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ABSTRACT
DNA methylation is known as a biomarker for age with applications in forensics. Here we describe the VISAGE
(VISible Attributes through GEnomics) Consortium’s enhanced tool for epigenetic age estimation in somatic
tissues. The tool is based on eight DNA methylation markers (44 CpGs), bisulfite multiplex PCR followed by
sequencing on the MiSeq FGx platform, and three statistical prediction models for blood, buccal cells and
bones. The model for blood is based on six CpGs from ELOVL2, MIR29B2CHG, KLF14, FHL2, TRIM59 and PDE4C,
and predicts age with a mean absolute error (MAE) of 3.2 years, while the model for buccal cells includes five
CpGs from PDE4C, MIR29B2CHG, ELOVL2, KLF14 and EDARADD and predicts age with MAE of 3.7 years, and the
model for bones has six CpGs from ELOVL2, KLF14, PDE4C and ASPA and predicts age with MAE of 3.4 years. The
VISAGE enhanced tool for age estimation in somatic tissues enables reliable collection of DNA methylation data
from small amounts of DNA using a sensitive multiplex MPS assay that provides accurate estimation of age in
blood, buccal swabs, and bones using the statistical model tailored to each tissue.

INTRODUCTION
The use of epigenome-wide association studies has
provided a deeper insight into individual differences
and fluctuations in DNA methylation levels in the
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human genome. Many studies have identified agerelated differentially methylated regions (DMRs) and
sites (DMSs) that have the potential to predict
epigenetic age in various human tissues [e.g. 1–4].
These studies indicated that epigenetic age is highly
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correlated with chronological age but have also revealed
differences in epigenetic aging rates amongst
individuals. The epigenetic aging rate was further
correlated with lifespan, as well as age-related traits and
diseases [5–8]. Although the potential of epigenetic age
prediction in biomedical sciences needs further
investigation, one promising application is found in
forensics.
DNA-based age prediction in forensic applications can
be used for intelligence purposes to gain information
from unknown individuals who have left their DNA at a
crime scene or whose remains are subjected to genetic
identification. Perpetrators, who remain unknown to the
investigating authorities from their forensic DNA
profiles, cannot be identified with standard DNA
profiling techniques. In recent years, forensic DNA
phenotyping has emerged as an approach that can obtain
information of an unknown crime scene sample donor
on their appearance and bio-geographic ancestry from
crime scene DNA [9]. This allows for focused police
investigations to help characterize unknown
perpetrators, where estimating age from crime scene
DNA would also be highly informative. Age is an
important phenotypic feature that manifests itself
through a set of visible attributes that are difficult to
hide or modify, and therefore can be very effective in
narrowing down the number of potential suspects in the
context of forensic DNA phenotyping. In particular,
aging is reflected in several features of human visible
characteristics like hair greying, hair loss, facial
wrinkles and other signs of aging skin [10]. Thus,
reliable DNA-based prediction of appearance traits as a
forensic intelligence tool is ideally accompanied with
age estimation.
A number of methods that use DNA methylation
markers to predict age have been reported. Such
methods can be classified into two main categories
according to the number of CpG sites included. Large
scale methods incorporate hundreds of loci [2, 3, 5, 11]
and require DNA microarray technology to collect the
data necessary for using predictive algorithms. Since
forensic genetics is very demanding in terms of the
sensitivity of the methods applied, smaller sets of
markers that can be analyzed using lower DNA input
methods are more suitable. Most of the epigenetic age
prediction methods proposed in the forensic field have
been designed to predict age in blood. Weidner et al.
(2014) developed a 3-CpG model involving genes
ASPA, ITGA2B and PDE4C, and using pyrosequencing
technology that allowed age estimation with a mean
absolute error (MAE) of 4.12 years. Several smaller age
predictive tests were then proposed in forensics [12,
13]. The test developed by Zbieć-Piekarska offered a set
of markers suitable to predict age from blood in

www.aging-us.com

6460

Europeans and Asians [14]. The method involved
analysis of five DMSs in ELOVL2, TRIM59,
C1orf132/MIR29B2CHG, KLF14 and FHL2, that
provided prediction accuracy in blood with a MAE of
3.7 and 4.2 years in Polish and Korean populations,
respectively [12, 14]. Importantly, these markers also
showed similar accuracy for age prediction in saliva
(MAE = 3.6 years) [15] and buccal swabs (MAE = 4.3
years) [15]. Moreover, some of these markers also
showed a correlation with age in bones and teeth [16–
18]. Blood (especially bloodstains), buccal swabs, and
skeletal remains are commonly analyzed in forensic
laboratories for human identification. Age estimation
methods developed for these tissues may provide
additional information to assist with the identification
process. The VISAGE consortium has implemented
these five markers in a basic tool for sensitive multiplex
PCR amplification of bisulfite converted DNA followed
by a massively parallel sequencing (MPS) on a MiSeq
FGx instrument [19]. Indeed, due to the quantitative
character of DNA methylation variation and the wellknown method-to-method bias of DNA methylation
analysis, predictive models based on data generated
with one method, including public datasets based on
DNA methylation microarrays [12, 15] cannot be easily
adopted to interpret DNA methylation data generated
with another method. Methylation analysis methods
widely vary in forensic use and have hampered
comparisons of the efficiency of qPCR [20], SNaPshot
[21] and MPS [22].
MPS offers a universal solution to DNA variation
analysis that can be applied to study DMSs as well as
the established variation of single nucleotide
polymorphism (SNPs) and short tandem repeats (STRs)
[23]. Differences exist between MPS analysis of both
marker types since the completely quantitative nature of
DMS analysis contrasts with the mainly qualitative
nature of SNP and STR analysis, so the MPS multiplex
capacity is markedly lower for DMS analysis compared
to SNP and STR analysis. Genotyping of bisulfiteconverted DNA has become the standard for DNA
methylation analysis. Although the design of targeted
PCR-based MPS tests is difficult to apply to bisulfiteconverted DNA, small scale multiplexing is possible
and this could be a solution to the problem of measuring
DNA methylation in forensic genetic tests, offering the
right balance between sensitivity, throughput and
reliability. The forensic community has made the first
steps towards implementation of MPS for DNA
methylation analysis [24–26].
In this study, we have advanced the development of
epigenetic age estimation in forensics and present the
VISAGE enhanced tool for age estimation of DNA
from somatic tissues, combining eight age-informative

AGING

DNA methylation markers into a bisulfite multiplex
PCR for simultaneous targeted MPS and three new
statistical models to predict age in blood, buccal cells
and bones.

RESULTS
Assay development and optimization
Eight age-informative DNA methylation markers
containing 44 CpG sites (Supplementary Table 1) were
selected from the literature based on their reported age
correlation in different somatic tissues such as blood,
buccal cells and bones [11, 12, 27–31], and were
successfully combined into one multiplex PCR assay
for bisulfite-converted DNA. Five of these selected
markers were included in the previously described
VISAGE basic tool for estimating age from blood [19].
Primer pairs targeting three newly selected markers,
EDARADD, PDE4C and ASPA were added sequentially
to the multiplex assay of the VISAGE basic age tool
[19] to monitor the effect of each added marker
individually and to finally achieve a functioning
multiplex for all eight markers (Table 1).
The design was first tested with artificially methylated
DNA standards (N = 10) at an optimum input DNA
amount for bisulfite conversion of 200 ng using the
MiSeq Reagent Kit v2. Sequence read depth at all 44
CpGs covered by the primer design of the eight DNA
methylation markers exceeded the minimum of 1,000
reads (mean = 42,012.1 ± 21,282.7 paired reads) set for
accurate methylation quantification [32]. Measured
methylation values of the differentially methylated
DNA standards showed robust quantification with an
average difference between duplicates of 1.3% ± 2.1%
(one CpG per marker; Supplementary Figure 1). As
expected from the lower PCR product yields for
PDE4C, CpG positions located in the target sequence of
this marker produced low read depths (mean = 3,386.3
± 1,630.4 paired reads) compared to the other markers.
Figure 1A illustrates normalized read depth of one CpG
site per marker, clearly indicating the lower sequence
output of PDE4C C5. Furthermore, the read depths of
the CpGs located in PDE4C (7 CpGs) and ELOVL2 (9
CpGs) were lower for positions that were not covered
during sequencing from both ends (Figure 1C, 1D). This
results from the read length of the used sequencing kit
(2 x 150 cycles), which is not sufficient to cover the
whole targeted region of the two longest amplicons
from both directions (ELOVL2: 267 bp and PDE4C:
215 bp).
Aiming at a balanced PCR multiplex, the concentrations
of the PDE4C primers were increased equimolarly and
more balanced amplicon yields were obtained at an

www.aging-us.com

6461

assay concentration of 1 µM (Supplementary Figure 2).
The altered PCR multiplex was tested using the MiSeq
Reagent Kit v3 and methylated DNA standards (N =
12). Read depth of PDE4C CpGs was increased to
23,005.7 ± 4,659.5 paired reads. When comparing
normalized read depths to earlier generated data, the
performance of PDE4C was enhanced, but a fully
balanced sequence read distribution was not achieved.
This was observed in the relative decrease of read depth
at MIR29B2CHG (Figure 1A). However, on average the
v3 kit led to an approximately doubled sample coverage
(v3: 701,330.8 ± 147,289.9 versus v2: 348,679.2 ±
62,647.1 paired reads) and an increase in mean read
depth of 45,109.4 paired reads (overall mean = 87,121.5
± 54,854.7, Figure 1B). The number of reads at target
CpG positions on MIR29B2CHG still yielded a mean of
20,2435 ± 8,741 paired reads. Additionally, the longer
read length of the v3 kit enabled constant read depths at
all the CpGs of ELOVL2 and PDE4C across the
targeted sequences (Figure 1C, 1D). The sequence
quality control showed that all 44 target CpG positions
had a misincorporation rate below 0.4% (mean =
0.04%) and the calculated bisulfite conversion
efficiency exceeded 99.6% for all samples.
Evaluation of MPS assay performance
Seven differentially methylated DNA standards were
assessed with the final optimized assay using the v3 kit.
The methylation quantification of all 44 CpGs versus
the expected methylation is shown in Figure 2.
Measured methylation levels at most CpGs were close
to the line of identity, indicating good overall
concordance between experimentally determined and
actual methylation levels. CpG sites at MIR29B2CHG
and EDARADD showed an overestimation of
methylation levels, while CpGs at ELOVL2 exhibited a
bias towards unmethylated Cs. The methylation
quantification obtained appeared to be robust with an
average difference between duplicates of 1.9% ± 1.2%
across markers and methylation levels ranging from 5%
to 75% (Supplementary Table 2). However, two outliers
were detected: both the 50% methylated sample at
PDE4C positions and the 25% methylated sample at
MIR29B2CHG showed higher variation (12% and 7.5%,
respectively) between duplicates. Potential variability
between the target CpG sites throughout the same
amplicon was explored by calculating the maximum
difference in methylation at one marker and sample
(excluding ASPA, N = 1). Overall, these differences
were low with a mean of 1.8% ± 2% across markers and
ratios. The highest variation was detected at KLF14
with 3.9% ± 2.4% when comparing amplicons, which at
the same time showed the most stable methylation
quantification (mean difference between duplicates =
0.8% ± 1%). Further evaluation of DNA standards at
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Table 1. Primer sequences and concentrations of the final PCR multiplex.
Marker

