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ABSTRACT
It is widely thought that individuals age at different rates. A method that measures “physiological age” or
physiological aging rate independent of chronological age could therefore help elucidate mechanisms of aging
and inform an individual’s risk of morbidity and mortality. Here we present machine learning frameworks for
inferring individual physiological age from a broad range of biochemical and physiological traits including
blood phenotypes (e.g., high-density lipoprotein), cardiovascular functions (e.g., pulse wave velocity) and
psychological traits (e.g., neuroticism) as main groups in two population cohorts SardiNIA (~6,100 participants)
and InCHIANTI (~1,400 participants). The inferred physiological age was highly correlated with chronological
age (R2 > 0.8). We further defined an individual’s physiological aging rate (PAR) as the ratio of the predicted
physiological age to the chronological age. Notably, PAR was a significant predictor of survival, indicating an
effect of aging rate on mortality. Our trait-based PAR was correlated with DNA methylation-based epigenetic
aging score (r = 0.6), suggesting that both scores capture a common aging process. PAR was also substantially
heritable (h2~0.3), and a subsequent genome-wide association study of PAR identified significant associations
with two genetic loci, one of which is implicated in telomerase activity. Our findings support PAR as a proxy for
an underlying whole-body aging mechanism. PAR may thus be useful to evaluate the efficacy of treatments that
target aging-related deficits and controllable epidemiological factors.

INTRODUCTION

fundamental process independent of—though affected
by—overt disease? [1]. To answer this question, the
investigation of human aging rates must confront the
experimental hurdle presented by our long lifespans. As
a result, longitudinal studies of aging in human cohorts

The study of possible intrinsic aging rates is itself
venerable and continues to be motivated by Peter
Medawar’s pioneering question: does aging occur by a
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typically require significant resources invested over
many years. A reproducible framework for estimating
physiological age as a measurement of intrinsic age
progression would permit the analysis and evaluation of
treatments that target aging-related debilitation without a
need for expensive long-term studies [2–4]. To be
useful, biological aging rate measurements should be
relatively stable across time in longitudinal studies [3, 5,
6], account for aging at different biological levels [7–9],
and ideally be associated with disease risk and mortality
[3, 8]. Early attempts to estimate “biological age” using
individual biomarkers of aging (e.g., telomere length,
pulse wave velocity, grip strength, etc) produced only
modest correlations with chronological age [10–17].
Since there is little variation in human age at natural
death [18], true biological age is unlikely to deviate
markedly from chronological age—hence the need for a
more tightly correlated measure of biological age.

cardiovascular functions (e.g., pulse wave velocity) and
psychological traits (e.g., neuroticism) as main groups
from the SardiNIA longitudinal study of aging [48, 49]
to estimate human physiological age, a metric for
phenotypic and functional age progression [7]. From the
estimated physiological age, we derive a physiological
aging rate (PAR) as a measure of individual age
progression relative to chronological age. This
framework is used to determine the most ageresponsive, well-correlated, and relevant traits with
respect to physiological aging. Independently, we
develop a model for estimating physiological age in the
InCHIANTI longitudinal study [50, 51], for which we
find results similar to those in the SardiNIA study and
show positive correlation between PAR and the
epigenetic aging rate (EAR) based on DNA
methylation. We determine that PAR is a significant
predictor of survival and is appreciably heritable.
Additionally, a genome-wide association study
(GWAS) reveals single-nucleotide polymorphisms
(SNPs) that are significantly associated with PAR.
These findings may help to elucidate the physiological
and genetic underpinnings of the human aging rate.

Measurements of biological age based on DNA
methylation patterns have provided significantly higher
correlation (R2 > 0.8) with chronological age [19, 20]
and can also be associated with disease and death [21–
27]. However, the role of DNA methylation in the aging
process is still largely unclear [28]; it does not account
for higher biological levels such as physiology and
phenotype, which are presumably affected by other
aging-related mechanisms.

MATERIALS AND METHODS
Our primary goal was to predict an individual’s
physiological aging rate (PAR) based on his/her
quantitative traits by using machine learning methods.
We investigated several machine learning models, trait
selection and dimensionality reduction methods, and
data cleaning and sampling strategies to develop an
optimized framework. Each machine learning model
was trained on the entire trait set using chronological
age as the target variable. The predictive frameworks
were evaluated using the coefficient of determination
(R2) between the predicted age and chronological age.
The most promising model was then used to generate
physiological ages for individuals in SardiNIA and
separately trained to generate physiological ages for
individuals in InCHIANTI.

