest_living_people).

Extrinsic age acceleration and blood cell counts are
not significant
The CO do not differ from age matched controls in
terms of the extrinsic measure of age acceleration
(Figure 1F) or in terms of estimated blood cell counts
(Figure 2) but future studies with large samples should
revisit these analyses. When comparing 105+ to
younger subjects (CO and controls), we find that 105+
contain more exhausted cytotoxic T cells (Figure 3A),
fewer naïve cytotoxic T cells (Figure 3B), fewer naïve
helper T cells (Figure 3C), more cytotoxic T cells
(Figure 3D), fewer helper T cells (Figure 3E), more
natural killer cells (Figure 3F), and fewer B cells
(Figure 3G). These findings are congruent with those
from many previous studies of age related changes in
blood cell composition (e.g. [10, 29, 68-72]).

The epigenetic clock and related methylation-based
biomarkers of ageing are arguably the most accurate
measures of the wider process of epigenetic remodeling
that occurs in different cell types, tissues and organs
during human ageing [46, 48, 74, 75]. Previous studies
have shown that epigenetic age relates to cognitive
status, physical fitness, and all-cause of mortality in
aged populations [62, 63, 79-81]. The current study
adds to an increasing body of evidence that suggests
that the epigenetic age of PBMCs relates to biological
age or physiological age but other complementary
biomarkers of ageing undoubtedly play a crucial role. It
is highly unlikely that a single blood-based biomarker
of ageing (such as epigenetic age) captures all aspects
of physiological age.

DISCUSSION
This article leverages three epigenetic biomarkers of
ageing to characterize semi-supercentenarians and their
offspring.
To the best of our knowledge, this is the first study that
demonstrates that the offspring of semi-supercentenarians
have a lower intrinsic epigenetic ageing rate in PBMCs.
A similar trend was reported by Gentilini [73] that, by
analyzing whole-genome methylation data from PBMCs
in a smaller cohort (including 21 female centenarians,
their 21 female offspring, 21 offspring of both non-longlived parents and 21 young women), observed an agerelated decrease in global DNA methylation and a delay
of this process in centenarians' offspring. In the present
study, the reported p-values (p=0.00051 in Table 1,
p=0.012 in Figure 1C) remain significant even after
adjusting for multiple comparisons since our study only
involved three major hypothesis tests corresponding to
the three related measures of epigenetic age acceleration
(i.e. Age Accel, IEAA, EEAA). This remarkable finding
is mirrored by the result that semi-supercentenarians
appear to be younger (8.6 years, Table 2) than expected
based on chronological age. Future studies will be needed
to investigate how an epigenetic trajectory of healthy
ageing relates to that of clinical measures of
physiological or pathological ageing.

Overall, our results suggest that the offspring of semisupercentenarians are informative when it comes to
detecting epigenetic determinants of healthy ageing. By
understanding why the offspring of centenarians are
protected against epigenetic ageing, we might be able to
learn how to extend the benefits of successful ageing to
the general population.

MATERIALS AND METHODS
Description of the dataset. The subjects were recruited
in three Italian centers (Bologna , Milan and University
of Calabria at Rende). The study was approved by the
local Ethical Committee (S. Orsola Hospital University of Bologna; Prot. n. 2006061707,
amendment 08/11/2011; Fondazione IRCCS Cà Granda
Ospedale Maggiore Policlinico, Prot. n. 2035,
amendment 30/11/2011; University of Calabria

Strengths of this study include a) access to PBMCs
from a unique collection of semi-supercentenarians and
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9/9/2004 amendment on 24/11/2011). A written
informed consent form was obtained from all
participants.

as the difference between the observed measure of
DNAm age and the predicted value. Thus, a high
positive value for Age Accel indicates that the observed
DNAm age is higher than that predicted based on semisupercentenarians and their offspring. Age Accel has a
relatively weak correlation with blood cell counts [66]
but it still relates to estimated blood cell counts as can
be seen from Table 1. To subtract out the effect of blood
cell counts, we find it useful to define a measure of
intrinsic epigenetic age acceleration (IEAA) that
measures "pure" epigenetic ageing effects that are not
confounded by differences in blood cell counts. It is
defined as the residual resulting from a multivariate
regression model of DNAm age on chronological age
and various blood immune cell counts (naive CD8 T
cells, exhausted CD8 T cells, plasma B cells, CD4 T
cells, natural killer cells and monocytes).

This novel dataset (measured on the Illumina 450K
array) includes 192 subjects: 82 semi-supercentenarians
(33 from Bologna, 29 from Milan and 20 from
Calabria), 63 offspring of semi-supercentenarians (22
from Bologna, 28 from Milan and 13 from Calabria)
and 47 control subjects whose parents were not
centenarians (16 from Bologna, 17 from Milan and 14
from Calabria).
DNA extraction and bisulphite treatment of DNA.
Extraction of genomic DNA from PBMCs was
performed using the AllPrep DNA/RNA/protein kit
(QIAGEN, Hilden, Germany). Sodium bisulphite
conversion for Infinium HumanMethylation450
BeadChip was performed using the EZ-DNA
Methylation-Gold Kit and the EZ-96 DNA Methylation
Kit respectively Genome-wide DNA methylation was
analyzed using the Infinium HumanMethylation450
BeadChip (Illumina, San Diego, CA) following
manufacturer’s instructions. Arrays were scanned by
HiScan (Illumina). GenomeStudio (Illumina) was used
to perform background subtraction.
DNA methylation age and epigenetic clock. The
epigenetic clock software implements a data
normalization step that repurposes the BMIQ
normalization method from Teschendorff [76] so that it
automatically references each sample to a gold standard
based on type II probes as detailed in Additional file 2
from [48]. All of the described epigenetic measures of
ageing and age acceleration are implemented in our
freely available software [48]. The epigenetic clock is
defined as a prediction method of age based on the
DNA methylation levels of 353 CpGs. Predicted age,
referred to as DNAm age, correlates with chronological
age in sorted cell types (CD4 T cells, monocytes, B
cells, glial cells, neurons), tissues and organs, including:
whole blood, brain, breast, kidney, liver, lung, saliva
[48]. Mathematical details and software tutorials for the
epigenetic clock can be found in the Additional files of
[48]. An online age calculator can be found at our
webpage (https://dnamage.genetics.ucla.edu).

The measure of extrinsic epigenetic age acceleration
(EEAA) aims to measure epigenetic ageing in immune
related components. EEAA is defined using the
following three steps. First, we calculated the epigenetic
age measure from Hannum et al (2013) [47], which is
weakly correlated with certain blood cell types [62].
Second, we increased the contribution of blood cell
types to the age estimate by forming a weighted average
of the Hannum’s estimate with 3 cell types that are
known to change with age: naive (CD45RA+CCR7+)
cytotoxic T cells, exhausted (CD28-CD45RA-)
cytotoxic T cells, and plasma B cells using the approach
of [77]. The resulting measure of blood age is referred
to as BioAge4 in our epigenetic clock software. Third,
we defined a measure of age acceleration (EEAA) as the
residual resulting from a univariate model regressing
BioAge4 on chronological age. By definition, our
measure of EEAA has a positive correlation with the
amount of exhausted CD8 T cells and plasma blast cells
and a negative correlation with the amount of naive
CD8+ T cells. Blood cell counts were estimated based
on DNA methylation data as described in the section
entitled "Estimating blood cell counts based on DNA
methylation levels". By construction, EEAA tracks both
age related changes in blood cell composition and
intrinsic epigenetic changes. By definition, none of our
three measures of epigenetic age acceleration are
correlated with the chronological age.

Measures of epigenetic age acceleration. The name of
our universal measure of age acceleration (Age Accel)
reflects that it applies to virtually all sources of human
DNA (with the exception of sperm). Here we defined it
as follows. First, we regressed DNAm age on
chronological age in semi-supercentenarians and their
offspring. Next, we used the resulting model to predict
the age subject. Next the universal measure was defined

Estimating blood cell counts based on DNA
methylation levels. We estimate blood cell proportions
using two different software tools. Houseman's
estimation method [78], which is based on DNA
methylation signatures from purified leukocyte samples,
was used to estimate the proportions of cytotoxic
(CD8+) T cells, helper (CD4+) T, natural killer B cells.
The advanced analysis option of the epigenetic clock
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software [48] was used to estimate the percentage of
exhausted CD8+ T cells (defined as CD28-CD45RA-)
and the number (count) of naïve CD8+ T cells (defined
as (CD45RA+CCR7+).
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9. Franceschi C, Valensin S, Fagnoni F, Barbi C and Bonafè M.
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perspective: the challenge of heterogeneity and the role of
antigenic load. Experimental Gerontology. 1999; 34:911‐921.
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Abstract: Lung cancer is considered an age‐associated disease, whose progression is in part due to accumulation of
genomic instability as well as age‐related decline in system integrity and function. Thus even among individuals exposed to
high levels of genotoxic carcinogens, such as those found in cigarette smoke, lung cancer susceptibility may vary as a
function of individual differences in the rate of biological aging. We recently developed a highly accurate candidate
biomarker of aging based on DNA methylation (DNAm) levels, which may prove useful in assessing risk of aging‐related
diseases, such as lung cancer. Using data on 2,029 females from the Women’s Health Initiative, we examined whether
baseline measures of “intrinsic epigenetic age acceleration” (IEAA) predicted subsequent lung cancer incidence. We
observed 43 lung cancer cases over the nearly twenty years of follow‐up. Results showed that standardized measures of
IEAA were significantly associated with lung cancer incidence (HR: 1.50, P=3.4x10‐3). Furthermore, stratified Cox
proportional hazard models suggested that the association may be even stronger among older individuals (70 years or
above) or those who are current smokers. Overall, our results suggest that IEAA may be a useful biomarker for evaluating
lung cancer susceptibility from a biological aging perspective.