Primer sequence (5'-3')

CpGs Amplicon
Amp. position (GRCh38)
[N]
size [bp]

fwd: TGTTTTTAGGGTTTTGGGAGTATAG
rev: ACACCTCCTAAAACTTCTCCAATCTCC
fwd: GGTTTTAGGTTAAGTTATGTTTAATAGT
KLF14
rev: ACTACTACAACCCAAAAATTCC
fwd: TATAGGTGGTTTGGGGGAGAG
TRIM59
rev: AAAAAACACTACCCTCCACAACATAAC
fwd: AGGGGAGTAGGGTAAGTGAG
ELOVL2
rev: AAACCCAACTATAAACAAAACCAA
fwd: GTAAATATATAAGTGGGGGAAGAAGGG
MIR29B2CHG
rev: TTAATAAAACCAAATTCTAAAACATTC
fwd:TTGGTGATTAGGAGTTTTAGTGTTTT
EDARADD
rev: CCACCTACAAATTCCCCAAA
fwd: TTTTGGAGGAATTTATGGGAA
ASPA
rev: ATAAATAATTTTACCTCCAACCCTA
fwd: TTGTAGGAGGAAAAGGGTTAG
PDE4C
rev: AAAACAAAAACTTACAACAAATTAAA

1
1
1
0
1
1
1
0
1
0
0
0
0
0
1
0

FHL2

a

Strand

Final
conc.
[µM]

Design

167

Chr2:105399250-105399416

+

0.2

[12]

128

Chr7:130734307-130734434

+

0.2

[12] a

141

Chr3:160450140-160450280

+

0.2

[12]

267

Chr6:11044500-11044766

+

0.2

[28]

146

Chr1:207823605-207823750

+

0.4

[12]

193

Chr1:236394309-236394501

-

0.4

[28]

108

Chr17:3476207-3476314

+

0.4

present study

215

Chr19:18232953-18233167

+

0.4 or 1b

present study

forward primer was adapted to match GRCh38.
assay design 1: 0.4 µM; assay design 2: 1 µM.

b

different methylation levels showed that the highest
differences were observed at 100% expected
methylation with a mean of 3.8% ± 2.6%.
Next, the 50% methylated DNA standard was used to
test the sensitivity of the MPS assay with 200 ng, 100
ng, 50 ng, 20 ng, 10 ng and 1 ng input DNA in duplicate
reactions. Although sample coverage decreased from
200 ng (mean = 374,254.5 paired reads) to 1 ng (mean =
280,105 paired reads), the lower input samples still
showed high sequencing coverage values. One outlier at
10 ng was detected with lower coverage (76,464 paired
reads) for one of the duplicates. This sample showed
very low library quantification results (2.6 nM) in
comparison to the median concentration of the
sensitivity dilution series’ libraries (319.7 nM) and a
read depth below the 1,000 reads threshold for the
MIR29B2CHG amplicon. Except for one further sample
at 1 ng DNA input for PDE4C, all other replicates
showed read depths above the 1,000 reads threshold at
the 44 targeted CpG sites. Furthermore, base
misincorporation rates remained below 0.6% down to
10 ng DNA input and below 1.3% for 1 ng samples.
Bisulfite conversion efficiency exceeded 99.4% for all
samples.
Differences of mean methylation obtained for duplicates
from 100 ng to 1 ng DNA input at all 44 CpGs were
compared to the mean methylation level obtained for
the 200 ng reference sample. The average differences
and standard deviations per marker are shown in Figure
3. At 100 ng and 50 ng DNA inputs, methylation levels
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were close to those of the reference with 1.6% ± 1.1%
and 1.7% ± 1.4% differences across the eight markers,
respectively. Variability increased slightly from 50 ng
to 20 ng (3.4% ± 3.9%) and from 20 ng to 10 ng (4.4%
± 2.7%). In particular, PDE4C showed higher variation
at 10 ng with a mean difference of 11% to the optimum
DNA input. A more detailed analysis of the 10 ng
replicates showed an increased difference between
duplicates (median = 6.0%) compared to the higher
DNA input samples of the sensitivity study (median
difference = 1.5% at 200 ng to 3.0% at 20 ng). Higher
deviations from methylation values obtained for the
reference DNA input were observed for the low
quantity 10 ng sample (2.6 nM library) possibly
introducing greater variation. Additionally, higher base
misincorporation rates were observed within the
PDE4C amplicon sequence of this duplicate
(Supplementary Figure 3B). At 1 ng DNA input,
methylation quantification became unreliable with
extensive deviation from the values of the reference
DNA input (14.0% ± 20.5%).
Development of prediction model for blood, buccal
cells and bones
DNA methylation data generated with the MPS tool in
blood (N = 160), buccal swab (N = 160) and bone (N =
161) DNA samples were randomly divided into a
training set (N = 112 each) and testing set (N = 48 blood
and buccal cells and 49 bones) by retaining comparable
distributions of age and sex between both sets as far as
possible (Table 2). The correlation of DNAm in
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particular CpG sites with age in blood, buccal cells and
bones was investigated in the appropriate training sets
using univariate linear regression analysis. All 44 CpG
sites at the eight DNA methylation markers covered by
the MPS tool showed a statistically significant
correlation with age in blood (Supplementary Table 1).
For 26 CpG sites (59%) located in ELOVL2, FHL2,
TRIM59 and PDE4C very high β values were observed
(>0.9) with single CpGs explaining R2 > 80% of the
variation observed in age in blood samples (>90% for 8
CpG sites within ELOVL2 and FHL2). The highest
statistical significance was noted for ELOVL2 C9 (β =
0.963; P-value = 9.724×10-65; R2 = 0.928). As with
blood, all cytosines also showed significant correlation
with age in buccal cells, but only in 13 of the sites
(30%) were β values > 0.9 recorded. The highest
significance was achieved for PDE4C C5 (β = 0.965; Pvalue = 3.648×10-65); by itself explaining R2 = 93.1% of
the variation observed in age in buccal cells

(Supplementary Table 1). In the case of bones,
significant correlation with age was observed for all
CpGs except C2 and C3 from MIR29B2CHG. The
position C1 in MIR29B2CHG was weakly but
significantly correlated with age (β = -0.24; P-value =
0.011). High significance and effect size with β > 0.8
were noted for TRIM59 C3-C8 (P-value: 4.899×10-34;
1.699×10-26; 4.431×10-27; 5.537×10-30; 4.2×10-32;
8.743×10-34), KLF14 C3 (P-value: 1.68×10-33), ELOVL2
C2 (2.021×10-33), FHL2 C5 (2.307×10-26) and C7
(6.591×10-31), as well as PDE4C C4 (2.492×10-29), C6
(6.886×10-30) and C7 (2.355×10-26). Since DNA
methylation-age correlations may show non-linear
patterns, various types of data transformation were also
tested. Curve estimation analysis indicated a non-linear
pattern for CpG sites within ELOVL2 with power
transformation best fitting the DNA methylation data
for blood and buccal cells and thus power transformed
data were used in modelling (Figure 4).

Figure 1. (A) Normalized read depth was calculated by selecting one CpG site per marker to assess for read distribution between amplicons.
The dashed line indicates the expected value per marker (0.125) in case of a perfectly balanced distribution. (B) Read depth at one CpG site
per marker. (C) Read depth at all CpGs located in the target sequence of PDE4C and (D) ELOVL2. All boxplots compare DNA methylation
standards processed with the first assay design using the MiSeq reagent kit v2 (N = 10) and the re-optimized assay (design 2) using the MiSeq
reagent kit v3 (N = 12).
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DNA methylation data generated with the MPS tool for
112 blood samples, 112 buccal cell samples and 112
bone samples were next used to train the three
respective models. Because of the lack of the data in

PDE4C C5 or ELOVL2 C2, two samples from the
training sets were rejected and therefore the final
number of samples used to train the models for buccal
cells and bones was 111. The multivariate stepwise

Figure 2. Methylation quantifications obtained for duplicates (indicated by shape) were calculated for all 44 target CpG sites
(ASPA: 1 CpG, EDDARAD: 2 CpGs, ELOVL2: 9 CpGs, FHL2: 10 CpGs, KLF14: 4 CpGs, MIR29B2CHG: 3 CpGs, PDE4C: 7 CpGs,
TRIM59: 8 CpGs). The dashed line represents the line of identity (intercept = 0, slope = 1).

Figure 3. Difference to 200 ng of sensitivity dilutions at 50% methylation level: The average difference per marker was
calculated from mean obtained methylation values (N = 2) at all 44 target CpG sites. The error bars represent the standard
deviation at markers targeting more than one CpG (EDARDD 2 CpGs, ELOVL2 9 CpGs, FHL2 10 CpGs, KLF14 4 CpGs, MIR29B2CHG 3 CpGs,
PDE4C 7 CpGs, TRIM59 8 CpGs). Due to the high difference of PDE4C at 1 ng (61.9%), the value is excluded from the plot.
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Table 2. Samples used in multivariable linear regression analysis and prediction modelling.
DNA source

Sample
number/sex

Mean age

Blood
Buccal cells
Bones

160/80:80
160/80:80
161/129:32

40.2±22.7
40.5±22.8
46.1±14.8

Training set
Sample number
Age range
112
1-75
112a
2-80
112a
19-93

Testing set
Sample number
Age range
48
1-75
48
2-80
49b
22-75

a

because of the missing data for PDE4C C5 or ELOVL2 C2 one sample from the buccal cell training set and one sample from
the bone training set were excluded and therefore the final number of samples to train the models was 111.
b
three samples had missing data in ELOVL2 C2.

linear regression method was applied to select markers
from the available set of 44 CpGs from eight genes and
to train the final models. The data for the selected CpG
positions in ELOVL2 were power transformed before
prediction analysis and this treatment proved to improve
age prediction for DNA from blood and buccal cells.
The analysis of blood samples showed that the optimal
age model for blood centered on 6 CpG sites from six
genes, ELOVL2, MIR29B2CHG, KLF14, TRIM59,
FHL2 and PDE4C (Table 3). Effect sizes expressed by
β values were different and except for marker
MIR29B2CHG C1 (β = -0.234), were positively
correlated with age. The largest effect size in the model
was attributed to the power transformed ELOVL2 C7
position (β = 0.328; P-value = 3.24×10-7) and the
smallest one to TRIM59 C8 (β = 0.096; P-value =
4.48×10-4). This model explains 98.2% of age variation
(R2) observed in the training set and predicts age with
an accuracy of MAE = 2.2 years in the training set and

MAE = 3.2 years in the testing set (Figure 5 and Table
4). Table 5 outlines the optimal model for buccal cells
comprising 5 CpG sites from 5 genes, PDE4C,
MIR29B2CHG, ELOVL2, KLF14 and EDARADD. The
largest β value was observed for marker PDE4C C5 (β
= 0.351; P-value = 1.29×10-7) and this position was
found to explain most of the age variation explained by
the model (R2 = 93.1%). Power transformed ELOVL2
C9 had the second largest effect (β = 0.244; P-value =
4.81×10-5). Negative and weak correlation was observed
for a CpG in EDARADD not included in the blood
model (β = -0.098). The final model explains R2 =
97.5% of variation observed in the training set and
predicts age with an accuracy of MAE = 2.5 years in the
training set and MAE = 3.7 years in the testing set
(Figure 5 and Table 4).
Table 6 shows the optimal model for bones comprising
six CpGs from four genes, ELOVL2, PDE4C, KLF14