Given that aging is a complex process that manifests in
virtually all tissues and organs [29–31], it seems likely
that composite indices that summarize many molecular
and physiological traits to estimate biological age may
provide a route to greater understanding [5, 9]. Many
efforts have turned to quantitative models for measuring
biological age using sets of biomarkers; these models
have had success in measuring variations associated
with physiological decline, but may require certain
assumptions about biological aging or carefully curated
sets of traits [32–39]. An increasingly popular approach
for robust measurement of biological age is machine
learning, which involves building mathematical models
on a set of training data to predict a target variable [40].
Machine learning has been used to predict biological
age from DNA methylation patterns [19, 20], blood
serum markers [41], image data [42–44], and
transcriptomic and proteomic signatures [45–47].
Despite these advances, few biological age
measurements integrate traits from distinct hierarchical
levels (e.g., proteome, metabolome, and phenome) and
across the multiple organ systems in which aging is
manifest.

The general pipeline for estimating individual
physiological aging rate is listed below (also see
Supplementary Figure 1; we discuss the details in each
sub-section of Materials and Methods):

Here we use a machine learning approach with a broad
range of biochemical and physiological traits including
blood phenotypes (e.g., high-density lipoprotein),
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1.

The datasets were cleaned to remove missing
values. The strategy for data cleaning was
heuristically determined to preserve the maximum
number of traits and samples (see Supplementary
Materials).

2.

Individuals were binned by chronological age (see
Supplementary Figure 2 and Supplementary
Materials for details).

AGING

3.

Samples were split randomly into the training
(90%) and testing (10%) sets in each of the
chronological age bins.

4.

Traits were selected by the Fisher score computed
on the training set and trait values were
transformed with linear discriminant analysis. The
number of traits selected was predetermined as the
number
of
Fisher-rank-ordered
traits
corresponding to the maximum average R2 value
between predicted and actual age across 10,000
training-testing splits.

5.

relationships permitted heritability estimates from
pedigree information. The longitudinal nature of the
SardiNIA study (i.e., three follow-up waves in addition
to the baseline study) allowed us to study individual
aging rate dynamics across time [52].
The dataset included over 6100 participants and more
than 200 physiological and cognitive traits in total.
After cleaning missing entries in a trait-blind, iterative
manner, we retained over 4000 subjects and roughly
140 traits with complete data; they were used for model
development.

Machine learning models were trained to predict
chronological age on the training data set and
validated using the testing data set.

6.

Steps 3–5 were reiterated 10,000 times to create
enough training-testing splits to ensure wide
coverage of all participants. The physiological age
of an individual was the mean predicted age across
these 10,000 training-testing splits.

7.

The physiological aging rate (PAR) was calculated
as the ratio between physiological age and
chronological age for a given individual.

InCHIANTI longitudinal study
The InCHIANTI study was designed to understand the
physiological factors that affect mobility and included
measurements from many different physiological
systems [50, 51]. The studied population spanned two
sites: Greve in Chianti (11,709 inhabitants >65 years)
and Bagno a Ripoli (Village of Antella, 4704
inhabitants >65 years). The study started in 1998 with
1,463 subjects (age range 21.0 to 102.0 years, with a
mean of 69.0 years; 56% female) and included four
follow-up waves with the fourth wave retaining 687
subjects. The majority (1,020) of the subjects were
elderly (>65 years old). The study included
approximately 2,500 trait variants spanning six main
physiological subsystems: central nervous system,
peripheral nervous system, perceptual system, muscles,
bones/joints, and energy production/delivery [51]. The
InCHIANTI study provided similar advantages as the
SardiNIA study in genetic and environmental
homogeneity and its longitudinal nature. In addition,
InCHIANTI included data on DNA methylation for
many subjects, which were used to calculate DNA
methylation age estimates [50].

For the SardiNIA study, after computing PARs, we
estimated the heritability of PAR from pedigree
information. We also treated PAR as a quantitative trait
to perform a genome-wide association study (GWAS)
and to identify genetic variants (i.e., single nucleotide
polymorphisms, SNPs) significantly associated with
PAR. We examined the reproducibility of PAR
measurements across time using the follow-up studies
from each dataset. We determined significant
differences in PAR measurements between deceased
and living subjects. For the InCHIANTI study, we
compared our PARs with corresponding DNA
methylation age measurements [19, 20].