INTRODUCTION

also carries a high financial burden, costing the United
States about $12 billion, annually [3] and as a result,
prevention of lung cancer has become a key area of
focus in medical research. Decades of research has
identified smoking as the leading preventable cause of
lung cancer, for which it is estimated to contribute to
nearly 90% of all cases [4]. Lung cancer was an
exceedingly rare disease at the end of the 19th century.

Lung cancer is one of the most deadly of all cancers.
While lung cancer accounts for only 14% of cancer
incidence, it has an overall 5-year survival rate below
20% [1] and contributes to over a quarter of all cancer
deaths [2]. In 2012 alone, an estimated 1.6 million
people worldwide died from lung cancer. Lung cancer
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However, the growing popularity of smoking during the
20th century—particularly among males—gave way to
rapidly increasing lung cancer rates. Tobacco smoke
contains an array of chemicals, including a large number
of genotoxic carcinogens, with the potential to cause
mutations in essential genes, including those responsible
for regulating cellular growth [5]. Not surprisingly,
smoking history is the primary criterion used to decide
who should undergo lung cancer screening with low-dose
computed tomography (LDCT) [6].

Our previous work has shown that age acceleration
effects are highly heritable [11], which suggests they
could be capturing innate differences in the degree of
energy allocation for maintenance and repair, which in
turn influences the rate of physiological decline with
age. Thus individuals with naturally decelerated aging
rates may be less susceptible to exogenous toxins such
as cigarette exposure. In this context, we examined
whether intrinsic epigenetic age acceleration (IEAA)—
which refers to epigenetic age acceleration adjusted for
abundance measures of blood cell counts—predicts
development of lung cancer. Different from typical
epigenome wide association studies (EWAS), the
current study involves a single hypothesis based on
DNA methylation data: that a measure of epigenetic age
acceleration predicts incidence of lung cancer. We
hypothesize that variations in IEAA will account for
differential risk of lung cancer, especially among
current smokers and/or older adults (ages 70+), for
whom lung cancer susceptibility is the greatest.

In addition to smoking, chronological age is also a
strong predictor of lung cancer risk. Like many other
forms of cancer, lung cancer is considered an ageassociated disease whose incidence rises steeply over
the lifecourse, peaking around the seventh to eighth
decade of life [1]. The link between lung cancer and
age is hypothesized to arise in-part as a result of
increasing accumulation of unrepaired damage [7]
brought on by exposure to carcinogens, such as those
found in cigarette smoke, as well as the age-related
decline in immune system functioning [8] and increased
cellular senescence [9]. Nevertheless, the rate of these
changes significantly varies across individuals, and as a
result, chronological age may not be the best proxy of
the biological aging process underlying susceptibility to
lung cancer incidence. DNA methylation levels at CpG
dinucleotides may serve as a useful biomarker for
assessing aging-related lung cancer susceptibility.
Recently, we have developed a highly accurate
candidate biomarker of aging based on DNA
methylation (DNAm) levels [10], known as the
“epigenetic clock”, which can be used to measure the
age of human cells, tissues, and organs. Given that both
smoking is seen as a pro-aging factor, and that lung
cancer is an age-associated disease, a measure of
epigenetic age acceleration could provide information
about which individuals are at the highest risk of
developing lung cancer.

RESULTS
Sample characteristics
As shown in Table 1, the mean age of our samples at
baseline was 65.3 years (s.d.=7.1). Standardized IEAA
ranged from -4.3 to 8.5. Overall, approximately half of
our sample was non-Hispanic white (47.7%), just under
one-third (31.9%) were African American, and about 20%
were Hispanic. The majority of our sample reported never
smoking (54.4%), whereas 35.2% were former smokers,
and 10.4% were current smokers. The mean number of
pack-years for the full sample was 9.5 (s.d.=18.6), while
the number of pack-years was 19.4 among former
smokers and 25.9 among current smokers. Over the
approximately 20 years of follow-up, we observed 28,688
total person-years and a total of 43 lung cancer incidences
among the 2,029 participants in our sample.

Table 1. Sample Characteristics (N=2,029)
Variable
Standardized IEAA, Mean (S.D.)
Chronological Age, Mean (S.D.)
Non-Hispanic Black, Frequency (N)
Hispanic, Frequency (N)
Former Smoker, Frequency (N)
Current Smoker, Frequency (N)
Pack-Years Smoking, Mean (S.D.)
CHD Incidence, Frequency (N)
Lung Cancer Incidence, Frequency (N)
Person-Years, Total
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Statistic
0 (1)
65.34 (7.10)
0.32 (647)
0.20 (414)
0.35 (714)
0.10 (211)
9.53 (18.55)
0.31 (646)
0.021 (43)
28,688
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Figure 1. Smoking and age stratified barplots of standardized IEAA in cung cancer cases and controls.

The association between lung cancer and baseline IEAA
was first examined using Kruskal Wallis tests. Results
suggest that IEAA was significantly associated with
subsequent lung cancer incidence for the full sample
(P=9.7x10-4). Additionally, in smoking and age
stratified models (Figure 1), we found that IEAA was
significantly associated with lung cancer incidence
among current smokers (P=7.4x10-3), former smokers
(P=.039), and women in the oldest age group (70+)
(P=8.9x10-4). Results for current smokers and older
women remain significant even after adjusting for
multiple comparisons (Bonferroni P<8.3x10-3).

lung cancer (HR: 1.50; P=3.4x10-3). Results for agestratified models also showed that IEAA was more
predictive of lung cancer incidence in older compared to
younger age groups. For instance, among participants
who were ages 50-59 at baseline, there was no
association between IEAA and lung cancer incidence
(HR: 0.94; P=0.91). However among those 60-69 years
of age at baseline there was a marginal association (HR:
1.35; P=0.11) found, and among those 70-79 years old at
baseline there was a statistically significant association
between baseline IEAA and subsequent lung cancer
incidence (HR: 2.51; P=7.7x10-4), such that a one unit
increase in IEAA was associated with an over two and a
half fold increase in the risk of developing lung cancer.

Next we examined the associations using Cox
proportional hazard models, adjusting for age,
race/ethnicity, pack years, and smoking status. We
found that IEAA at baseline significantly predicted lung
cancer incidence (Table 2). The results using the full
sample showed that a one unit increase in IEAA was
associated with a 50% increase in the risk of developing

We used the results from our Cox models to calculate
Kaplan-Meier curves (lung cancer incidence) for
women ages 70-79. These curves were calculated
assuming 1) a chronological age of 75, 2) Non-Hispanic
white race/ethnicity, 3) current smoking status, and 4)
having 30 pack-years of smoking history. Three curves
were calculated, varying the level of baseline IEAA

IEAA predicts lung cancer incidence
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(standardized) so that it equaled -1, 0, and 1, respectively.
As shown in Figure 2, having a standardized IEAA level
equal to one greatly increased the likelihood of
developing lung cancer over twenty years of follow-up.
For instance, after ten years, only about 5% of individuals
in the negative age acceleration group (IEAA=-1) were
predicted to develop lung cancer, and after twenty-years
the number was only predicted to rise to about 10%. In
the average age acceleration group (IEAA=0), about
12%, and 25% of individuals were predicted to develop
lung cancer after ten and twenty years, respectively.
However, for women with positive age acceleration
(IEAA=1), it was predicted that after ten years almost
25% would develop lung cancer, and after twenty years,

over half would have developed lung cancer. When
examining these trends in younger groups as well, not
only was lung cancer risk lower overall, but IEAA did
not have as strong an effect on lung cancer incidence
(Figure 3). For instance, estimates suggest that among
those with negative age acceleration, the 10-year lung
cancer incidence would only be 0.5% for smokers age 55,
and 2% for smokers age 65. If they had average age
acceleration, the 10-year lung cancer incidence was
predicted to be only 1% for smokers age 55, and 4% for
smokers age 65. Finally, for those with positive age
acceleration, the 10-year lung cancer incidence was
estimated to be 2% for smokers age 55 and 8% for
smokers age 65.

Figure 2. Kaplan ‐Meier curves for 20‐year lung cancer incidence.

Table 2. Cox proportional hazard model of lung cancer, by age
Hazard Ratio (P-Value)
50-59
60-69

All Ages

70+

IEAA

1.50 (3.4x10 )

0.94 (0.91)

1.35 (0.11)

2.51 (7.7x10-4)

Age
Black
Hispanic
CHD
Former Smoker

1.09 (2.0x10-3)
0.87 (0.73)
1.25 (0.67)
0.64 (0.22)
2.22 (0.09)

1.45 (0.17)
1.12 (0.94)
0.90 (0.95)
0.00 (0.99)
2.39 (0.53)

1.11 (0.19)
0.64 (0.37)
0.72 (0.68)
0.61 (0.27)
2.35 (0.18)

1.26 (0.05)
1.88 (0.46)
6.53 (0.04)
0.90 (0.87)
2.02 (0.41)

Current Smoker

6.17 (3.8x10-4)

3.22 (0.44)

5.38 (0.02)

14.78 (3.2x10-3)

Pack Years
N
Events
Total Person-Years
R2

1.03 (1.7x10-7)
2,029
43
28,688
0.036

1.01 (0.56)
505
4
7,595
0.012

1.03 (1.1x10-4)
947
27
13,540
0.045

1.04 (2.1x10-3)
577
12
7,554
0.054

www.impactaging.com

-3

693

AGING, September 2015, Vol. 7 No.9

Next we examined the association between IEAA and
lung cancer incidence, stratified by smoking status, and
adjusting for chronological age, race/ethnicity, CHD, and
pack-years (except in the model for never smokers). We
found that overall, IEAA was most predictive in current
smokers, which also (as expected) was the group with the
highest incidence rate of lung cancer (5.9%). Our results
showed that for current smokers, a one unit increase in

standardized IEAA was associated with an over two-fold
increase in the risk of developing lung cancer (HR: 2.06;
P=6.1x10-3). For former smokers, who had a lung cancer
incidence rate of about 3%, epigenetic age only
marginally predicted lung incidence (HR: 1.40; P=0.11),
and finally for never smokers, who had an incidence rate
of only 0.7%, there was no association found (HR: 1.21;
P=0.60) between IEAA and lung cancer risk.