Figure 4. Curve estimation for DNA methylation data at ELOVL2 C7 in blood and ELOVL2 C9 in buccal cells.
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Table 3. Characteristics of the markers in age predictive model for blood.
CpG

CpG_ID

ELOVL2 C7a
PDE4C C5
MIR29B2CHG C1
KLF14 C4
TRIM59 C8
FHL2 C1

cg06639320

GRCh38 chromosome
position
chr6:11044634
chr19: 18233127
chr1:207823681
chr7:130734375
chr3:160450202
chr2:105399282

Standardized
coefficient β
0.328
0.125
-0.234
0.111
0.096
0.169

t statistic

P-value

Adjusted R2

5.458
2.785
-8.555
4.751
3.624
3.419

3.24×10-7
0.006
1.05×10-13
6.46×10-6
4.48×10-4
0.001

0.952
0.962
0.974
0.977
0.980
0.982

a

power transformation for the DNA methylation data for ELOVL2 was applied (y = 0.002*x^2.366) before multiple linear
regression analysis.

and ASPA. The largest β value was observed for marker
KLF14 C3 (β = 0.498; P-value = 2.002×10-16) and the
smallest positive effect size in the model was attributed
to marker ELOVL2 C7 (β = 0.20). The developed
prediction model explains R2 = 92.4% of variation in
age observed in the training set and predicts age with an
accuracy of MAE = 3.3 in the training set and MAE =
3.4 in the testing set (Figure 5 and Table 4).
Our data show an increase in the MAE value with
increased age of the sample donors for blood and

buccal cell models. The highest MAE value was
observed in the 3rd (age 41-60 years) and 4th (>60
years) age categories (Table 4). When age was
analyzed as a continuous variable it was significantly
correlated with MAE in both tissue types (Pearson
correlation P-value of 0.001 and 3.86×10-4 for blood
training and testing sets, respectively and P-values of
0.011 and 2.52×10-4 for buccal cells training and
testing sets, respectively). This effect was not seen in
bones, neither in the training (P-value = 0.122) nor the
testing set (P-value = 0.070).

Figure 5. Predicted vs. chronological age in the blood, bones and buccal cells training and testing sets.
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Table 4. MAE in different age categories.
MAE in blood
Training set
Testing set
1.8 (N=28)
2.2 (N=12)
1.5 (N=28)
1.6 (N=12)
2.7(N=28)
3.5 (N=12)
3.0 (N=28)
5.5 (N=12)
2.2 (N=112)
3.2 (N=48)

Age category
1
2
3
4
Overall

MAE in buccal cells
Training set
Testing set
1.7 (N=28)
1.5 (N=12)
2.0 (N=27)
2.8 (N=12)
3.4 (N=28)
5.7 (N=12)
3.1 (N=28)
4.8 (N=12)
2.5 (N=111)
3.7 (N=48)a

MAE in bones
Training set
Testing set
b
3.0 (N=2)
-b
3.2 (N=42)
2.8 (N=17)
3.3 (N=47)
3.7 (N=21)
3.3 (N=20)
3.9 (N=8)
3.3 (N=111)c
3.4 (N=46)c

Age categories: age category 1: 1–20; age category 2: 21-40; age category 3: 41–60; age category 4: >60.
a
one sample had missing data in PDE4C C5.
b
there were only two bone samples falling into the age category of 1-20 (both included in the training set) therefore
calculation of MAE for the testing set was impossible and the value of MAE designated for the training set should be treated
with caution.
c
one sample from the training set and three from the testing set had missing data in ELOVL2 C2.

Table 5. Characteristics of the markers in age predictive model for buccal cells.
CpG

CpG_ID

PDE4C C5
MIR29B2CHG C3
ELOVL2 C9a
KLF14 C1
EDARADD C1

cg14361627
cg09809672

GRCh38 chromosome
position
chr19: 18233127
chr1:207823672
chr6:11044628
chr7:130734355
chr1:236394383

Standardized
coefficient β
0.351
-0.232
0.244
0.17
-0.098

t statistic

P-value

Adjusted R2

5.671
-9.472
4.243
5.441
-3.303

1.29×10-7
1.02×10-15
4.81×10-5
3.54×10-7
0.001

0.931
0.955
0.966
0.972
0.975

a

power transformation for the DNA methylation data for ELOVL2 was applied (y = 0.055*x^1.673) before multiple linear
regression analysis.

Table 6. Characteristics of the markers in age predictive model for bones.
CpG
ELOVL2 C2
ELOVL2 C7
KLF14 C3
PDE4C C6
PDE4C C4
ASPA C1

CpG_ID
cg24724428
cg01481989
cg02228185

GRCh38 chromosome
position
chr6:11044655
chr6:11044634
chr7:130734372
chr19:18233131
chr19:18233105
chr17:3476273

Standardized
coefficient β
-0.246
0.200
0.498
0.374
0.245
-0.142

Age prediction in blood from methylation data
obtained with the VISAGE basic tool
To enable age prediction from methylation data
collected with the previously reported VISAGE basic
tool for age estimation from blood, comprising a 5plex MPS assay [19], we re-trained our 112-sample
containing blood training set for the five CpGs based
on data generated with the VISAGE enhanced tool.
This model predicts age in the training set with an
accuracy of MAE = 2.7 and in the testing set with
MAE = 3.8. The lower accuracy achieved with the 5markler model compared to the full 6-marker model
(see above) can be explained by the addition of
www.aging-us.com
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t statistic

P-value

Adjusted R2

-2.758
2.606
9.788
4.096
2.938
-3.467

0.007
0.010
2.002×10-16
8.349×10-5
0.004
0.001

0.735
0.924
0.850
0.912
0.916
0.920

PDE4C in the VISAGE enhanced model. Moreover,
when performing age prediction modelling using data
for these five markers obtained from buccal cells and
bones, we achieved higher errors for buccal cells with
MAE = 3.9 and 4.3 for training and testing sets,
respectively, and bones with MAE = 4.7 and 4.0 years
for training and testing sets, respectively. Notably, the
buccal and bone models based on the eight DNA
methylation markers of the VISAGE enhanced tool
achieved more accurate age prediction than those
based on the five markers in the VISAGE basic tool
for blood, lacking the three additional markers,
covering all three somatic tissues in the VISAGE
enhanced tool.
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To check the compatibility of the two VISAGE age
tools, the VISAGE basic tool for estimating age from
blood and the VISAGE enhanced tool for estimating
age from somatic tissues including blood, buccal cells
and bones, methylation results obtained for the seven
artificially methylated DNA standards generated with
the 8-plex assay of the VISAGE enhanced tool were
compared to those produced with the 5-plex assay of the
VISAGE basic tool [19]. Both assays showed very
similar amplification bias for DNA methylation
quantifications at the overlapping five CpGs
(Supplementary Figure 4A). When subtracting
methylation levels obtained with the VISAGE 8-plex
assay from values obtained for the 5-plex assay, the 5plex assay of the VISAGE basic tool appeared to
produce slightly higher methylation values at the five
relevant CpG sites (mean differences = 2.4%) than the
8-plex assay of the VISAGE enhanced tool did. The
absolute
differences
between
methylation
quantifications at the same expected DNA methylation
level were on average 3.0% ± 2.7% across the seven
DNA standards and markers for the two assays
(Supplementary Figure 4B). To explore whether these
differences were significantly different, observed
methylation values with the 8-plex enhanced tool assay
were plotted against those of the 5-plex basic tool
(Supplementary Figure 5). Regression models showed
no statistically significant performance differences
between the two assays (Bonferroni corrected P-values:
ELOVL2 C7: 0.681, KLF14 C1: 1.000, MIR29B2CHG
C1: 1.000, FHL2 C2: 0.756, TRIM59 C7: 1.000). These
results indicate that the blood model developed here for
the five CpGs in the VISAGE basic tool for age
estimation from blood [19] can be used for estimating
age in blood, based on data generated with the VISAGE
basic tool. However, due to the lower errors achieved
with the blood model based on the 8-plex data, use of
the VISAGE enhanced tool, including 8-plex data and
the 6-marker predictive model, is advised to estimate
age from blood.

and muscle samples estimated with the models
individually developed for blood, buccal cells and bones
was unsatisfactory (Table 7). Univariate association
testing conducted using linear regression in this small
set of 24 samples showed positive signals of association
for TRIM59, FHL2, MIR29B2CHG, ELOVL2 and
PDE4C in muscle and cartilage (data not shown).
Although we found our eight DNA methylation markers
were associated with age in the vast majority of CpG
sites in different tissue types, detailed analysis of the
DNA methylation-age correlation for particular CpG
sites showed a different pattern of DNA methylation
changes in different tissues (Supplementary Figure 6),
and this underlies the high predictive error observed for
muscle and cartilage when using the developed models.

Accuracy of developed predictive models
predicting age in various human tissues

A crucial step in the optimization of the MPS assay of
the VISAGE enhanced age tool was the development of
the multiplex PCR for bisulfite converted DNA. The
severe chemical treatment during bisulfite conversion
not only leads to DNA degradation and loss, but also
markedly reduces the complexity of the DNA sequence.
Consequently, primer specificity is potentially reduced
and the formation of primer dimers is favored [34].
Additionally, most targeted CpGs were located in CpG
islands (except ASPA and EDARADD) that represent
regions difficult to amplify. We successfully combined
ASPA, EDARADD and PDE4C with the five markers of
the VISAGE basic assay (ELOVL2, MIR29B2CHG,
KLF14, FHL2, TRIM59) into an 8-plex PCR assay for
the final VISAGE forensic MPS tool described here.

in

To assess the performance of the developed prediction
models in predicting age in human tissues other than
blood, buccal cells or bones, we also applied the
VISAGE enhanced age tool to 24 DNA samples
collected postmortem from various tissues of 22 males
and 2 females ranging in age from 21 to 73 years at the
time of death (mean age = 41.0 ± 12.5). Table 7
summarizes the results of these experiments. This
limited dataset confirmed that the developed blood
model can accurately predict age in blood samples of
deceased individuals (MAE = 3.1). However, the
prediction accuracy obtained with postmortem cartilage
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DISCUSSION
Although the use of hundreds of CpGs for age
estimation delivers small prediction errors [2, 7], such
marker densities are currently impossible in forensic
applications due to the lack of suitably sensitive DNA
technology. Smaller sets of DNA methylation age
markers that can be analyzed with forensically suitable
technology typically predict age in different tissues with
different accuracies. To develop a universal epigenetic
age prediction tool for forensic applications, the
VISAGE enhanced tool for age estimation from somatic
tissues represents a significant step forward in age
estimation for criminal investigations. This tool
includes a MPS-based assay for eight DNA methylation
markers (44 CpGs) and three different statistical models
appropriate for blood, buccal cells and bones as DNA
sources. The eight markers previously demonstrated age
correlation in various forensically relevant DNA
sources [12, 13, 15, 28, 30, 33]. The data we used here
to train and test the prediction models were generated
with the developed MPS tool, as method-to-method bias
prevents the usage of datasets available from the
literature.
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Table 7. Age prediction accuracy in blood, cartilage and muscle samples obtained with the developed models
for blood, buccal cells and bones.
DNA source