For the SardiNIA and InCHIANTI cohorts, we chose to
apply the machine learning models to the full set of
traits of each cohort. The main reason for this choice is
that the vast majority of current machine learning
methods require that individuals have all trait values
available (i.e., no missing data), and consequently, if we
were to try to use the same traits for both cohorts, we
could use only the smaller list of overlapping traits.
Another advantage of the current approach is that the
same method can be applied to data from any new study
without requiring that it provides exactly the same set of
traits.

Datasets
SardiNIA longitudinal study
Funded by the National Institute on Aging in 2001, the
SardiNIA Project (age range 14.0 to 101.3 years, with a
mean of 43.7 years; 57% female) is a longitudinal study
of human aging on the island of Sardinia, which is
notable for its long-lived population [48, 49]. Several
characteristics made this population ideal for modeling
physiological age. First, the study cohort is relatively
homogenous, which reduced genetic noise. Second,
environmental factors are more controlled in an island
population, which reduced possible noise due to
environmental heterogeneity. Third, the SardiNIA
dataset included sequencing information for most of its
cohort, making the study suitable for GWAS [52]. The
size of sequence coverage and availability of family
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Machine learning algorithms
We explored both classification and regression models
including the random forest classifier (RFC) [53],
elastic net (ElNet) regression [54], k-nearest neighbors
regressor (kNNR) [55], LASSO regression [56],
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multiple linear regression, and support vector machine
(SVM) [57] (see Supplementary Materials for model
specifications). Classification models required bin
labels, which were computed as the center
chronological age of each bin. Regression algorithms
utilized the individual chronological ages but required
binning to uniformly sample subjects from the age bins.
The machine learning algorithms were adapted from the
open-source Scikit-Learn machine learning library [58].

metrics to determine the accuracy of model-predicted
physiological age with respect to chronological age.
Pearson correlation (r) and coefficient of
determination (R2)
The primary measurement of correlation was the
Pearson correlation r and the closely related coefficient
of determination R2, which represented the proportion
of the variance in the target variable that could be
explained by the traits used in the model. The R2 value
was computed as the square of the Pearson correlation
coefficient r, (R2 = r2):

Random forest classifier
The random forest classifier from the Scikit-Learn
library [58] was selected for its optimal predictive
performance. Our model used 30 estimators, the Gini
impurity criterion, minimum sample splits of 2, and
minimum sample leaf sizes of 1. These model
parameter choices were determined heuristically. The
primary advantage afforded by the random forest model
is its natural ability to include ordinal and binary
features that are present in both SardiNIA and
InCHIANTI studies (e.g., yes/no answers to
questionnaires, categorized qualitative ratings of high,
moderate, and low, etc).

Mean absolute error (MAE)
The mean absolute error represented the magnitude of
difference between two continuous variables. The
MAE was calculated for N measurements of two
variables (x, y) as:
MAE =



N
i =1

xi − yi
N

The MAE measured the average difference between
chronological age and physiological age in a cohort of
𝑁 individuals and is represented in units of years.

Trait selection and dimensionality reduction
Measurements of age progression
Fisher trait scoring and selection
We utilized the Fisher scoring method for trait selection
[59]. For the training data, the trait values and the
corresponding chronological age bin labels were used to
assign a Fisher score to each trait. The number of Fisher
rank-ordered traits that maximized the average R2
between predicted and actual ages over 10,000 trainingtesting splits was used for model training. After trait
selection, the RFC model included 79 traits while the
common-trait RFC model included 52 traits in the
baseline SardiNIA study. Further dimensionality
reduction was performed using linear discriminant
analysis (LDA), which slightly improved the predictive
accuracy of the models (see Supplementary Materials,
Supplementary Figure 3).

Physiological aging rate
The physiological aging rate (PAR) represented the
characteristic aging rate for an individual from birth to
the time of measurement and was computed as the ratio
of predicted physiological age to chronological age:
Physiological Age
PAR =
Chronological Age
We chose to use the ratio rather than the difference
between physiological and chronological age because
the ratio accounts for the age of an individual such that
the same difference in ages would result in a larger
deviation in the PAR of a younger subject than that of
an older subject.
Interpretation of PAR
When PAR < 1, the individual’s physiological age is
less than their chronological age, they are aging slower
than expected for their age cohort; when PAR > 1, the
individual’s physiological age is greater than their
chronological age, so they are aging faster than expected.

Linear discriminant analysis
Linear Discriminant Analysis (LDA) was used for
dimensionality reduction before machine learning. LDA
is a generalization of the Fisher discriminant and
transforms a set of traits into N-1 linear discriminants
where N is the number of discrete classes (i.e., number
of age bins). We implemented the default
“LinearDiscriminantAnalysis” function from the ScikitLearn library [58].