Figure 3. Predicted 10‐Year lung cancer incidence by age and IEAA

Table 3. Cox proportional hazard model of lung cancer, by smoking status
Hazard Ratio (P-Value)
Current Smokers

Former Smokers

Never Smokers

2.06 (6.1x10 )

1.41 (0.11)

1.21 (0.60)

Age

1.15 (0.02)

1.04 (0.31)

1.14 (0.03)

Black

0.69 (0.65)

0.86 (0.77)

1.17 (0.90)

Hispanic

2.06 (0.65)

0.00 (0.99)

6.79 (0.02)

CHD

0.53 (0.33)

0.38 (0.12)

1.52 (0.57)

1.04 (2.3x10-3)

1.02 (2.4x10-4)

N

211

714

1,104

Events

13

22

8

Total Person-Years

2,799

10,015

15,875

R2

0.122

0.037

0.008

IEAA

Pack Years
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Figure 4. Baseline IEAA by smoking status and pack‐years.

cancer susceptibility, particularly among individuals
exposed to high levels of cigarette smoke. Our results
indicated that having an aging acceleration rate that is
one standard deviation above the mean (standardized
IEAA=1) is associated with as a high as a 2.5-fold
increase in the risk of developing lung cancer. Given the
lethality of lung cancer, identifying susceptible
individuals early is essential.

IEAA & smoking history
Finally, to assess whether cigarette use increased IEAA,
we used the Kruskal Wallis test and biweight
midcorrelation to examine the association between IEAA
and both smoking status and pack-years. Barplots (Figure
4) showed no association between IEAA and smoking
status (p=0.58). Using biweight midcorrelation we also
examined whether higher pack-years of smoking was
associated with an increase in IEAA. Overall, we found a
positive but weak association when considering all
participants (bicor=0.043, p=0.053) and former smokers
(bicor=0.072, p=0.054) but no association among current
smokers (bicor=0.041, p=0.55).

Biomarkers which capture biological signals
representing susceptibility could aid both primary and
secondary prevention strategies for lung cancer by 1)
raising awareness and influencing positive behavioral
change among high-risk individuals, and 2) facilitating
targeted screening and prevention strategies [12]. LDCT
imaging aimed at early detection of lung cancer is a
promising prevention strategy; however, screening
criteria remains solely based on demographic and
behavioral characteristics, particularly smoking history
and age [6]. The use of high-dimensional omics markers
has the potential to inform eligibility criteria and
facilitate prevention. For instance, while we know that

DISCUSSION
We have shown that a blood based measure of
accelerated aging (IEAA) is a significant prognosticator
of lung cancer incidence in a multi-ethnic sample of
women. This suggests that IEAA may serve as a useful
marker of the aging-related decline that influences lung
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smoking status is the largest predictor of lung cancer,
and that the likelihood of incidence rises steeply with
age, significant variation after accounting for age and
smoking still exist. These differences may stem from
individual-level variations in the rate of physiological
alterations and system dysregulation that precede cancer
pathogenesis, and ultimately could reflect differences in
the rate of biological aging.

with accelerated aging. For instance, among individuals
who were epigenetically younger than expected (IEAA=1) it was predicted that 0.5% of smokers age 55, 2% of
smokers age 65, and 7.5% of smokers age 75 would
develop lung cancer over the next ten years. However,
among individuals who were epigenetically older than
expected (IEAA=1) it was predicted that 2% of smokers
age 55, 8% of smokers age 65, and 29% of smokers age
75 would develop lung cancer over the next ten years.
This likely ties back to the aging-dependent nature of
lung cancer. Middle-aged individuals with accelerated
aging phenotypes, may not have reached the point where
they are biologically old enough to increase their risk of
lung cancer incidence. On the other hand, older
individuals with accelerated epigenetic aging, may have
crossed the threshold that, under particular environmental
circumstances such as smoking, puts them at risk of
developing lung cancer. In vivo studies in mice showed
that there was no effect of Bin1 ablation on cancer
incidence in mice who were less than or equal to 12
months of age; however lung adenocarcinomas were
present in half of the mosaic mice who were 18 to 20
months of age [17]. Additionally, an in vivo study using
rats
showed
that
intravenously administered
rhabdomyosarcoma cells had increased colony forming
capacity in lung if administered to old (15-month) rather
than middle-aged (12-month) animals [18]. Together,
these findings suggest that lung cancer incidence may
results from exposure to endogenous carcinogens in the
presence of aging-associated epigenetic alterations. This
potential assumption is further supported by our
findings from smoking-stratified models where we
found a strong significant association between IEAA
and lung cancer among smokers, compared to an only
moderate association for former smokers and no
association for never smokers. Furthermore, smoking
status and pack-years was not associated with IEAA.
This suggests that IEAA does not mediate the
association between smoking and lung cancer, but
rather that IEAA may only influence lung cancer if a
person is a smoker. This could also mean that smoking
is a bigger risk-factor for people who have accelerated
aging phenotypes. If validated, this could be a useful
marker for targeting smoking cessation interventions.
Given that epigenetic age acceleration has been shown
to be highly heritable [11], these findings could signify
innate differences in susceptibility to endogenous
stressors. Large-scale multinational genome-wide
association studies (GWAS) of the genetic variation
associated with lung cancer initially found that the 5p15
and 15q25 regions were associated with risk of lung
cancer among smokers [19-24]. In moving forward, it
may be useful to determine if genetic loci which
influence lung cancer risk and longevity in smokers are
associated with differences in IEAA.

Aging is thought of as a time-dependent decline in
system functioning, putting the organism at increased
risk of death and disease [13]. Thus, under specific
environmental circumstances, aging could enable the
development of diseases such as lung cancer. There is
evidence suggesting aging and cancer are inherently
linked [14]. Cancer incidence is strongly agedependent—the majority of lung cancer incidences
occur among individuals who are 65 years or older [15].
There is speculation that both cancer and aging may
occur as a result of damage accumulation and genomic
instability, which if unresolved, can cause physiological
degradation and contribute to cancer cell formation [7].
Additionally, interventions such as caloric restriction,
which have been shown to retard aging in model
organisms, also appear to have strong effects on cancer
incidence, progression, and metastasis [16]. Together
this could be taken to suggest individuals who age at an
accelerated rate, have increased risk of cancer, including
lung cancer, compared to their slower aging peers.
The link between aging and cancer is consistent with
our results showing that participants who are
epigenetically older have a higher incidence of lung
cancer. Our model predicted that only 5% of older
smokers with negative age acceleration (standardized
IEAA equal to -1) would develop lung cancer over the
following ten years, compared to 12% of older smokers
with average age acceleration (IEAA=0), and 25% of
older smokers with positive age acceleration
(standardized IEAA equal to 1). We also showed that
the ability for IEAA to predict lung cancer was
strongest among individuals ages 70 and older. A one
unit difference in IEAA was associated with a 2.5-fold
increase in lung cancer among individuals ages 70+,
compared to an only 50% increase when considering the
entire 50+ year old sample. The ability of IEAA to
predict lung cancer among the oldest age group is most
likely due to the fact that this is the age group for whom
lung cancer risk is the greatest. In the U.S., incidence of
lung cancer has been shown to peak around ages 75 to
79—with 80% of lung cancer mortality occurring in
individuals ages 65 and older, and 20% occurring in
those who are 80 years or older [15]. Our results also
show that lung cancer is most common in the oldest age
groups and that this is particularly true among those
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METHODS

Our study has several limitations which need to be
acknowledged. First, our small number of lung cancer
cases (n=43) prevented us from further stratifying our
models (e.g. looking at the effect of IEAA in 70+ year
old current smokers). Thus, validation of our findings in
independent samples remains an important next step for
understanding the relationship between IEAA and lung
cancer. Second, our study was restricted to females who
have lower rates of smoking and lung cancer compared
to males in the U.S. Nevertheless, exposure to secondhand smoke could contribute to higher rates of lung
cancer among non-smokers in our female-only sample,
compared to a male-only sample. Third, we did not
have data on histological subtype, or stage of lung
cancer at diagnosis. Fourth, due to the sampling
procedures, our-time to event analysis could be biased
given that inclusion in the sample is dependent upon
survival to 2010. Nevertheless, we also conducted
analysis using logistic regression models and ran Cox
models excluding cases diagnosed within 1, 3, and 5
years of baseline. Both procedures produced analogous
results to what was reported.