N

Blood
Cartilage
Muscle

24
24
24

MAE
Buccal cells age model
6.5
12.3
17.3

Blood age model
3.1
13.1
17.1

Samples processed with the re-configured assay using
the MiSeq Reagent Kit v3, which offers increased read
length and is commercially available in forensic quality,
yielded high quality sequences and high read depths for
all eight amplicons. The observed variability between
read depths at targeted CpGs most likely results from
differences in primer pair efficiencies that could not be
fully balanced by adjusting primer concentrations
(Figure 1A, 1B). Assay performance was confirmed
with DNA methylation standards that allowed the
assessment of methylation quantification for robustness
and linearity. Since the introduction of bisulfite
conversion for DNA methylation analysis, PCR bias
towards the unmethylated or methylated template
molecule has been repeatedly described [35–37],
highlighting the difficulties in achieving a completely
methylation-independent amplification. To avoid
accentuating such bias, mismatch primers were used for
CpG sites within primer sequences. Although
methylation quantification of most markers was close to
the line of identity, we observed a bias towards
methylated DNA templates (MIR29B2CHG and
EDARADD) as well as an underestimation of
methylation levels (ELOVL2). Interestingly, the
avoidance of a CpG or the inclusion of one or two CpGs
in the primer sequences did not appear to noticeably
change the strength of methylation bias. The observed
PCR bias appeared stable, with minor differences
between duplicates (mean = 1.9% ± 1.2%), which is
important for reliability of age prediction. The most
challenging marker for multiplex development was
PDE4C, for which a higher variability (4.8% ± 3.7%)
was observed in comparison to other markers.
Nevertheless, methylation quantification of samples
used for predictive modelling showed that PDE4C has a
wide DNA methylation range and a large effect size,
which makes it a reliable marker for all three age
prediction models. Assuming that the range of DNA
methylation throughout a person’s lifespan determines
the required minimum accuracy for a marker, the
highest accuracy would be needed for KLF14. In line
with this consideration, the methylation quantification
at optimum DNA input for KLF14 showed the smallest
differences between duplicates. For further analysis of
the used DNA methylation controls, we compared
maximum differences in methylation values obtained at
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Bone age model
4.9
25.8
13.7

the same target and sample. Surprisingly, the highest
variability was observed at 100% methylation level
(3.8% ± 2.6%) and not, as expected at 50% methylation.
As the fully methylated DNA standards represent an
artificial system, some variability may be inherent in the
methylation controls.
Like all quantitative methods, DNA methylation analysis
to attempt chronological age prediction is impacted by
stochastic effects when the DNA input amount is low
[38]. This poses a limitation to the application of
quantitative DNA methylation to forensic samples that
contain only minute amounts of DNA. Furthermore, the
DNA is not necessarily equally distributed in such
tissues, which adds additional variation due to a sampling
effect. Additionally, DNA loss during bisulfite
conversion and further stochastic processes during the
subsequent multiplex PCR step count up to this variation.
Previous studies suggested that 20 ng to 10 ng DNA
template used for PCR are required for a reliable
methylation quantification [38, 39], although a higher
sensitivity (10 ng DNA input for bisulfite conversion ~2
ng at PCR) has recently been reported [26]. We tested a
dilution series of the initial DNA amount used for
bisulfite conversion to perform a first sensitivity
evaluation of the VISAGE enhanced tool age assay.
When comparing mean quantified DNA methylation
levels to the optimum DNA input, we observed a robust
quantification down to 20 ng DNA input for most
markers. According to previous studies investigating
DNA loss during bisulfite conversion, the DNA amount
used for PCR would be estimated to be from 8.8 ng (45%
DNA loss [40]) to 11.8 ng (26% DNA loss [41]), which
is in agreement with considerations regarding low DNA
quantities. Results of this sensitivity study clearly
indicate that methylation quantification of 1 ng samples
was unreliable with increased differences to the reference
DNA input as well as an increased variability between
targeted CpGs of the same amplicon. Additionally,
samples at 1 ng DNA input showed CpGs that appeared
completely methylated (e.g. at ELOVL2, PDE4C) or
unmethylated (e.g. PDE4C), indicating an amplification
bias towards the methylated or unmethylated DNA
template during PCR. Overall, the results from
development and optimization of the VISAGE enhanced
tool for age estimation from somatic cells showed
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promising results for future application in routine
forensic DNA analyses. However, small differences
between sequencing runs, may affect the final age
prediction outcome, as recently described by Han et al.
(2020) [42]. The study reported a shift in DNA
methylation levels between sequencing runs that led to an
increased MAE in an independent validation set. The
extent of such variabilities and the impact on age
prediction, particularly when analyzing low DNA input
samples, needs to be further addressed before application
in real casework. Further validation studies including
inter-laboratory exercises will bring deeper insight into
the assay’s robustness, reproducibility and sensitivity.
The developed 8-plex MPS assay was used to collect
DNA methylation data necessary for the development
of the three age prediction models. The model for blood
comprises six CpGs from ELOVL2, MIR29B2CHG,
KLF14, FHL2, TRIM59 and PDE4C and predicts age
with MAE of 3.2 years. As expected, ELOVL2 was the
top ranked marker, which alone explains 95% of
variation in this age model. Non-linear age-DNA
methylation correlation was observed in this DMRs, in
line with other studies [28, 43]. The correlation of DNA
methylation in ELOVL2 with age in blood was first
suggested by Garagnani et al. (2012) [44] and was soon
confirmed in independent studies, making ELOVL2 the
most important epigenetic age predictor in a range of
fields including forensics [3, 4, 39, 45]. The five
remaining predictors include blood markers widely
validated in studies of different populations from
Europe and Asia [13–15, 22, 30, 46].
The model for buccal cells includes five CpG sites from
PDE4C, ELOVL2, MIR29B2CHG, KLF14 and
EDARADD and predicts age with a MAE of 3.7 years.
PDE4C was the top ranked marker and alone explained
93.1% of variation in age. Early studies suggested PDE4C
as an age predictor in blood and saliva [27, 47] and it was
rapidly adopted in age prediction models for blood [11,
28]. In our study, this marker had a higher predictive
value in buccal cells, which confirms the conclusions of
the study of Eipel et al. (2016) [31], whose markers
showed higher correlation with age in saliva and buccal
cells than in blood. ELOVL2, MIR29B2CHG and KLF14
come from the five best predictors for blood selected by
the study of Zbieć-Piekarska [12], which had been shown
to be suitable for predicting age in saliva and buccal cells
in Asian populations [15]. The buccal cell tissue marker
EDARADD, was included in the first age prediction
algorithm developed for saliva [27] and replicated in other
studies that investigated blood, saliva and buccal cells [28,
48–51].
Furthermore, we present here an age prediction model
for bones which is based on only six CpGs from four
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DMRs in ELOVL2, KLF14, PDE4C and ASPA. This
model predicts age with a relatively small error, with a
MAE of 3.4 years in the testing set. Age prediction
attempts using epigenetic markers in bone material are
rare. Prediction models reported for teeth were based
on a relatively small number of samples and found
ELOVL2, PDE4C, EDARADD, FHL2 and PENK to be
useful predictors of age in teeth [16, 18, 28]. Naue et
al. (2018) attempted to predict age in various tissues
including bone and found DNA methylation at
ELOVL2, KLF14 and TRIM59 to be correlated with age
in bones. Other suggested age predictors for bones
include DDO, F5, LDB2, NKIRAS2, RPA2 and
ZYG11A [13]. In a recent paper Lee et al. (2020)
reported TMEM51 and EPHA6 as new age markers for
bones identified from Infinium MethylationEPIC
BeadChip array data. This study also confirmed age
correlation in bones for ELOVL2, FHL2, KLF14 and
TRIM59 [17].
Our study shows that the eight CpGs selected for
predicting age in somatic cells are a robust set of
markers for developing accurate age prediction
algorithms for DNA extracted from blood, buccal cells
and bones. In particular, PDE4C, ELOVL2 and KLF14
are used in all models and various combinations of just
eight markers can predict age in the three tissues with
effective accuracy with a MAE of 3.2 - 3.7 years.
In agreement with other studies, an increased MAE in
age predictions of older individuals was observed in
blood and buccal cells, which can be explained by a
combination of genetic and environmental factors
influencing the individual rate of aging [6, 43, 52].
Therefore, we calculated the MAE for different age
groups, which allows to account for the corresponding
age category in the interpretation of real casework. In
addition, the MAE range can be provided along with the
predicted age (e.g. from 2.2 to 5.5 years for blood).
Our study confirms the importance of ELOVL2 and
PDE4C for epigenetic age prediction and provides
further evidence that MIR29B2CHG (ranked 3rd in the
blood model and 2nd in the buccal cell model), is a
valuable age predictor in forensics. In the first two
markers, hypermethylation with age is observed, and in
the third hypomethylation. All three are characterized
by a wide range of DNA methylation levels during an
individual’s lifespan (50-70%). KLF14 is characterized
by the lowest range of DNA methylation over a lifespan
but this marker is consistently suitable in all three
predictive models [21, 51, 53]. ASPA was chosen only
for use as a bone age predictor in our study, while FHL2
and TRIM59 were selected exclusively as blood age
predictors, although correlation with other tissue types
has been demonstrated for these markers. Our study
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aimed to select a universal set of DMSs for epigenetic
age prediction in various somatic tissues, but since the
pattern of DNA methylation change differed in various
cell types tested, the DNA methylation data collected
for individual tissues had to be incorporated into
separate training sets for tailored prediction models. In
addition, our pilot study of postmortem samples, which
analyzed tissues from 24 deceased persons, indicated
the models developed did not predict cartilage and
muscle age correctly.
In summary, the study outlined here presents a complete
tool for estimating a person’s age from DNA in forensic
applications that deal with low amounts of DNA from
the three forensically relevant tissue types of blood,
buccal cells and bones. The VISAGE enhanced tool for
age estimation in somatic tissues comprises a single
bisulfite MPS assay targeting 44 CpGs from eight
carefully selected DNA methylation markers and three
separate predictive models for blood, buccal cells and
bones. The MPS assay provided reliable and
reproducible methylation quantifications, enabling
accurate age prediction in samples down to a minimum
of 20 ng of DNA. The three individual tissue models
provide a good balance of marker number and accuracy
given the capacity limitations of the DNA methylation
measurement technology used. Future work could focus
on increasing the model testing datasets to investigate
the reliability of reported error estimates for the three
models. It will also be useful to gauge the performance
of the age prediction models for data produced using the
VISAGE enhanced tool with additional forensically
relevant somatic tissues. Notably, DNA methylation
variation in non-somatic tissues, such as semen, is
known to differ from that in somatic tissues; the
development of an epigenetic tool for age estimation in
semen is currently in progress by the VISAGE
Consortium.