Sample description. Participants included a subsample
of 2,029 participants of the Women's Health Initiative
(WHI) study, a national study that began in 1993, which
enrolled postmenopausal women between the ages of
50-79 years [30]. Women who were ineligible to
participate in the trials or who chose not to be
randomized were invited to participate in the
observation arm of the study. Participants selected for
this study were part of an integrative genomics study
with a primary aim of identifying novel genomic
determinants of CHD. Thus, a case-control sampling
design was adopted. All cases and controls were
required to have already undergone genome wide
genotyping at baseline as well as profiling of seven
cardiovascular biomarkers as dictated by the aims of
other ancillary WHI studies. The study design also
resulted in oversampling of African American and
Hispanics.
Smoking status. Smoking history was assessed at
baseline from self-reports. Participants were first asked
whether or not they had smoked at least 100 cigarettes
in their lifetime. Those reporting ‘no’ to this question
were classified as never smokers. Women reporting that
they had smoked at least 100 cigarettes in their lifetime
were then asked whether they smoked cigarettes now.
Those who answered ‘yes’ were classified as current
smokers and those who answered ‘no’ were classified as
former smokers. Additionally, our study also utilized a
variable for pack-years of smoking, which was based on
current and former smokers’ self-reports of the number
of years they actively smoked, as well as the average
number of cigarettes smoked per day.

The epigenetic clock has been shown to predict other
aging-related outcomes, such as all-cause mortality
[25], and cognitive and physical functions [26]. Further,
it was used to show that 1) Down syndrome is
associated with accelerated aging effects [27], 2) the
cerebellum ages slowly [28], and 3) that the blood of
subjects with a severe developmental disorder ages
normally [29]. However, to the best of our knowledge,
our study is the first to show its ability to predict future
onset of lung cancer. Given that lung cancer has the
highest cancer mortality rate, identifying susceptibility
markers has the potential to extend life expectancy and
improve quality of life through early detection and
diagnosis. Our study demonstrates that a surrogate
tissue (blood) lends itself for detecting accelerated
aging effects that predispose the malignant
transformation of other tissues (such as lung).
Currently, we don't have any evidence that epigenetic
aging effects in blood tissue lend themselves for
prognostication of other kinds of cancers. If IEAA is
found to be causal, rather than a byproduct of another
causal pathway in lung cancer, alteration in CpG
methylation could prove to be an effective method for
preventing lung cancer among at-risk populations.
Further, investigating this association in other
populations (especially males) to establish whether lung
cancer susceptibility loci operate through IEAA, and to
determine whether interventions that modify
methylation can decrease lung cancer risk, represent
important next steps.
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Lung cancer incidence. Incident lung cancer cases were
defined as either the first occurrence of lung cancer or a
death due to lung cancer. Incidences were self-reported
during annual health updates. Additionally, medical
records were used to verify lung cancer incidence after
being reviewed by physician adjudicators [31].
Characteristics of lung cancer were coded in accordance
with the International Classification of Diseases for
Oncology
(ICD-O_2)
from
the
Surveillance
Epidemiology and End Result (SEER) [32]. National
Death Index searches were performed to improve
mortality ascertainment and lung cancer mortality was
also verified via review of death certificates. Persondays for lung cancer incidence—which we converted to
person-years, using precision to four decimal places—
was also recorded by the WHI. Finally, participants
with no reported lung cancer incidence or death were
censored and the number of days (converted to years)
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between baseline and their last day of observation in the
WHI was set as their observation time.

For IEAA, a positive value indicates that DNA
methylation age is higher than expected given the
individual’s chronological age (accelerated aging),
whereas a negative value indicates that DNA
methylation age is lower than expected given the
individual’s chronological age (decelerated aging).
Statistical analysis. Kruskal Wallis tests were used to
initially examine the association between IEAA at
baseline and subsequent lung cancer incidence. Next,
Cox proportional hazard models were used to test
whether differences in IEAA predicted incidence of
lung cancer. These models were run on the full sample
of participants—adjusting for age, race/ethnicity, CHD
status, pack-years and smoking status (never, former,
current)—and stratifying by 1) 10-year age groups (5059, 60-69, 70-79) and 2) smoking status. Based on these
models, we calculated predictive probabilities for 10year incidence of lung cancer based on IEAA. We
adjusted for CHD status, given that it was an important
inclusion criteria when the pilot sample was selected.

DNA methylation data from blood. Methylation
analysis was performed at HudsonAlpha Institute of
Biotechnology using the Illumina Infinium HumanMethylation450 BeadChip. The Illumina BeadChips
measures
bisulfite-conversion-based,
single-CpG
resolution DNA methylation levels at 485577 different
CpG sites in the human genome. These data were
generated by following the standard protocol of
Illumina methylation assays, which quantifies
methylation levels by the β value using the ratio of
intensities between methylated and un-methylated
alleles. Specifically, the β value is calculated from the
intensity of the methylated (M corresponding to signal
A) and un-methylated (U corresponding to signal B)
alleles, as the ratio of fluorescent signals β = Max(M,0)
/ [Max(M,0) + Max(U,0) + 100]. Thus, β values range
from 0 (completely un-methylated) to 1 (completely
methylated) (Dunning, 2008).
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Intrinsic Epigenetic Age Acceleration (IEAA) in blood.
We used the 353 CpGs and coefficient values reported
in [11] to define DNAm age. These CpGs and
coefficient values were chosen in independent data sets
by regressing age on CpGs using the elastic net
penalized regression model (implemented in the R
package glmnet) [33]. DNAm age is defined as
predicted age, in years.
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Based on DNAm age, one can define several epigenetic
measures of age acceleration, e.g. one can regress
DNAm age on chronological age and form residuals.
However, the resulting measure may still show some
relationship to blood cell counts. Instead, we focus here
on a measure of intrinsic epigenetic age acceleration
(IEAA) where the term “intrinsic” implies that it is
unconfounded by differences in blood cell types.
Measures of IEAA are attractive for this study since
they measure pure, unconfounded epigenetic aging
effects, rather than measuring the age-related functional
decline of the immune system—in blood cell
composition such as the decrease of naive CD8+ T
cells and the increase in memory or exhausted CD8+ T
cells [34-37]. This measure, which is also known as
"age acceleration adjusted for blood cell counts" and
denoted by AAHOAdjCellCounts in our software, is
defined as residual resulting from regressing DNAm
age on chronological age and seven measures of blood
cells counts including: naive CD8 T cells, exhausted
CD8 T cells, plasma B cells (effector B cells), CD4 T
cells, natural killer cells, monocytes, and granulocytes.
The abundance measures of blood cells were imputed
based on DNA methylation data as described in [38].
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Abstract: We previously reported the unusual case of a teenage girl stricken with multifocal developmental
dysfunctions whose physical development was dramatically delayed resulting in her appearing to be a toddler or at best a
preschooler, even unto the occasion of her death at the age of 20 years. Her life‐long physician felt that the disorder was
unique in the world and that future treatments for age‐related diseases might emerge from its study. The objectives of our
research were to determine if other such cases exist, and if so, whether aging is actually slowed. Of seven children
characterized by dramatically slow developmental rates, five also had associated disorders displayed by the first case. All
of the identified subjects were female. To objectively measure the age of blood tissue from these subjects, we used a
highly accurate biomarker of aging known as "epigenetic clock" based on DNA methylation levels. No statistically
significant differences in chronological and epigenetic ages were detected in any of the newly discovered cases.
Our study shows that a) there are multiple children who maintain the façade of persistent toddler‐like features while aging
from birth to young adulthood and b) blood tissue from these cases is not younger than expected.
As the result of her persistent “toddler-like” appearance,
she received extensive notoriety from the media, and
was featured as the “girl who doesn’t age” in press
articles and television broadcasts [3-6]. Dr. Lawrence
Pakula, the pediatrician who cared for her from birth
described his patient’s strange affliction, that did not fit
any disease category, as an “unknown syndrome” later
to be called “syndrome X” [5]. While the word
syndrome accurately describes a group of symptoms
that collectively indicate or characterize a disease,
Pakula was also quoted as saying that “there’s no one
else like her in the world". While most of the individual
defects she experienced are not uncommon in many
children, it was her retaining toddler-like features while
aging from birth to young adulthood that made the case

INTRODUCTION
We previously reported the unusual case of a teenage
girl
stricken
with
multifocal
developmental
dysfunctions including bilateral hip dislocations,
abnormal brain development, tracheomalacia, gastrointestinal disorders and dysmorphic features [1, 2]. In
addition to these problems, her physical and functional
development was dramatically delayed resulting in her
appearing to be a toddler or at best a preschooler, even
unto the occasion of her death at the age of 20 years
(Figure 1). Her developmental rate, albeit significantly
delayed, continued nonetheless. But the extremely slow
rate of change gave the impression that she was not
aging at all.
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particularly unusual. Even children with growth
retardation or failure to thrive exhibit maturation of
facial and other physical/functional features with
passage of time, indicating that their developmental
program is still functional. In contrast, the peculiar trait
of the first case suggested that her rate of aging was
dramatically delayed or even arrested. If so, then
perhaps an etiological understanding of her pathology
might lead to novel treatments for age related diseases
[2, 6].

delay and related complications responded to the
broadcasts covering the first case seeking help from Dr.
Walker. The parents of subjects described in this study
volunteered to participate because one of their children
was diagnosed with clinical symptoms comparable to
those of our first case. Ethical review of this study was
conducted and approved by the UCLA IRB on April 30,
2014 (IRB#14-000140, "Genetic and epigenetic study
of children with severely delayed development or
aging").

The objectives of this study were two-fold. The first was
to determine if other such cases of syndrome X actually
exist and thus might represent a novel syndrome. Then,
because the case’s appearance remained that of a toddler
despite the passage of time, our second objective was to
determine if there was any evidence that the arrested
development in such children is linked to a slowing down
of aging at the molecular level.
Objectively measuring the age of tissue such as blood
poses a significant methodological and conceptual
challenge since it is debatable whether known causes of
cellular senescence such as telomere length represent
tissue, much less organismal aging [7-10]. We recently
developed a biomarker of aging called epigenetic clock
that is based upon DNA methylation (DNAm) levels
[11]. The epigenetic clock is currently the preferred
biomarker of organismal aging because a) it is more
strongly correlated with chronological age than previous
biomarkers including telomere length [12, 13], b) it is
prognostic of all-cause mortality in later life [14], and c)
it correlates with measures of physical and mental
fitness in older age [15]. The utility of the method has
been demonstrated in recent case studies, e.g. a) obesity
accelerates epigenetic aging in liver tissue [13], b)
trisomy 21 (Down syndrome) accelerates epigenetic
aging [16], c) HIV infection accelerates epigenetic age
[22], and d) the cerebellum ages slowly [23].

Figure 1. Photographs of the first case at various ages.
(A) 5 years old, (B) 10 years old, (C) 11 years old, (D) 15 years
old. Note that only minimal changes in physical appearance
can be observed during the transition from childhood to
adolescence. The case was not part of this study. Credits:
Reproduced with kind permission from the publisher of [1].

Each family provided detailed information to allow
verification that their child’s condition was in fact,
similar to those reported for the first case. As expected,
the majority of respondents had children with
developmental delay easily attributable to known
factors. These families were excluded from the study.
On the other hand, several subjects were identified as
potential candidates for further study after careful
review of their medical and family records (such as
written descriptions, diaries, and pictures). Like the first
case, all failed to grow even when provided with
hormone replacement or hypercaloric diets and
appeared to be significantly younger than their
chronological ages. They were also afflicted with
similar neurological, gastrointestinal, cardiac, and
orthopedic problems suggesting that their clinical
conditions might actually represent a novel syndrome.

RESULTS
Here we applied the epigenetic clock method to assess
the epigenetic age of blood tissue from 7 syndrome X
cases and n=106 controls (total n=113) as described in
the following.
Selection of cases and controls
The first case who passed away at the age of 20 due to
respiratory complications [17], was not part of this
epigenetic study. To achieve our study objectives, we
first needed to determine whether the clinical condition
of the first case was indeed unique in the world. Many
families with children suffering from developmental
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Figure 2. Photographs of one of the cases in the current study at various ages. (A) 2.5 years old, (B) 4 years old,
(C) 6 years old next to her 9 year old sister. Note that only minimal changes in physical appearance can be observed.

The following criteria were used for inclusion in the
study. Except for the first two which were required, all
subjects met a majority of the remaining criteria
although differing to some degree in severity.

present as toddlers or pre-schoolers at an inappropriate
age. However, five suspected cases met the stringent
inclusion criteria and presented no evidence of
chromosomal abnormalities according to a karyotype
and microarray-based comparative genomic hybridization (CGH) analysis. We consider these five female
subjects aged 2.3, 2.5, 5.8, 9.6, and 11.3 years as
representing “pure” cases of syndrome X. Apparent
lack of physical maturation in one of these children is
shown in Figure 2. While two of the 20 suspected cases
did not meet all of the syndrome X criteria, we studied
them as well because they displayed strikingly delayed
aging, atypical of their diagnosed syndromes. These
included a 5.5 year old girl with Turner syndrome
(Ring-X) and a 25.3 year old woman with trisomy 21
(Down syndrome). The fact that the Down syndrome
(DS) case failed to develop/age in a typical fashion is
interesting since DS subjects arguably exhibit several
clinical manifestations of accelerated aging including
early onset Alzheimer's disease [18-20].

1.
Physical appearance and developmental
characteristics of an infant/toddler despite chronological
ages normally associated with more mature features.
2.
Retarded growth rate of height standard
deviation score (SDS) more than 3 SDS below the mean
for chronological age and sex; failure of hormonal
and/or dietary interventions intended to overcome the
deficit.
3.
Dysmorphic features,
4.
Club feet and hip dislocations,
5.
Brain abnormalities including but not limited to
agenesis of corpus callosum, pachygyria, lissencephaly
and polymicrogyria,
6.
Minimal cognitive development, lack of
speech, visual and/or hearing defects,
7.
Laryngotracheomalacia and reactive airway
disease,
8.
Gastrointestinal developmental disorders and
swallowing dysfunction often requiring G-tube for
feeding.

Epigenetic age analysis
Epigenetic age was calculated using the epigenetic
clock method/software described in Methods and in
[11]. DNAm age of blood was highly correlated with
chronological age in all subjects (r=0.98; Figure 3A)
and in subjects younger than 12 years (r=0.92; Figure
3B), which validates the high accuracy of this
biomarker of aging. Surprisingly, we did not find any
evidence that blood tissue from the five pure syndrome
X subjects was younger than expected based on their
chronological age (Figure 3C, D). The mean DNAm age
of the five pure syndrome X subjects was 6.7 years
(standard error=1.0) which is not significantly different

Apart from seven families with potentially affected
children, we also included five “control” families with
children whose ages were comparable to those of the
study subjects. We also included 62 unrelated healthy
control subjects aged between 35 and 61.
Thirteen of twenty suspected syndrome X children did
not meet the stringent inclusion criteria because they
exhibited growth problems of known etiology or did not
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from the mean chronological age of 6.3 years (standard
error=1.8). Notably, the oldest pure syndrome X case
had a DNAm age of 14.5 years which was 3.2 years
older than her true chronological age. The DNAm age
of the case with Turner syndrome was 1.5 years older
than her chronological age (5.5) which was well within
the margin of error. The case with Down syndrome and
syndrome
X-like
developmental
characteristics
exhibited a DNAm age of 31.2 years which was 6 years
older than her chronological age. The results for this DS

subject are congruent with those from a recent study
[16] that demonstrated that DS subjects exhibit
accelerated epigenetic aging effects.
The small sample size did not provide sufficient
statistical power for detecting any obvious abnormalities
in the DNA methylation profiles. No statistically significant epigenetic markers (CpGs) were found after correcting for multiple comparisons. None of the CpGs were
significant at a false discovery rate threshold of 0.05.

Figure 3. Epigenetic age versus chronological age and disease status. The first row (A,B) shows scatter plots
between chronological age (x‐axis) and DNAm age (y‐axis) in (A) all subjects and (B) in subjects younger than or equal to
12. Red triangles indicate the pure syndrome X subjects. The blue cross and the orange diamond correspond to the
Down syndrome and Turner syndrome case, respectively. The dashed black line corresponds to a regression line
through control subjects. Note that the red triangles do not lie below the regression line, i.e. there is no evidence that
these subjects are younger than expected. For each subject, a measure of epigenetic age acceleration was defined as
vertical distance between the corresponding point and the regression line in the scatter plot. (C,D) Mean epigenetic age
acceleration (y‐axis) versus disease status in (C) all subjects and (D) younger subjects, respectively. By definition, the
mean age acceleration measure in controls is zero. The title of the bar plots also reports a p‐value from a non‐
parametric group comparison test (Kruskal Wallis test). Each bar plot depicts the mean value and 1 standard error.
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analysis. Genomic DNA was extracted and purified
using the RecoverEase DNA Isolation Kit (Agilent
Technologies, La Jolla, CA, USA). Bisulfite conversion
using the Zymo EZ DNA Methylation Kit
(ZymoResearch, Orange, CA, USA) as well as subsequent hybridization of the Human Methylation450K
Bead Chip (Illumina, SanDiego, CA), and scanning
(iScan, Illumina) were performed according to the
manufacturers protocols by applying standard settings.
DNA methylation levels (β values) were determined by
calculating the ratio of intensities between methylated
(signal A) and un-methylated (signal B) alleles.
Specifically, the β value was calculated from the
intensity of the methylated (M corresponding to signal
A) and un-methylated (U corresponding to signal B)
alleles, as the ratio of fluorescent signals β =
Max(M,0)/[Max(M,0)+Max(U,0)+100]. Thus, β values
ranged from 0 (completely un-methylated) to 1
(completely methylated). We used background
corrected beta values that result from the BeadStudio
software (version 3.2).

DISCUSSION
We identified five new cases whose clinical
presentations were similar to the first case. Prior
screening eliminated any of the recognized causes of
developmental delay and selected subjects also retained
youthful facial and structural/functional features
atypical of children suffering growth retardation of
known etiology. As with the first case, the newly
discovered cases lacked any obvious genetic problems
according to karyotype and a microarray comparative
genome hybridization analysis. Thus, while extremely
rare, the first case described was not unique in the
world. Furthermore, since such children require
extensive medical care to survive, especially during the
first years after birth, it may be that most succumb
before ever being diagnosed. While the protocol did not
mandate gender selection/preference, all subjects were
female. It is not known whether this occurrence was
due to chance alone or is a sex linked aspect of the
putative syndrome. According to the epigenetic clock
method, blood tissue from these cases is age
appropriate. These findings are consistent with
leukocyte telomere measurements in our first case [1].
Incidentally, leukocyte telomere length captures
another dimension of aging and is at best weakly
correlated with DNAm age after correcting for
chronological age [12, 13].

Estimation of DNAm age using the epigenetic clock
method. Statistically speaking, the epigenetic clock is a
prediction method of age based on the DNAm levels of
353 CpGs dinucleotides. Predicted age, referred to as
DNAm age, correlates with chronological age in sorted
cell types (CD4 T cells, monocytes, B cells, glial cells,
neurons) as well as in tissues and organs including
whole blood, brain, breast, kidney, liver, lung, saliva
[11]. Mathematical details and software tutorials for the
epigenetic clock can be found in the Additional files of
reference [11]. An online age calculator is provided at
our webpage [21].