MATERIALS AND METHODS
Selection of DNA methylation markers for age
prediction in somatic tissues
Five age markers previously described in ZbiećPiekarska et al. (2015) [12] were used as the basis for
developing the VISAGE enhanced tool for age
estimation of forensic DNA from somatic cells. We
performed a comprehensive literature search and
extended the original marker set comprising ELOVL2,
MIR29B2CHG, TRIM59, KLF14 and FHL2 with the
three additional markers of EDARADD, PDE4C and
ASPA. It has been shown in multiple studies that these
three markers have considerable capacity to further
improve prediction of age in buccal cells/saliva and
have been demonstrated to correlate with age in other
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somatic cells including bones [11, 12, 27–31]. The eight
marker combination selected for inclusion in the
expanded VISAGE MPS multiplex comprised a total of
44 individual CpG sites (Supplementary Table 1).
Assay design and development
Multiplex PCR
Development of the multiplex PCR assay for targeted
bisulfite sequencing used primer designs established for
the VISAGE basic test [19] (ELOVL2, KLF14, TRIM59,
FHL2 and MIR29B2CHG) with primers for the three
additional markers (PDE4C, ASPA and EDARADD),
either newly designed using MethPrimer [54] and
PrimerSuite [55] or gathered from the literature. When
CpG sites within the primer sequences were
unavoidable, a deliberate mismatch was introduced. In
the specific cases of PDE4C and MIR29B2CHG,
degenerate primers carrying a Y at CpG positions were
also designed and tested, but no increase in amplicon
yield was observed (data not shown) and consequently,
mismatch primers were utilized in the final multiplex
PCR. All newly tested primer pairs are listed in
Supplementary Table 3. The formation of non-specific
PCR products and primer dimers was evaluated in silico
using BiSearch [34] and AutoDimer [56]. Primer
sequences and final multiplex PCR concentrations are
listed in Table 1.
PCR optimizations were performed with DNA
extracted from 10 ml EDTA venous whole blood from
three samples using the Blood Maxi Kit (Qiagen,
Hilden, Germany) and quantified by real-time
quantitative PCR [57]. Blood samples either derived
from one individual sampled within this study under
written informed consent (approved by the ethics
commission of the Medical University of Innsbruck
under study number 1086/2017) or were purchased
from Biotrend (Köln, Germany). Bisulfite conversion
was performed with 200 ng extracted DNA using the
Premium Bisulfite Kit (Diagenode, Ougrée, Belgium)
according to the manufacturer’s protocol. An
additional dry spin before elution was performed to
prevent ethanol carry-over into the PCR. A total of 2
µl converted DNA was used for primer tests with the
Multiplex PCR Kit (Qiagen) in 25 µl assay volume.
Annealing temperature gradient PCRs were performed
to optimise the singleplex reactions to test primers
targeting ASPA, PDE4C and EDARADD as well as
with the entire multiplex system. Post-PCR
purification was performed with 1.5X volume of
AMPure XP beads (Beckman Coulter, Brea,
California, USA) and 15 µl low TE (10 mM Tris, 0.1
mM EDTA, pH 8) were used for elution. PCR
products were evaluated for amplicon yield and size on
the Bioanalyzer using the DNA 1000 Kit (both Agilent
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Technologies, Santa Clara, CA, USA). The final
multiplex PCRs were carried out using the
thermocycler steps: initial denaturation at 95° C for 15
min; 38 cycles of 95° C for 10 s, 57° C for 30 s, 72° C
for 30 s; final elongation at 72° C for 10 min.
PCR products were also assessed with Sanger
sequencing to verify all amplicons before massively
parallel sequencing as described in [58]. In brief,
reactions were carried out using BigDye Terminator
v1.1 Cycle Sequencing kit (Thermo Fisher Scientific TFS, Waltham, MA, USA) in 10 µl reaction volumes
and 0.3 µM primer (listed in Table 1). The thermal
cycling comprised steps: 96° C for 1 min; 25 cycles of
95° C for 15 s, 50° C for 5 s and 60° C for 4 min. Cycle
sequencing products were purified using centrifugation
over Sephadex G-100 columns (Amersham, Little
Chalfont, UK). Electrophoresis of sequencing products
was performed on an ABI3500 instrument (TFS) using
standard settings. Raw sequences were analysed with
the Sequencer 5.1 (Gene Codes Corporation, Ann
Arbor, MI, USA) software and assembled with an inhouse prepared reference (bisuflite converted reference
for targeted amplicons).
Massively parallel sequencing and data analysis
All PCR products were quantified using the Qubit
dsDNA HS Assay Kit (TFS) for library preparation. All
protocol steps were performed in half volume with 50 ng
purified PCR products using the KAPA Hyper Prep Kit
with KAPA Library Amplification Primer Mix and
KAPA SI Adapter Kit Set A+B at 15 µM (all Roche,
Basel, Switzerland), following the manufacturer’s
instructions. Post-ligation and post-amplification cleanups were performed with 0.8X and 1X AMPure XP
beads, respectively. Libraries were amplified with 5
PCR cycles. Purified libraries were quantified with the
KAPA Library Quantification Complete kit (Roche) and
evaluated using the DNA 1000 Kit on the Bioanalyzer.
For sequencing, libraries (N = 24 per run) were pooled
equimolarly (4 nM) and processed according to the
MiSeq System Denature and Dilute Libraries Guide,
Protocol A (Document #15039740 v10; Illumina, San
Diego, CA, USA). All libraries were diluted to 7 pM and
spiked with 2 µl 20 pM PhiX control v3. For assay
optimization, sequencing was performed with the MiSeq
Reagent Kit v2 2x 150 cycles or the MiSeq Reagent Kit
v3 2x 200 cycles (both Verogen, San Diego, CA, USA).
Assay re-optimization (final design)
In order to balance amplicon yields, PDE4C primers
were tested at increasing concentrations (0.4 µM, 0.6
µM, 0.8 µM, 1 µM). Multiplex PCR was performed
with 8 µl eluate from bisulfite conversion of 200 ng
DNA, followed by library preparation according to the
protocol described above. Final libraries were evaluated
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on the Bioanalyzer using the DNA 1000 Kit
(Supplementary Figure 2). The newly optimized
multiplex PCR was tested using the MiSeq Reagent v3
kit, which allows for longer read lengths (v3: 600 cycles
versus v2: 300 cycles) and provides higher output (v3:
13.2 to 15 GB versus v2: 4.5 to 5.1 GB).
Performance evaluation with DNA standards of
known methylation state
Assay evaluation was performed with artificially
methylated DNA standards, which were prepared using
the human WGA methylated and non-methylated DNA
Set (Zymo Research, Irvine, CA, USA). Fully
methylated and non-methylated control DNA samples
were diluted to 20 ng/µl in low TE and quantified with
the Qubit dsDNA HS Assay Kit (TFS). These two
control DNA dilutions were mixed at different volume
proportions to achieve 5%, 10%, 25%, 50% and 75%
methylated DNA standards. DNA inputs stated for
assay evaluation refer to the DNA amount used for
bisulfite conversion. The optimum DNA input (200 ng)
is indicated by the manufacturer of the Premium
bisulfite kit. The whole eluate from bisulfite conversion
could be used for the multiplex PCR to increase
sensitivity however, to ensure equal volumes within the
performance evaluation, 8 µl of eluate were used for
amplification. DNA methylation standards at optimum
input were used to test the first assay design (duplicates
of 0%, 25%, 50%, 75% and 100% methylated DNA
standards) as well as the re-optimized protocol (design
2; duplicates of 5%, 10%, 25%, 50%, 75% methylated
DNA standards and one replicate of 0% and 100%
methylated control). Sensitivity assessment of the reoptimized protocol was performed with 200 ng, 100 ng,
50 ng, 20 ng, 10 ng and 1 ng DNA input of a 50%
methylated DNA standard. Samples were processed
together with negative template controls (NTC, PCR
grade water) for all steps with two NTCs selected for
sequencing. Sequencing baseline noise was below the
1,000 reads threshold at all amplicons for NTC-1 (mean
= 169.9 ± 89.1 paired reads). NTC-2 (mean = 747.5 ±
972 paired reads) showed higher read depth at KLF14
C1 and C2 (mean = 5702.5 paired reads) and TRIM59
C1 to C3 and C8 (1,064 paired reads). Inspection in
IGV showed misaligned reads at KLF14 causing high
read depth (Supplementary Figure 3A), whereas a low
level of contamination at TRIM59 cannot be fully
excluded. However, read depth was very low compared
to the overall read depth at this amplicon (overall mean
= 141,623.1 ± 33,757.9 paired reads).
Development of predictive models
Samples used in predictive modelling
Peripheral blood was collected in EDTA-tubes from 160
unrelated, healthy individuals: 80 males and 80 females in
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the age range 1–75 years (mean 40.2 ± 22.7) under two
research projects AEVITAS (DOBR/0002/R/ID1/2012/)
and NEXT (DOB-BIO7/17/01/2015). These sampling
regimes were approved by the Commission of Bioethics
at the Institute of Cardiology in Warsaw (IK-NP-002179/1396/13) and the Ethics Committee of the Jagiellonian
University in Krakow (KBET/122/6120/11/2016); plus
1072.6120.24.2017 for retrospective analysis of samples.
In all cases informed consent was provided by participants
or their legal representatives (parents). Buccal swabs from
160 unrelated, healthy individuals: 80 males and 80
females in the age range 2–80 years (mean 40.6 ± 22.8)
were obtained from a previous EUROFORGEN project
(7PR UE, grant no 28548) with the consent of the
Commission on Bioethics of the Regional Board of
Medical Doctors in Krakow for retrospective analysis of
samples (48 KBL/OIL/2008; OIL/KBL/23/2017).
Samples were divided into training and testing sets for
statistical analyses as presented in Table 2. A set of 161
bone samples (occipital bone or femoral shaft): 129 males
and 32 females in the age range 19–93 years (mean 46.1 ±
14.8) was collected during routine autopsies, performed
by a forensic medical examiner at the Department of
Forensic Medicine, Medical College of Jagiellonian
University in Krakow. In addition, blood, muscle (rectus
abdominis muscle) and costal cartilage were collected
from 24 individuals. The samples were stored at -80° C
until further processing. The time from death to autopsy
ranged from 1 to 5 days. The study was approved by the
ethics committee of the Jagiellonian University in
Krakow, Poland (KBET/122.6120.86.2017).
DNA extraction and quantification
DNA from blood was extracted using a modified salting
out procedure [59], PrepFiler Express™ Forensic DNA
Extraction Kit (TFS) or standard phenol-chloroform
method. Previously used DNA extracts were stored
frozen, at 4° C or room temperature (the percentage of
methylation detected from different storage conditions
was checked randomly and compared with previous
Pyrosequencing results) [12]. DNA from buccal swabs
and postmortem samples including bones was extracted
using a silica-based method with Sherlock AX kit (A&A
Biotechnology, Gdansk, Poland). Bone surfaces were
cleared of soft tissue with a sterile scalpel and the entire
exterior was abraded with a grindstone attached to a
Dremel rotary tool to remove potential contaminants.
Before the extraction bone pieces (~1cm3) were treated
with 15% bleach for 1min, repeatedly shaken with 100%
ethanol and distilled water (dH2O), and finally subjected
to UV irradiation. The thoroughly dried samples were
pulverized using a FreezerMill 6750 apparatus (Spex
CertiPrep, NJ, USA) and EDTA decalcification applied
to each of the samples. DNA concentration was
measured in all samples using Qubit dsDNA HS Assay
Kit with the Qubit instrument.
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Bisulfite sequencing of samples using the VISAGE
assay
DNA from blood was subjected to bisulfite conversion
(BC) using the Qiagen 96-well bisulfite conversion kit
(Qiagen, Hilden, Germany). In most blood samples,
2,000 ng of DNA was used, and elution was made in
100 µl of elution buffer. In 27 samples with lower DNA
concentration (400 ng or less) the elution volume was
reduced to 40 µl. Bisulfite conversion of DNA extracted
from buccal swab samples and the 233 postmortem
samples (161 bone samples and 72 tissues samples) was
conducted with the EZ DNA Methylation-Direct Kit
(Zymo Research). In all swab samples, DNA input for
bisulfite conversion was 200 ng in an elution volume of
10 µl. In samples collected postmortem, the DNA input
for BC was 500 ng and the elution volume was 25 µl.
DNA methylation data was collected for all samples
using the VISAGE assay. Each PCR reaction contained
5 µl bisulfite converted DNA except for samples with
lower DNA concentration when 8 or 10 µl BC DNA
were used for the PCR amplification. MPS sequencing
was performed on the Illumina MiSeq FGx instrument
with the MiSeq FGx ForenSeq Reagent Kit, MiSeq
Reagent Kit v2 300 cycles and MiSeq Reagent Kits
Nano 300 cycles with 5% PhiX Control (except for the
first experimental run, which used 1% PhiX Control).
The final DNA pool was diluted to 7-12 pM, depending
on the run and tissue type. Pools were made from 40 to
74 libraries (including 0% and 100% DNA methylation
controls) combined. The MiSeq instrument was set to
perform paired-end sequencing of 151 reads in both
directions and to complete the data collection, seven
main and five additional sequencing runs were
performed (Supplementary Table 4).
Data analysis
MPS data analysis
Alignment was carried out relative to a custom
reference genome containing only the targeted
sequences (Supplementary Table 5) using an adapted
Burrows-Wheeler alignment for bisulfite converted
DNA sequences – bwa-meth [60]. An additional quality
control step was performed on the raw data (fastq) for
the samples used for predictive modelling, which was
reviewed in detail with FastQC software [61]. Bam file
creation, sorting, filtering and indexing was performed
with Samtools [62]. Alignments of all samples were
inspected using the Integrative Genomics Viewer (IGV)
[63]. Total numbers of read information was extracted
from amplicon positions using bam-readcount with
minimum mapping quality and minimum base quality
thresholds set to 30 [https://github.com/genome/bamreadcount]. At target CpG sites, obtained C reads were
divided by the sum of C reads and T reads to calculate
beta values. Observed methylation values refer to
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percentage beta values. Bisulfite conversion efficiency
of samples was estimated by calculating the percentage
of mean reversed beta values from all non-CpG-Cs (T
reads divided by the sum of C reads and T reads). Total
coverage refers to the sum of the number of reads per
amplicon (one CpG site per amplicon was selected).
Read depth was normalized by dividing the read depth
at target positions by the total coverage. Only CpG sites
with the minimum number of 1,000 reads were accepted
for further analyses including the prediction modelling
that was then applied to the data. For statistical analyses
Microsoft Excel and R [https://www.r-project.org/] [64]
were used.
Statistical analysis and prediction modelling
The correlation between age and DNA methylation
levels at the 44 investigated CpGs in eight genes was
analyzed in a training set of 112 carefully selected DNA
samples from blood, 112 samples from buccal cells and
112 samples from bones (Table 2). The effect size of
particular loci was defined with standardized regression
coefficients (β). The linearity of DNA methylation-age
correlation was verified for all the tested CpGs. A clear
non-linear pattern of correlation was noted for ELOVL2,
which is in agreement with previous studies [28, 43]
and therefore, DNA methylation data for this marker
were power transformed before multivariate linear
regression analysis was applied. The proportion of age
variance explained by individual predictors and their
cumulative impact was assessed based on the
calculation of R2 coefficients. The same datasets of 112
blood, 111 buccal cells samples and 111 bone samples
were used to develop linear regression age prediction
models. The selection of a set of optimal markers was
performed by stepwise linear regression with
probability of F statistic, based on a statistical test of the
improvement in model error, used as a criterion for
predictors entry/removal. The developed models were
further tested using an independent set of 48 blood
samples, 48 buccal cells samples and 49 bone samples
(Table 2). The potential applicability of the developed
models to predict age in some other human cell types
was verified in a study involving three tissue types
collected from 24 deceased individuals (aged 21-73).
This experiment involved blood, cartilage and muscle
samples. All the analyses were conducted using PS
IMAGO PRO 5.1 software (IBM SPSS Statistics 25).
DNA methylation data comparison to the VISAGE
basic assay
Data generated using the VISAGE basic prototype tool
from 0%, 5%, 10%, 25%, 50%, 75% and 100%
methylated DNA standards (Run1; 200 ng DNA input
to bisulfite conversion using the Premium bisulfite kit
[19]) was re-analyzed with bam-readcount. The mean
methylation values from duplicates were used to
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calculate the differences between the two assays and to
test for statistically significant differences between the
two assays. Statistical testing was carried out in R using
the “linearHypothesis” function implemented in the
package “cars”. To control for the family-wise error in
multiple hypothesis testing, P-values were adjusted
using the Bonferroni method.