Our results demonstrate that despite the clinical
appearance of delayed maturation in children afflicted
with syndrome X, the epigenetic clock indicates that the
rate of development in blood and perhaps other tissues is
normal. Thus, while we cannot exclude tissue-specific
ageing as causal in syndrome X, the current findings
suggest that the observed delay in whole body
development results from other, yet undiscovered factors.
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Abstract: Studies that elucidate why some human tissues age faster than others may shed light on how we age, and
ultimately suggest what interventions may be possible. Here we utilize a recent biomarker of aging (referred to as epigenetic
clock) to assess the epigenetic ages of up to 30 anatomic sites from supercentenarians (subjects who reached an age of 110 or
older) and younger subjects. Using three novel and three published human DNA methylation data sets, we demonstrate that
the cerebellum ages more slowly than other parts of the human body. We used both transcriptional data and genetic data to
elucidate molecular mechanisms which may explain this finding. The two largest superfamilies of helicases (SF1 and SF2) are
significantly over‐represented (p=9.2x10‐9) among gene transcripts that are over‐expressed in the cerebellum compared to
other brain regions from the same subject. Furthermore, SNPs that are associated with epigenetic age acceleration in the
cerebellum tend to be located near genes from helicase superfamilies SF1 and SF2 (enrichment p=5.8x10‐3). Our genetic and
transcriptional studies of epigenetic age acceleration support the hypothesis that the slow aging rate of the cerebellum is due
to processes that involve RNA helicases.
INTRODUCTION
[5-14]. Several recent studies propose to measure
accelerated aging effects using DNA methylation levels
[15-20]. While previous epigenetic age predictors apply
to a single tissue, our recently developed "epigenetic
clock" (based on 353 dinucleotide markers known as
Cytosine phosphate Guanines or CpGs) applies to most
human cell types, tissues, and organs [19]. Predicted age,
referred to as DNA methylation age, correlates with
chronological age in sorted cell types (CD4 T cells,
monocytes, B cells, glial cells, neurons), tissues and
organs including whole blood, brain, breast, kidney, liver,

Since it is difficult to study what one cannot measure,
the development of suitable measures of biological age
has been a major goal of gerontology [1, 2]. Many
biomarkers of aging have been studied ranging from
telomere length [3, 4] to whole-body function such as
gait speed. DNA methylation (DNAm) levels are
particularly promising biomarkers of aging since
chronological age (i.e. the calendar years that have
passed since birth) has a profound effect on DNA
methylation levels in most human tissues and cell types
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lung, saliva [19], and even prenatal brain samples [21].
The epigenetic clock is an attractive biomarker of aging
for the following reasons: a) it is more highly correlated
with chronological age than previous biomarkers [22,
23], b) it applies to most tissues, cell types, and fluids that
contain human DNA (with the exception of sperm), c) it
relates, to some extent, to biological age since DNAm
age of blood is predictive of all-cause mortality even after
adjusting for chronological age and a variety of known
risk factors [24]. Similarly, markers of physical and
mental fitness are also found to be associated with the
epigenetic age of blood (lower abilities associated with
age acceleration) [25]. Perhaps the most exciting feature
of the epigenetic clock is the prospect of using it for
comparing the ages of different tissues and cell types
from the same individual [19]. While the mathematical
algorithm lends itself for contrasting the ages of different
tissues, it remains an open research question whether the
results are biologically meaningful. To provide empirical

data for addressing this question, we proceed with all due
caution in this study.

RESULTS
We had previously shown that tissues from the same
middle aged individuals exhibit similar DNAm ages
[19] and additional data from the public domain confirm
this result (Figure 1). But it is not yet known whether
some tissues collected from centenarians - and
particularly supercentenarians appear to be younger
than the rest of the body, which would indicate that they
are better protected against aging. Here we assess the
epigenetic ages of an unprecedented number of tissues
(up to 30 tissues) from supercentenarians and younger
controls. An overview of our data sets is presented in
Table 1. Apart from three novel DNA methylation data
sets, we also analyzed three publicly available data sets.

Figure 1. DNA methylation ages of various tissues from four middle‐aged individuals. Here we use data set 4
(Lokk, et al; 2014) to assess the tissue ages of 4 subjects (each of which corresponds to a different panel and person
identifier such as BM419.9). Bars report the DNAm age in the corresponding tissue. The red horizontal line reports the
chronological age. These plots confirm that tissues from the same middle aged individuals exhibit similar DNAm ages.
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Figure 2. Epigenetic age acceleration in various brain regions. (a) Scatter plot relating the DNAm age of each brain
sample (y‐axis) versus the corresponding chronological age (x‐axis). Points are colored by brain regions (e.g. turquoise for
cerebellum) as indicated in (b‐h). Linear regression lines through cerebellar samples and non‐cerebellar samples are
colored in turquoise and red, respectively. Note that cerebellar samples (turquoise points) exhibit a lower rate of change
(i.e. slope of the turquoise line) than non‐cerebellar samples. In the scatter plots, circles and squares correspond to brain
regions from Alzheimer's disease subjects and controls, respectively. Scatter plots show (b) cerebellar samples only, (c)
frontal lobe, (d) hippocampus, (e) midbrain, (f) occipital cortex, (g) temporal cortex, and (h) remaining brain regions,
which include caudate nucleus, cingulate gyrus, motor cortex, sensory cortex and parietal cortex. The subtitle of each
scatter plot reports a Pearson correlation coefficient and corresponding p‐value. Epigenetic age acceleration was defined
as the vertical distance of each sample from the red regression line in (a). (i‐l) Age acceleration versus brain region in
different age groups as indicated in the respective titles. Cerebellar samples tend have the lowest (negative) age
acceleration (turquoise bars) followed by occipital cortex (blue bars). Each bar plot depicts the mean value and one
standard error and reports a non‐parametric group comparison test p‐value (Kruskal Wallis Test).

Epigenetic age (referred to as DNAm age) was
calculated as described in [19] from human samples
profiled with the Illumina Infinium 450K platform. As
expected, DNAm age has a strong linear relationship
with chronological age in brain tissue samples (Figure
2a-h). We did not find a relationship between Alzhei-
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mer's disease (AD) and age acceleration in these
samples from older subjects, which is why we ignored
disease status in the analysis. Strikingly, the DNAm age
of cerebellar samples exhibits a lower rate of change with
age than non-cerebellar samples (as can be seen by
comparing the turquoise line with the red line in Figure
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2a,b). To formally measure age acceleration effects, we
defined age acceleration as the residual resulting from a
linear model that regressed DNAm age against
chronological age in non-cerebellar brain sample. Thus,
a tissue sample that exhibits negative age acceleration
appears to be younger than expected based simply on
chronological age.

independent validation data sets (Figure 5).
Comprehensive tissue analysis of a supercentenarian
To study age acceleration effects in non-brain tissues as
well, we profiled a total of 30 tissues of a 112 year old
woman (Figure 3a) who is described in Methods. We
generated at least 2 replicate measurements per tissue
and found that replicate age estimates are highly
reproducible (r=0.71, Figure 4). Interestingly, the
cerebellum exhibited the lowest (negative) age
acceleration effect compared to the remaining 29 other
regions. In contrast, bone, bone marrow, and blood
exhibit relatively older DNAm ages. Given that bone
appears to be older than other parts of the body, it is
worth mentioning that our novel data demonstrate that
the epigenetic clock applies to bone samples (largely
comprised of osteocytes/osteoblasts) as well (Figure 6).
To understand why the cerebellum evades epigenetic
aging, we turned to transcriptional and genetic data.

All brain regions have similar DNAm ages in subjects
younger than 80 (Figure 2i), but brain region becomes
an increasingly significant determinant of age
acceleration in older subjects (as can be seen from the
Kruskal Wallis test p-values in Figure 2i-l).
Note that the cerebellum and to a lesser extent the
occipital cortex exhibit negative epigenetic age
acceleration in the oldest old (Figure 2k), i.e. these brain
regions are younger than expected. These results can
also be observed by focusing on six individual
centenarians (Figure 3) and when evaluating two

Figure 3. Epigenetic age acceleration in tissues from individual centenarians. (a) Mean DNAm age
acceleration per tissue (y‐axis) for the 30 tissues and organs collected from a 112 year old woman. (b‐f) Age
acceleration in brain regions of 5 additional centenarians (whose age is in the title). Age acceleration here is defined
relative to age of non‐cerebellar brain samples as indicated by the red regression line in Figure 2a. Bars corresponding
to different brain regions are colored as in Figure 2. For each of the six centenarians, cerebellar samples (turquoise
bars) take on the lowest (negative values). Each bar plot reports the mean value and one standard error. Number of
replicate measurements for each tissue was two except for bone and bone marrow, which were four.
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Table 1. Overview of the DNA methylation datasets. The rows correspond to the datasets used in this
article. Columns report the tissue source, DNA methylation platform, number of subjects, access
information and citation and a reference to the use in this text.
Tissue
source

Platform

No.
arrays

No.
subjects

No.
females

Mean Age
(range)

GEO/ArrayEx
press ID

Citation

Figure

1. Brain

Illumina
450K

260

39

19

73 (15, 114)

GSE64509

Current
article

2

2.
Multiple
tissues

Illumina
450K

64

1

1

112

GSE64491

Current
article

3,4

3. Bone

Illumina
450k

48

48

46

78 (49-104)

GSE64490

Current
article

6

4.
Multiple
tissues

Illumina
450K

70

4

1

52 (40, 6)

GSE50192

Lokk 2014

1

5. Brain+
blood

Illumina
450K

531

122

72

85 (40,105)

GSE59685

Lunnon
2014

5

6. Brain

Illumina
450K

87

46

16

62 (25,96)

GSE61431

Pidsley
2014

5

Table 2. Functional enrichment of differentially expressed genes in the cerebellum compared to pons, frontal
cortex and temporal cortex.
Category

Term

DAVID
n

FE

P Bonf.