AUTHOR CONTRIBUTIONS
WB and WP conceived the study with contributions
from CP and MK. EP and WB were responsible for
marker’ selection and supervised the development of the
predictive models. AFR contributed to marker selection.
AH developed assay design, performed laboratory work
and data analysis, CX contributed to assay design,
laboratory work and data analysis, MdP and HN
contributed to laboratory work and data analysis. AP,
AW, RP, MS were responsible for the collection and
preparation of blood and buccal swabs. DPR and MW
were responsible for the collection and preparation of
bone samples. AW, AP, EK, MB performed laboratory
work. AW and AH drafted the first version of the
manuscript with contributions by other coauthors. WB,
WP, MK, CP shaped the final version of the manuscript.
All authors approved the final manuscript.

CONFLICTS OF INTEREST
The authors declare that they have no conflicts of
interest.

FUNDING
This study received support from the European Union’s
Horizon 2020 Research and Innovation Programme
under grant agreement No. 740580 within the
framework of the Visible Attributes through Genomics
(VISAGE) Project and Consortium. MdlP was supported
by a postdoctoral fellowship awarded by the Consellería
de Cultura, Educación e Ordenación Universitaria and
the Consellería de Economía, Emprego e Industria from
Xunta de Galicia (Modalidade A, ED481B 2017/088).
We would like to thank Martin Steinlechner and
Burkhard Berger for their support (both Institute of
Legal Medicine, Medical University of Innsbruck). Ana
Freire-Aradas was supported by a postdoctorate grant
funded by the Consellería de Cultura, Educación e
Ordenación Universitaria e da Consellería de Economía,
Emprego e Industria from Xunta de Galicia, Spain
(Modalidade B, ED481B 2018/010).

REFERENCES
1.

Bell PJT, Tsai PC, Yang TP, Pidsley R, Nisbet J, Glass D,
Mangino M, Zhai G, Zhang F, Valdes A, Shin SY,

AGING

Dempster EL, Murray RM, et al, and The MuTHER
Consortium.
Epigenome-wide
scans
identify
differentially methylated regions for age and agerelated phenotypes in a healthy ageing population.
PLoS Genetics. 2012; 8:e1002629.
https://doi.org/10.1371/journal.pgen.1002629

9.

2.

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
PMID:24138928

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
PMID:23177740

10. Vidaki A, Kayser M. Recent progress, methods and
perspectives in forensic epigenetics. Forensic Sci Int
Genet. 2018; 37:180–95.
https://doi.org/10.1016/j.fsigen.2018.08.008
PMID:30176440

4.

5.

6.

Florath I, Butterbach K, Müller H, Bewerunge-Hudler
M, Brenner H. Cross-sectional and longitudinal changes
in DNA methylation with age: an epigenome-wide
analysis revealing over 60 novel age-associated CpG
sites. Hum Mol Genet. 2014; 23:1186–201.
https://doi.org/10.1093/hmg/ddt531
PMID:24163245
Levine ME, Lu AT, Quach A, Chen BH, Assimes TL,
Bandinelli S, Hou L, Baccarelli AA, Stewart JD, Li Y,
Whitsel EA, Wilson JG, Reiner AP, et al. An epigenetic
biomarker of aging for lifespan and healthspan. Aging
(Albany NY). 2018; 10:573–91.
https://doi.org/10.18632/aging.101414
PMID:29676998
Spólnicka M, Pośpiech E, Pepłońska B, Zbieć-Piekarska
R, Makowska Ż, Pięta A, Karłowska-Pik J, Ziemkiewicz
B, Wężyk M, Gasperowicz P, Bednarczuk T,
Barcikowska M, Żekanowski C, et al. DNA methylation
in ELOVL2 and C1orf132 correctly predicted
chronological age of individuals from three disease
groups. Int J Legal Med. 2018; 132:1–11.
https://doi.org/10.1007/s00414-017-1636-0
PMID:28725932

7.

Horvath S, Raj K. DNA methylation-based biomarkers
and the epigenetic clock theory of ageing. Nat Rev
Genet. 2018; 19:371–84.
https://doi.org/10.1038/s41576-018-0004-3
PMID:29643443

8.

Lu AT, Quach A, Wilson JG, Reiner AP, Aviv A, Raj K,
Hou L, Baccarelli AA, Li Y, Stewart JD, Whitsel EA,
Assimes TL, Ferrucci L, Horvath S. DNA methylation
GrimAge strongly predicts lifespan and healthspan.
Aging (Albany NY). 2019; 11:303–27.
https://doi.org/10.18632/aging.101684
PMID:30669119

www.aging-us.com

6475

Schneider PM, Prainsack B, Kayser M. The use of
forensic DNA phenotyping in predicting appearance
and biogeographic ancestry. Dtsch Arztebl Int. 2019;
51:873–80.
https://doi.org/10.3238/arztebl.2019.0873
PMID:31941575

11. Weidner CI, Lin Q, Koch CM, Eisele L, Beier F, Ziegler P,
Bauerschlag DO, Jöckel KH, Erbel R, Mühleisen TW,
Zenke M, Brümmendorf TH, Wagner W. Aging of blood
can be tracked by DNA methylation changes at just
three CpG sites. Genome Biol. 2014; 15:R24.
https://doi.org/10.1186/gb-2014-15-2-r24
PMID:24490752
12. Zbieć-Piekarska R, Spólnicka M, Kupiec T, ParysProszek A, Makowska Ż, Pałeczka A, Kucharczyk K,
Płoski R, Branicki W. Development of a forensically
useful age prediction method based on DNA
methylation analysis. Forensic Sci Int Genet. 2015;
17:173–79.
https://doi.org/10.1016/j.fsigen.2015.05.001
PMID:26026729
13. Naue J, Sänger T, Hoefsloot HC, Lutz-Bonengel S,
Kloosterman AD, Verschure PJ. Proof of concept study
of age-dependent DNA methylation markers across
different tissues by massive parallel sequencing.
Forensic Sci Int Genet. 2018; 36:152–59.
https://doi.org/10.1016/j.fsigen.2018.07.007
PMID:30031222
14. Cho S, Jung SE, Hong SR, Lee EH, Lee JH, Lee SD, Lee
HY. Independent validation of DNA-based approaches
for age prediction in blood. Forensic Sci Int Genet.
2017; 29:250–56.
https://doi.org/10.1016/j.fsigen.2017.04.020
PMID:28511095
15. Jung SE, Lim SM, Hong SR, Lee EH, Shin KJ, Lee HY. DNA
methylation of the ELOVL2, FHL2, KLF14,
C1orf132/MIR29B2C, and TRIM59 genes for age
prediction from blood, saliva, and buccal swab
samples. Forensic Sci Int Genet. 2019; 38:1–8.
https://doi.org/10.1016/j.fsigen.2018.09.010
PMID:30300865
16. Giuliani C, Cilli E, Bacalini MG, Pirazzini C, Sazzini M,
Gruppioni G, Franceschi C, Garagnani P, Luiselli D.
Inferring chronological age from DNA methylation
patterns of human teeth. Am J Phys Anthropol. 2016;
159:585–95.
https://doi.org/10.1002/ajpa.22921
PMID:26667772