GWAS
MAGENTA
CRBM
P-value

nuclear lumen (GO:0031981)
nucleoplasm (GO:0005654)
nucleolus (GO:0005730)
spliceosome (GO:0005681)
transcription (GO:0006350)
mRNA processing (GO_0006397)

202
125
101
32
265
55

2.5
2.5
2.6
4.4
1.9
3.4

6.0x10-35
2.4x10-20
1.7x10-16
2.2x10-9
9.5x10-26
1.4x10-12

1.6x10-3
0.018
0.014
0.29
0.15
0.38

chromatin modification (GO:0016568)

55

3.1

4.5x10-10

0.026

-7

0.040

1239 transcripts over-expressed in cerebellum
Cellular
Compartment

Biol. Process

Molecular F.
INTERPRO

RNA binding (GO:0003723)

93

1.9

7.1x10

helicase activity (GO:0004386)

31

3.3

8.5x10-6

3.0x10-3

DEAD-like helicase, N-terminal (IPR014001)

31

4.4

9.2x10-9

5.8x10-3

39
49
19

3.1
2.7
6.5

2.2x10-6
2.4x10-6
9.6x10-7

0.50
0.030
0.54

808 under-expressed in cerebellum
Biol. Process

synaptic transmission (GO:0007268)
neuron differentiation (GO:0030182)
neuron projection development (GO:0010975)
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Characterizing gene transcripts that are over/under
expressed in cerebellum
Using gene expression data from multiple brain regions
of the Gibbs [26] data set (GSE15745), we identified
1239 gene transcripts that were significantly over
expressed in cerebellum compared to the pons, temporal
cortex and frontal cortex from the same subjects at a
false discovery rate (FDR) of 0.05. The results of a
functional enrichment analysis with the “Database for
Annotation, Visualization and Integrated Discovery”
(DAVID, v6.7) [27] can be found in Table 1. The 1239
over-expressed genes are highly enriched with genes
that are located in the nucleus and are known to play a
significant role in gene transcription, mRNA
processing, RNA splicing and chromatin modifications.

Figure 4. Reproducibility of DNAm age in the 112 year old
supercentenarian. For each of the 30 tissues of the supercente‐
narian, we assessed at least two replicates (two independent
DNA extractions for distant regions of the same tissue).

Figure 5. Epigenetic age acceleration in two multi‐tissue data sets. The first column (a, c) report
results for samples from data set 5 [42]. The last column (b, d) reports findings for data set 6 [43]. (a‐b)
Scatter plots relating the DNAm age of each sample (y‐axis) versus the corresponding chronological age
(x‐axis). Linear regression lines through cerebellar samples and non‐cerebellar samples are colored in
turquoise and red, respectively. Note that cerebellar samples (turquoise points) tend to lie below non‐
cerebellar samples. (a) Squares, circles, and triangles correspond to samples from controls, AD, and
mixed dementia subjects, respectively. (b) Squares and circles corresponds to controls and
schizophrenia subjects, respectively. (c) The barplots depict the mean DNAmAge (y‐axis) versus tissue
type for all subjects from panel A for whom all 5 tissue types (including whole blood) were available. (d)
Analogous plot for all subjects from data set 6 for whom both brain regions were available.
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Thirty one of these over-expressed genes are involved in
helicase activity (Bonferroni corrected p-value=8.5x10-6).
RNA and DNA helicases are considered to be enzymes
that catalyze the separation of double-stranded nucleic
acids in an energy-dependent manner often coupled to
ATP hydrolysis. However RNA helicases can function in
other roles such as RNA folding, ribosome biogenesis,
anchoring of substrates to form ribonucleoprotein
complexes as well as disruption of RNA-protein
complexes [28]. Helicases have been classified into six
superfamilies (SF1-SF6)[29, 30]. We find that the two
largest superfamilies (SF1 and SF2) are over-represented
among the 1239 gene transcripts (p=9.2x10-9) with
enrichment of genes with helicase or ATP binding
domains including DEAD/DEAH box domains
(IPR014001). Specifically when we considered genes
listed on rnahelicase.org that are involved in pre-mRNA
splicing (AQR, SNRNP200, DHX8, DHX15, DHX16,
DHX38, EIF4A3, DDX39B, DDX3X, DDX3Y, DDX5,
DDX23, DDX42 and DDX46), seven of these 14 (AQR,
SNRNP200, DHX16, DHX38, DDX5, DDX42 and
DDX46) are significantly overexpressed in cerebellum
compared to cerebral cortex (p = 1.28x10-5).

keeping the cerebellum young, we tested whether the
gene categories from Table 2 show enrichment for
SNPs that relate to epigenetic age acceleration in
cerebellum. The MAGENTA approach [31] was used to
test whether the sets of functionally related genes in
Table 2 are enriched for SNP associations with
epigenetic age acceleration in cerebellar samples.
Toward this end, we applied MAGENTA to results
from our GWAS meta-analysis of epigenetic
acceleration in cerebellum (Methods). The meta
analysis was based on four independent data sets for
which both SNP data and cerebellar DNA methylation
data were measured on the same subjects (n = 354, see
Methods). The MAGENTA results can be found in the
last column of Table 2. Even after adjusting for multiple
comparisons, significant enrichment results can be
observed for the GO category "nuclear lumen"
(p=0.0016), and the molecular function "helicase
activity" (p=0.0030). Helicase superfamilies SF1 and
SF2 (particularly SF2) are highly enriched (p = 5.8x103
) based on SNPs associated with the following genes
DHX57, CHD8, DHX15, DDX19A, DDX19B, DDX2,
BLM, SMARCA5, SNORA67, EIF4A1, HLTF,
C9orf102. Interestingly, another DEAD box related
gene, DHX16, was the most significantly (qvalue=1.5x10-5) over-expressed gene in cerebellum
compared to other brain regions but it was not
implicated in our GWAS analysis.

DISCUSSION
While our study of a supercentenarian suggests that the
epigenetic age of cerebellar tissue is younger than other
part of the body we need to highlight several caveats.
Although the epigenetic clock lends itself for comparing
the epigenetic ages of multiple tissues, it remains to be
seen whether the difference between nervous and nonnervous tissue reflects differences in biological aging
rates. We are on safer ground when it comes to
comparing the ages of different brain regions. We are
confident in the finding that the cerebellum has a lower
epigenetic age than other brain regions in older subjects
since this effect could be observed in three independent
data sets and 6 individual centenarians. This finding
raises several questions. The most pressing question is
whether this implies that the cerebellum is biologically
younger than other brain regions? While the epigenetic
age of blood has been shown to relate to biological age
[24, 25], the same cannot yet been said about brain
tissue. As a matter of fact, our study provides the first
admittedly indirect and circumstantial evidence that the
epigenetic age of brain tissue relates to biological age
because the cerebellum exhibits fewer neuropathological hallmarks of age related dementias
compared to other brain regions. But prospective studies

Figure 6. DNAm age (y‐axis) versus age (x‐axis) in bone
(osteocytes/osteoblasts). The blue dots corresponds to the
samples in data set 3 (bone). The red dots corresponds to the
replicate bone samples from the 112 year old super centenarian.

Similarly, we identified 808 gene transcripts that were
under-expressed in cerebellum at an FDR threshold of
0.05. The top gene ontology categories among these
under-expressed are specifically related to neuronal
function and include neuron projection development,
neuron differentiation, and synaptic transmission.
Genetic enrichment analysis
To determine which of the cerebellum associated
transcriptional differences might play a causal role in
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in model organisms will be needed to show that the
epigenetic age of brain tissue predicts the future onset
of age related diseases even after correcting for
chronological age and known risk factors. Another open
question is why does the cerebellum have a slower
aging rate? In an attempt to address this question, we
used both transcriptional and genetic data. We found
several gene ontology categories that are enriched in
genes that are over-expressed in the cerebellum
(including helicases). But the results from our
differential expression analysis must be interpreted with
caution for two reasons. First, cellular heterogeneity
may confound these results since the cerebellum
involves distinct cell types. Second, this cross-sectional
analysis does not lend itself for dissecting cause and
effect relationships. To partially address these concerns,
we used genetic data. It is striking that SNPs that relate
to the epigenetic age acceleration of the cerebellum also
tend to be located near RNA helicase genes as observed
in our transcriptional data. These results suggest that
RNA helicase genes might play a role in slowing down
the epigenetic age of the cerebellum. Unfortunately,
RNA helicase genes are not a "smoking gun" for any
particular molecular process. RNA helicases are
ubiquitous and essential proteins for most processes of
RNA metabolism (e.g. ribosome biogenesis, pre-mRNA
splicing, translation initiation) and also function as
regulators of gene expression by non-coding RNAs,
detection of specific RNA molecules, sensing of small
compounds or transduction of metabolic signals [32].
Although we could not find any prior literature on the
role of RNA helicases in tissue aging, the same cannot be
said for DNA helicases: e.g. WRN, which is a member of
the RecQ helicase family, is implicated in Werner's
syndrome, which is a recessively inherited progeria.

In conclusion, this is probably the first study to show
that the cerebellum ages more slowly than other brain
regions and possibly many other parts of the body. By
understanding why the cerebellum is protected against
aging, it might be possible to understand the cause of
tissue aging, which remains a central mystery of
biology.

METHODS
Description of datasets listed in Table 1. All data
presented in this article have been made publicly
available in public repositories. Gene Expression
Omnibus accession numbers are presented in Table 1.
Data set 1: Bisulphite converted DNA from these
samples were hybridized to the Illumina Infinium 450K
Human Methylation Beadchip. 260 arrays were
generated from 39 subjects (19 females). Twenty-one
subjects presented with Alzheimer's Disease (AD)
whereas 18 subjects did not have any neurodegenerative
disease. None of the subjects had brain malignancies.
After adjusting for chronological age, we could not
detect an age acceleration effect due to AD status,
which is why we ignored AD status in the analysis. We
profiled the following brain regions: caudate nucleus (n
= 12 arrays), cingulate gyrus (n=12 arrays), cerebellum
(32), hippocampus (25), inferior parietal cortex (11),
left frontal lobe (9), left occipital cortex (12), left
temporal cortex (18), midbrain (18), middle frontal
gyrus (12), motor cortex (12), right frontal lobe (20),
right occipital cortex (21), right temporal cortex (11),
sensory cortex (12), superior parietal cortex (12), and
visual cortex (11).
Data set 2: Multiple tissues from a 112 year old, female
supercentenarian. 64 arrays were generated from 30
tissues/regions (listed in Figure 3).
Data set 3: Novel bone data set. The trabecular bone
pieces were obtained from the central part of the
femoral head of Spanish (Caucasian) patients with hip
fractures (due to osteoporosis) or subjects with
osteoarthritis. Since osteoarthritis status was not related
to DNA methylation age, we ignored it in the analysis.
Data set 4: Multiple tissues (listed in Figure 1) from
GEO: GSE50192 [41].
Data set 5: Various brain regions and whole blood from
(GEO data GSE59685) [42].
Specifically, the following tissues were available:
entorhinal cortex, cerebellum, frontal cortex, superior
temporal gyrus, and whole blood.
Data set 6: Pre-frontal cortex and cerebellum samples
from schizophrenics and controls (GEO data
GSE61431) [43].

The interpretation of our main finding (regarding the
epigenetic age of the cerebellum) is also complicated by
the fact that we still don't know what is being measured
by epigenetic age. While many articles suggest that agerelated changes in DNAm levels represent random noise
others suggest that there might be a purposeful
biological mechanism [33-35]. DNAm age might
measure the cumulative work of an Epigenomic
Maintenance System (EMS) [19]. Under the EMS
hypothesis, our findings suggest that cerebellar DNA is
epigenetically more stable and requires less
"maintenance work". But many other explanations
could explain our findings including the following: a)
the cerebellum has a lower metabolic rate than cortex
[36-38], b) it has far fewer mitochondrial DNA
(mtDNA) deletions than cortex especially in older
subjects [39], and it accumulates less oxidative damage
to both mtDNA and nuclear DNA than does cortex [40].

www.impactaging.com

301

AGING, May 2015, Vol. 7 No.5

repurposes the BMIQ normalization method from
Teschendorff [46] so that it automatically references
each sample to a gold standard based on type II probes
(details can be found in Additional file 2 from [19]).

Disease status could be ignored in data sets 5 and 6
because our tissue comparisons involved samples from
the same subjects. Our results were qualitatively the
same after using a multivariate regression model that
accounted for disease status.

DNA methylation age and epigenetic clock. Many
articles describe sets of CpGs that correlate with age in
multiple tissues [5, 7, 8, 14, 48-50]. Although these
reports firmly establish the strong effect of age on
epigenetic modifications, individual CpG sites are
unsuitable for global contrasting of the epigenetic ages
of different tissues derived from the same individual.
Epigenetic age was calculated as reported previously.
The epigenetic clock is defined as a prediction method
of age based on the DNAm levels of 353 CpGs.
Predicted age, referred to as DNAm age, correlates with
chronological age in sorted cell types (CD4 T cells,
monocytes, B cells, glial cells, neurons) and tissues and
organs including whole blood, brain, breast, kidney,
liver, lung, saliva [19]. Mathematical details and
software tutorials for the epigenetic clock can be found
in the Additional files of [19]. An online age calculator
can
be
found
at
our
webpage
(https://dnamage.genetics.ucla.edu).

DNA extraction. AllPrep DNA/RNA/miRNA Universal
Kit (Qiagen, cat # 80224) was used for the DNA
extractions for frozen tissue samples. Cubes 3x3x3mm
with approximate mass of ~30 mg were cut from
histological specimens collected during necropsies.
Bone was dissected into bone and bone marrow
(3x3x3mm each specimen) and separated into 2
different microcentrifuge tubes for DNA extractions.
The procedure was conducted on dry ice without
thawing the samples down to preserve RNA quality for
prospective studies. 30mg of frozen tissue was lysed
with 600uL guanidine-isothiocyanate–containing Buffer
RLT Plus in a 2.0mL microcentrifuge tube, and
homogenized by using TissueLyser II (Qiagen) with
5mm stainless steel beads. Tissue lysate was continued
with the AllPrep protocol for simultaneous extraction of
genomic DNA and total RNA using RNeasy Mini spin
column technology. DNA yields were on average 16ug,
with the highest yield from Spleen tissue (46 ug) and
the lowest yield from Adipose tissue (2.2 ug).

Finding gene transcripts that were differentially
expressed in cerebellum compared to three other brain
regions. The data set from Gibbs et al [26] also
contained gene expression data from the brain regions
of the same subjects for whom DNA methylation data
were available. We used these data to find genes that
were over-expressed in cerebellum compared to the
pons, temporal cortex, and frontal cortex.

We did not use bone specimens where we could
macroscopically see both solid bone and bone marrow,
so we did not use any additional washing steps to
remove bone marrow.
Preprocessing of Illumina Infinium 450K arrays. In
brief, bisulfite conversion using the Zymo EZ DNA
Methylation Kit (ZymoResearch, Orange, CA, USA) as
well
as
subsequent
hybridization
of
the
HumanMethylation450k
Bead
Chip
(Illumina,
SanDiego, CA), and scanning (iScan, Illumina) were
performed according to the manufacturers protocols by
applying standard settings. DNA methylation levels (β
values) were determined by calculating the ratio of
intensities between methylated (signal A) and unmethylated (signal B) sites. Specifically, the β value
was calculated from the intensity of the methylated (M
corresponding to signal A) and un-methylated (U
corresponding to signal B) sites, as the ratio of
fluorescent signals β = Max(M,0)/[Max(M,0)+Max(U,0)
+100]. Thus, β values range from 0 (completely unmethylated) to 1 (completely methylated) [44].

Since multiple brain regions were available for each
subject, we used a paired T test to find genes that were
differentially expressed between a) cerebellum and
pons, b) cerebellum and temporal cortex, and c)
cerebellum and frontal cortex. The matched design (3
brain regions from the same subjects) allowed us to
condition out chronological age, ethnicity, gender, and
other subject level confounders. For each of the three
matched pairwise comparisons, we obtained a Tstatistic based on the differences in expression values.
Next we combined the resulting three T statistics using
a conservative meta analysis approach: the scaled
Stouffer method implemented in the "rankPvalue" R
function [51, 52]. The resulting meta analysis p-values
were transformed to local false discovery rates (qvalues) using the qvalue R package [53]. At a 1-sided
false discovery rate (FDR) threshold (qValueHighScale)
of 0.05 we found 1239 Illumina probes that were overexpressed in cerebellum. Details on these and all other
probes on the Illumina array can be found in
Supplementary Table S1 (MarginalAnalysisGibbsMeta).

Many authors have described methods for dealing with
the two types of probes found on the Illumina 450k
array [45-47]. This is not a concern for the epigenetic
clock since it mainly involves type II probes. But our
software implements a data normalization step that
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Brief Information of the 112 year old. The likely cause
of death was bilateral organizing pneumonia.
Neuropathologic findings were those of Alzheimer's
disease, Braak stage IV-V, NIA-AA stage A2B2C2
[57]. Neuritic plaques were abundant in hippocampus,
frontal cortex and temporal cortex and less prominant in
basal ganglia and occipital cortex. Neurofibrillary
tangles were abundant in hippocampus and sparse in
frontal and temporal cortices.

Similarly we identified 808 gene transcripts that were
significantly under-expressed in cerebellum at a FDR
threshold of 0.05.
The results of a functional enrichment analysis with the
“Database for Annotation, Visualization and Integrated
Discovery” (DAVID, v6.7) [27] applied to the 1239
overexpressed and the 808 underexpressed genes can be
found in Supplementary Table S2 (DavidEASEQ05over.
xlsx) and Supplementary table S3 (DavidEASEQ05
under.xlsx), respectively.

Ethics review and IRB. All subjects from the UCLA
tissue bank signed the "Consent for Autopsy" form by
the Department of Pathology at UCLA, and research
procurement was performed under IRB Research
Protocol Number 11-002504. Further, the epigenetic
analysis is covered by IRB Research Protocol Number:
19119.

Also our functional enrichment analysis results using
DAVID are qualitatively unchanged when other FDR
thresholds (e.g. 0.01) are used.
MAGENTA analysis for GWAS enrichment.
MAGENTA is a computational tool that tests for
enrichment of genetic associations in predefined
biological processes or sets of functionally related
genes, using genome-wide association results as input
[31]. MAGENTA is designed to analyze datasets for
which genotype data are not readily available, such as
large genome-wide association study (GWAS) metaanalyses. As input of MAGENTA, we used the results
of a genome-wide meta-analysis for epigenetic age
acceleration in human cerebellum. In total, this analysis
involved cerebellar DNA methylation data and SNP
data from 354 Caucasian subjects from the following
independent studies: 59 Caucasian individuals from a
study for Alzheimer’s disease [42], 112 neurologically
normal samples from [26], 147 samples from a case
control of psychiatric disorders [54], and 36 Caucasian
samples from a case control study of schizophrenia
[43]. We ignored disease status in our GWAS analysis
since it had a negligible effect on age acceleration in
cerebellum (t-test P > 0.1). Caucasian ethnicity was
verified in PLINK or EIGENSTRAT[55].
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