AGING

17. Lee HY, Hong SR, Lee JE, Hwang IK, Kim NY, Lee JM,
Fleckhaus J, Jung SE, Lee YH. Epigenetic age signatures
in bones. Forensic Sci Int Genet. 2020; 46:102261.
https://doi.org/10.1016/j.fsigen.2020.102261
PMID:32087494
18. Márquez-Ruiz AB, González-Herrera L, Luna JD,
Valenzuela A. DNA methylation levels and telomere
length in human teeth: usefulness for age estimation.
Int J Legal Med. 2020; 134:451–59.
https://doi.org/10.1007/s00414-019-02242-7
PMID:31897670
19. Heidegger A, Xavier C, Niederstätter H, de la Puente M,
Pośpiech E, Pisarek A, Kayser M, Branicki W, Parson W,
and VISAGE Consortium. Development and
optimization of the VISAGE basic prototype tool for
forensic age estimation. Forensic Sci Int Genet. 2020;
48:102322.
https://doi.org/10.1016/j.fsigen.2020.102322
PMID:32574993
20. Swango KL, Hudlow WR, Timken MD, Buoncristiani MR.
Developmental validation of a multiplex qPCR assay for
assessing the quantity and quality of nuclear DNA in
forensic samples. Forensic Sci Int. 2007; 170:35–45.
https://doi.org/10.1016/j.forsciint.2006.09.002
PMID:17071034
21. Kaminsky Z, Petronis A. Methylation SNaPshot: A
method for the quantification of site-specific DNA
methylation levels. Methods Mol Biol. 2009; 507:241–
55.
https://doi.org/10.1007/978-1-59745-522-0_18
PMID:18987819
22. Feng L, Peng F, Li S, Jiang L, Sun H, Ji A, Zeng C, Li C, Liu
F. Systematic feature selection improves accuracy of
methylation-based forensic age estimation in Han
Chinese males. Forensic Sci Int Genet. 2018; 35:38–45.
https://doi.org/10.1016/j.fsigen.2018.03.009
PMID:29631189
23. Kayser M, Parson W. Transitioning from forensic
genetics to forensic genomics. Genes (Basel). 2017; 9:3.
https://doi.org/10.3390/genes9010003
PMID:29271907
24. Naue J, Hoefsloot HC, Mook OR, Rijlaarsdam-Hoekstra
L, van der Zwalm MC, Henneman P, Kloosterman AD,
Verschure PJ. Chronological age prediction based on
DNA methylation: massive parallel sequencing and
random forest regression. Forensic Sci Int Genet. 2017;
31:19–28.
https://doi.org/10.1016/j.fsigen.2017.07.015
PMID:28841467
25. Vidaki A, Ballard D, Aliferi A, Miller TH, Barron LP,
Syndercombe Court D. DNA methylation-based
forensic age prediction using artificial neural networks

www.aging-us.com

6476

and next generation sequencing. Forensic Sci Int
Genet. 2017; 28:225–36.
https://doi.org/10.1016/j.fsigen.2017.02.009
PMID:28254385
26. Aliferi A, Ballard D, Gallidabino MD, Thurtle H, Barron
L, Syndercombe Court D. DNA methylation-based age
prediction using massively parallel sequencing data
and multiple machine learning models. Forensic Sci Int
Genet. 2018; 37:215–26.
https://doi.org/10.1016/j.fsigen.2018.09.003
PMID:30243148
27. 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
PMID:21731603
28. Bekaert B, Kamalandua A, Zapico SC, Van de Voorde W,
Decorte R. Improved age determination of blood and
teeth samples using a selected set of DNA methylation
markers. Epigenetics. 2015; 10:922–30.
https://doi.org/10.1080/15592294.2015.1080413
PMID:26280308
29. Huang Y, Yan J, Hou J, Fu X, Li L, Hou Y. Developing a
DNA methylation assay for human age prediction in
blood and bloodstain. Forensic Sci Int Genet. 2015;
17:129–36.
https://doi.org/10.1016/j.fsigen.2015.05.007
PMID:25979242
30. Freire-Aradas A, Phillips C, Mosquera-Miguel A, GirónSantamaría L, Gómez-Tato A, Casares de Cal M,
Álvarez-Dios J, Ansede-Bermejo J, Torres-Español M,
Schneider PM, Pośpiech E, Branicki W, Carracedo Á,
Lareu MV. Development of a methylation marker set
for forensic age estimation using analysis of public
methylation data and the agena bioscience EpiTYPER
system. Forensic Sci Int Genet. 2016; 24:65–74.
https://doi.org/10.1016/j.fsigen.2016.06.005
PMID:27337627
31. Eipel M, Mayer F, Arent T, Ferreira MR, Birkhofer C,
Gerstenmaier U, Costa IG, Ritz-Timme S, Wagner W.
Epigenetic age predictions based on buccal swabs are
more precise in combination with cell type-specific
DNA methylation signatures. Aging (Albany NY). 2016;
8:1034–48.
https://doi.org/10.18632/aging.100972
PMID:27249102
32. Masser DR, Berg AS, Freeman WM. Focused, high
accuracy 5-methylcytosine quantitation with base
resolution by benchtop next-generation sequencing.
Epigenetics Chromatin. 2013; 6:33.
https://doi.org/10.1186/1756-8935-6-33
PMID:24279302

AGING

33. Slieker RC, Relton CL, Gaunt TR, Slagboom PE,
Heijmans BT. Age-related DNA methylation changes
are tissue-specific with ELOVL2 promoter methylation
as exception. Epigenetics Chromatin. 2018; 11:25.
https://doi.org/10.1186/s13072-018-0191-3
PMID:29848354
34. Tusnády GE, Simon I, Váradi A, Arányi T. BiSearch:
primer-design and search tool for PCR on bisulfitetreated genomes. Nucleic Acids Res. 2005; 33:e9.
https://doi.org/10.1093/nar/gni012 PMID:15653630
35. Warnecke PM, Stirzaker C, Melki JR, Millar DS, Paul CL,
Clark SJ. Detection and measurement of PCR bias in
quantitative methylation analysis of bisulphite-treated
DNA. Nucleic Acids Res. 1997; 25:4422–26.
https://doi.org/10.1093/nar/25.21.4422
PMID:9336479
36. Wojdacz TK, Hansen LL, Dobrovic A. A new approach to
primer design for the control of PCR bias in
methylation studies. BMC Res Notes. 2008; 1:54.
https://doi.org/10.1186/1756-0500-1-54
PMID:18710507
37. Candiloro IL, Mikeska T, Dobrovic A. Assessing
alternative base substitutions at primer CpG sites to
optimise unbiased PCR amplification of methylated
sequences. Clin Epigenetics. 2017; 9:31.
https://doi.org/10.1186/s13148-017-0328-4
PMID:28392841
38. Naue J, Hoefsloot HC, Kloosterman AD, Verschure PJ.
Forensic DNA methylation profiling from minimal
traces: how low can we go? Forensic Sci Int Genet.
2018; 33:17–23.
https://doi.org/10.1016/j.fsigen.2017.11.004
PMID:29175600
39. Zbieć-Piekarska R, Spólnicka M, Kupiec T, Makowska Ż,
Spas A, Parys-Proszek A, Kucharczyk K, Płoski R,
Branicki W. Examination of DNA methylation status of
the ELOVL2 marker may be useful for human age
prediction in forensic science. Forensic Sci Int Genet.
2015; 14:161–67.
https://doi.org/10.1016/j.fsigen.2014.10.002
PMID:25450787
40. Leontiou CA, Hadjidaniel MD, Mina P, Antoniou P,
Ioannides M, Patsalis PC. Bisulfite conversion of DNA:
performance comparison of different kits and
methylation quantitation of epigenetic biomarkers that
have the potential to be used in non-invasive prenatal
testing. PLoS One. 2015; 10:e0135058.
https://doi.org/10.1371/journal.pone.0135058
PMID:26247357
41. Kint S, De Spiegelaere W, De Kesel J, Vandekerckhove
L, Van Criekinge W. Evaluation of bisulfite kits for DNA
methylation profiling in terms of DNA fragmentation

www.aging-us.com

6477

and DNA recovery using digital PCR. PLoS One. 2018;
13:e0199091.
https://doi.org/10.1371/journal.pone.0199091
PMID:29902267
42. Han Y, Franzen J, Stiehl T, Gobs M, Kuo CC, Nikolić M,
Hapala J, Koop BE, Strathmann K, Ritz-Timme S,
Wagner W. New targeted approaches for epigenetic
age predictions. BMC Biol. 2020; 18:71.
https://doi.org/10.1186/s12915-020-00807-2
PMID:32580727
43. Spólnicka M, Pośpiech E, Adamczyk JG, Freire-Aradas
A, Pepłońska B, Zbieć-Piekarska R, Makowska Ż, Pięta
A, Lareu MV, Phillips C, Płoski R, Żekanowski C, Branicki
W. Modified aging of elite athletes revealed by analysis
of epigenetic age markers. Aging (Albany NY). 2018;
10:241–52.
https://doi.org/10.18632/aging.101385
PMID:29466246
44. Garagnani P, Bacalini MG, Pirazzini C, Gori D, Giuliani C,
Mari D, Di Blasio AM, Gentilini D, Vitale G, Collino S,
Rezzi S, Castellani G, Capri M, et al. Methylation of
ELOVL2 gene as a new epigenetic marker of age. Aging
Cell. 2012; 11:1132–34.
https://doi.org/10.1111/acel.12005 PMID:23061750
45. Johansson A, Enroth S, Gyllensten U. Continuous aging
of the human DNA methylome throughout the human
lifespan. PLoS One. 2013; 8:e67378.
https://doi.org/10.1371/journal.pone.0067378
PMID:23826282
46. Correia Dias H, Cordeiro C, Corte Real F, Cunha E,
Manco L. Age estimation based on DNA methylation
using blood samples from deceased individuals. J
Forensic Sci. 2020; 65:465–70.
https://doi.org/10.1111/1556-4029.14185
PMID:31490551
47. Koch CM, Wagner W. Epigenetic-aging-signature to
determine age in different tissues. Aging (Albany NY).
2011; 3:1018–27.
https://doi.org/10.18632/aging.100395
PMID:22067257
48. Hamano Y, Manabe S, Morimoto C, Fujimoto S, Tamaki
K. Forensic age prediction for saliva samples using
methylation-sensitive high resolution melting:
exploratory application for cigarette butts. Sci Rep.
2017; 7:10444.
https://doi.org/10.1038/s41598-017-10752-w
PMID:28874809
49. Freire-Aradas A, Phillips C, Girón-Santamaría L,
Mosquera-Miguel A, Gómez-Tato A, Casares de Cal
MÁ, Álvarez-Dios J, Lareu MV. Tracking age-correlated
DNA methylation markers in the young. Forensic Sci Int
Genet. 2018; 36:50–59.

AGING

https://doi.org/10.1016/j.fsigen.2018.06.011
PMID:29933125
50. Pan C, Yi S, Xiao C, Huang Y, Chen X, Huang D. The
evaluation of seven age-related CpGs for forensic
purpose in blood from Chinese Han population.
Forensic Sci Int Genet. 2020; 46:102251.
https://doi.org/10.1016/j.fsigen.2020.102251
PMID:32006895
51. Pfeifer M, Bajanowski T, Helmus J, Poetsch M. Interlaboratory adaption of age estimation models by DNA
methylation analysis-problems and solutions. Int J
Legal Med. 2020; 134:953–61.
https://doi.org/10.1007/s00414-020-02263-7
PMID:32055939
52. Kananen L, Marttila S, Nevalainen T, Jylhävä J,
Mononen N, Kähönen M, Raitakari OT, Lehtimäki T,
Hurme M. Aging-associated DNA methylation changes
in middle-aged individuals: the Young Finns study. BMC
Genomics. 2016; 17:103.
https://doi.org/10.1186/s12864-016-2421-z
PMID:26861258
53. Hong SR, Jung SE, Lee EH, Shin KJ, Yang WI, Lee HY.
DNA methylation-based age prediction from saliva:
high age predictability by combination of 7 CpG
markers. Forensic Sci Int Genet. 2017; 29:118–25.
https://doi.org/10.1016/j.fsigen.2017.04.006
PMID:28419903
54. Li LC, Dahiya R. MethPrimer: designing primers for
methylation PCRs. Bioinformatics. 2002; 18:1427–31.
https://doi.org/10.1093/bioinformatics/18.11.1427
PMID:12424112
55. Lu J, Johnston A, Berichon P, Ru KL, Korbie D, Trau M.
PrimerSuite: a high-throughput web-based primer
design program for multiplex bisulfite PCR. Sci Rep.
2017; 7:41328.
https://doi.org/10.1038/srep41328 PMID:28117430
56. Vallone PM, Butler JM. AutoDimer: a screening tool for
primer-dimer and hairpin structures. Biotechniques.
2004; 37:226–31.
https://doi.org/10.2144/04372ST03
PMID:15335214

www.aging-us.com

6478

57. Niederstätter H, Köchl S, Grubwieser P, Pavlic M,
Steinlechner M, Parson W. A modular real-time PCR
concept for determining the quantity and quality of
human nuclear and mitochondrial DNA. Forensic Sci Int
Genet. 2007; 1:29–34.
https://doi.org/10.1016/j.fsigen.2006.10.007
PMID:19083725
58. Brandstätter A, Niederstätter H, Pavlic M, Grubwieser
P, Parson W. Generating population data for the
EMPOP database - an overview of the mtDNA
sequencing and data evaluation processes considering
273 Austrian control region sequences as example.
Forensic Sci Int. 2007; 166:164–75.
https://doi.org/10.1016/j.forsciint.2006.05.006
PMID:16829006
59. Miller SA, Dykes DD, Polesky HF. A simple salting out
procedure for extracting DNA from human nucleated
cells. Nucleic Acids Res. 1988; 16:1215.
https://doi.org/10.1093/nar/16.3.1215 PMID:3344216
60. Pedersen BS, Eyring K, De S, Yang IV, Schwartz DA. Fast
and accurate alignment of long bisulfite-seq reads.
Bioinformatics. 2014; 00:1–2. http://arxiv.org/abs/
1401.1129.
61. Andrews S. FastQC: A quality control tool for
high throughput sequence data. http://www.
bioinformatics.babraham.ac.uk?/projects/fastqc/. 2010;
http://www.oalib.com/references/8375023.
62. Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer
N, Marth G, Abecasis G, Durbin R, and 1000 Genome
Project Data Processing Subgroup. The sequence
alignment/map format and SAMtools. Bioinformatics.
2009; 25:2078–79.
https://doi.org/10.1093/bioinformatics/btp352
PMID:19505943
63. Robinson JT, Thorvaldsdóttir H, Winckler W, Guttman
M, Lander ES, Getz G, Mesirov JP. Integrative genomics
viewer. Nat Biotechnol. 2011; 29:24–26.
https://doi.org/10.1038/nbt.1754 PMID:21221095
64. R Core Team (R Foundation for Statstical Computing).
R: A Language and Environment for Statistical
Computing. 2019. https://www.r-project.org

AGING

SUPPLEMENTARY MATERIALS
Appendix

•

Centres and investigators of the VISible Attributes
through
GEnomics
(VISAGE)
Consortium
(http://www.visage-h2020.eu/):

•

•
•
•

•
•
•

Erasmus University Medical Center Rotterdam
(Netherlands): Manfred Kayser, Vivian Kalamara,
Arwin Ralf, Athina Vidaki.
Jagiellonian University (Poland): Wojciech
Branicki, Ewelina Pośpiech, Aleksandra Pisarek.
Universidade de Santiago de Compostela (Spain):
Ángel Carracedo, Maria Victoria Lareu,
Christopher Phillips, Ana Freire-Aradas, Ana
Mosquera-Miguel, María de la Puente.
Medizinische Universität Innsbruck (Austria):
Walther Parson, Catarina Xavier, Antonia
Heidegger, Harald Niederstätter.
Universität zu Köln (Germany): Michael Nothnagel,
Maria-Alexandra Katsara, Tarek Khellaf.
King's College London (United Kingdom): Barbara
Prainsack, Gabrielle Samuel.
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•

•
•
•
•

Klinikum der Universität zu Köln (Germany): Peter
M. Schneider, Theresa E. Gross, Jan Fleckhaus.
Bundeskriminalamt (Germany): Ingo Bastisch,
Nathalie Schury, Jens Teodoridis, Martina
Unterländer.
Institut National De Police Scientifique (France):
François-Xavier Laurent, Caroline Bouakaze, Yann
Chantrel, Anna Delest, Clémence Hollard, Ayhan
Ulus, Julien Vannier.
Netherlands Forensic Institute (Netherlands): Titia
Sijen, Kris van der Gaag, Marina Ventayol-Garcia.
National Forensic Centre, Swedish Police Authority
(Sweden): Johannes Hedman, Klara Junker, Maja
Sidstedt.
Metropolitan Police Service, London (United
Kingdom): Shazia Khan, Carole E. Ames, Andrew
Revoir.
Centralne Laboratorium Kryminalistyczne Policji
(Poland): Magdalena Spólnicka, Ewa Kartasińska,
Anna Woźniak.
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Supplementary Figures

Supplementary Figure 1. Measured versus expected methylation values as obtained for duplicates that were prepared
according to the first assay design. The dashed line indicates the line of identity (intercept = 0, slope = 1).
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Supplementary Figure 2. Bioanalyzer electropherograms (DNA 1000 kit) show final libraries after multiplex PCR with increasing
PDE4C concentrations: (A) 0.4 µM, (B) 0.6 µM, (C) 0.8 µM, (D) 1 µM. The PDE4C amplicon is marked with an arrow.
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Supplementary Figure 3. (A) IGV capture of alignments for NTC-2 KLF14 amplicon. Alignments are viewed as pairs and shown in squished
mode. Target CpG sites are indicated by arrows. (B) IGV capture of alignments for the low quantity 10 ng sample. Alignments at PDE4C are
viewed as pairs and shown in squished mode. Target CpG sites are indicated by arrows.

Supplementary Figure 4. (A) Methylation values obtained from seven differentially methylated DNA standards processed with the basic or
final VISAGE prototype tools. (B) Absolute difference between mean quantifications obtained for the two assays.
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Supplementary Figure 5. Assuming that methylation quantification of the DNA methylation standards using the basic tool or
the final tool do not differ significantly, the obtained values should be close to the line of identity (plotted line; intercept = 0,
slope = 1). This was tested by comparing the linear regression model based on the experimental data of each marker with the line of
identity (regression line is indicated by the dashed, blue line). Results failed to indicate at the 5% Type−I error level a statistically significantly
superior performance of the empirical regression model to the line of identity for all five markers (Bonferroni corrected P−values:
ELOVL2_C7: 0.681, KLF14_C1: 1.000, MIR29B2CHG_C1: 1.000, FHL2_C2: 0.756, TRIM59_C7: 1.000).

Supplementary Figure 6. Correlation between DNA methylation and chronological age in 3 tissue types collected from 24
deceased individuals.
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Supplementary Tables
Please browse Full Text version to see the data of Supplementary Tables 1, 3, 5.

Supplementary Table 1. Characteristics of all the CpG sites analysed in the study and the results of univariate
association testing for age and CpG sites analysed in training sets for blood (N=112), buccal cells (N=112) and
bones (N=112).
Supplementary Table 2. Average difference of measured methylation values between duplicates (5% to 75%
methylated DNA standards; N = 5) obtained for all CpG sites per marker.
Marker
ASPA
EDARADD
ELOVL2
FHL2
KLF14
MIR29B2CHG
PDE4C
TRIM59
overall

CpGs (N)
1
2
9
10
4
3
7
8

Mean
1.39
1.26
1.23
1.26
0.81
3.01
4.76
1.74
1.93

SD
1.59
0.78
0.76
0.82
0.98
2.45
3.69
0.6
1.23

Median
0.69
1.68
1.03
1.18
0.36
2.62
3.94
1.74
1.33

Minimum
0.13
0.05
0.02
0.14
0.01
0.13
0.47
0.56
0.81

Maximum
3.81
2.21
2.89
2.79
2.9
7.46
12
2.85
4.76

Supplementary Table 3. Primer sequences tested for multiplex PCR optimizations.
Supplementary Table 4. List of sequencing runs for data collecting, used Illumina® MiSeq Kits, library
concentration, % PhiX Control and number of pooled samples (including methylation standards 0% and 100%).
Run
1
2
3
4
5
6
7
8
9
10
11
12
13

Run name
Swab1
Blood1
Blood2.1
Blood2.2 *
Blood3
Swab2
Swab3
Swab+blood*
Swab+blood*
Tissue
Bones1+blood*
Bones2
Bones3+blood*

Used kit
MiSeq Reagent Kit Micro v2 300 cycles
MiSeq FGx v3 600 cycles
MiSeq FGx v3 600 cycles
MiSeq FGx v3 600 cycles
MiSeq FGx v3 600 cycles
MiSeq FGx v3 600 cycles
MiSeq FGx v3 600 cycles
MiSeq Reagent Kit Nano v2 300 cycles
MiSeq Reagent Kit Nano v2 300 cycles
MiSeq Reagent Kit v2 300 cycles
MiSeq Reagent Kit v2 300 cycles
MiSeq FGx v3 600 cycles
MiSeq FGx v3 600 cycles

Lib. conc. [pM]
7
7
9
11
12
12
12
10
10
10
10
12
12

% PhiX control
1
5
5
5
5
5
5
5
5
5
5
5
5

No. samples
40
40
62
62
67
62
63
8
5
72
64
72
67

*additional runs for some samples due to missing data.

Supplementary Table 5. Sequences used for FASTA file preparation (GRCh38).
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