Testing the association between PAR and mortality
We used two methods to study the effect of PAR on
survival (or mortality) using the SardiNIA cohort in
which we were able to collect information on mortality.
We recorded 263 deaths among the 4,415 SardiNIA
participants that had their PAR estimated using all

Statistical metrics
To measure the predictive performance of the different
predictive models, we employed several statistical
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traits. The deceased participants had ages from 16.3 to
76.7 years. We first applied the widely used survival
analysis model (Cox proportional hazards model) to test
whether PAR is a predictor for survival while adjusting
for age and sex. The PAR measurement was base-2
logarithm transformed [i.e., log2(PAR)] such that the
effect size of PAR on survival could be conveniently
interpreted as the hazard ratio with a two-fold change of
PAR. Second, we performed a comparative analysis
between the 263 deceased participants and the remaining
participants on their aging rates. To remove the potential
confounding of chronological age, we randomly paired
an age-matched living participant to each deceased
participant. The differences in the PAR measurements of
the pairs were then calculated as ΔPAR = PARdeceased –
PARliving, and a corresponding p-value was obtained from
a one-sided (ΔPAR > 0) one-sample t-test. The agematched comparison was performed 100,000 times and
ΔPAR and p-values were calculated for each comparison.

500 training-testing splits was calculated with respect to
a baseline performance of R 2 = 0.858 (SardiNIA) and
R2 = 0.702 (InCHIANTI). We refer to the difference in
model performance after removing a given trait as the
added value (R2) of the trait.

RESULTS
Intuition about physiological aging rate (PAR)
We used machine learning to infer an individual’s PAR
(see Materials and Methods for details), the ratio
between physiological age and chronological age, from
their physiological profile (i.e., set of quantitative trait
values) by comparing that profile to the trait values of
other participants in the study (“training data”). For
example, a 50-year-old man might have a physiological
profile (values of body mass index, pulse wave velocity,
NEOPIR assertiveness, etc.) that predicts a
physiological age of 48 years. As a result, he would
have PAR = 48/50 = 0.96 − i.e., aging slower than
expected for his chronological age peers.

Heritability
We used POLY software (http://people.virginia.edu/
~wc9c/poly) to estimate the heritability of the
physiological aging rate (PAR) based on the known
family structure in the SardiNIA cohort.

Comparison of machine learning models
We applied various machine learning models to predict
age from the SardiNIA trait data. Each machine
learning model was cross-validated for 10,000 different
training-testing splits to ensure convergent values for
individuals. Physiological age was then computed as the
mean predicted age for an individual across all splits for
which the individual was in the testing set. The
physiological aging rate (PAR) was calculated as the
ratio of physiological age to chronological age. The
average PAR and median PAR are close to one
(SardiNIA mean PAR = 1.04, median PAR = 1.00).
Slowed and accelerated aging correspond to PAR < 1
and PAR > 1 respectively.

GWAS
Genome-wide association studies (GWAS) have been a
powerful tool to infer genetic associations with diseases
and quantitative traits [60–62]. We treated PAR as a
quantitative trait and employed GWAS to determine
genetic loci significantly associated with PARs for the
SardiNIA study.
Trait ranking
We used three different methods to rank the traits in
SardiNIA and InCHIANTI. Each method was designed
to assess the relative importance of a trait to a different
measure of physiological aging. First, traits were scored
for their association to the physiological aging rate
(PAR) using the p-value from a two-tailed student’s ttest comparing the mean trait values of individuals in
the top PAR quartile and that of individuals in the
bottom PAR quartile. The fold change of the trait values
between the two quartiles was used to quantify the
relation between significant traits and the PAR.
Secondly, traits were scored for their association with
the physiological age using the Pearson correlation 𝑟
between the trait values and the measured physiological
age of individuals. Finally, traits were scored for their
contribution to the predictive performance (R2) of the
model. Each trait was independently removed from the
model, and the average loss in model performance over
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We used the coefficient of determination (R2) between
the actual and predicted ages to evaluate the
performance of each model. Higher R2 values indicated
better model performance, with most individuals having
concordant chronological and physiological age. All
machine learning models produced well-correlated
physiological age estimates (R2 > 0.8; see Figure 1A).
The physiological age and PAR measurements were
also highly correlated between any two machine
learning models (R2 > 0.9 for physiological ages; R2 >
0.7 for PARs; see Figure 1B). These similarities suggest
the presence of a model-agnostic, intrinsic physiological
aging signal. The top-performing model, the random
forest classifier (RFC) (R2 = 0.86 for the SardiNIA
baseline study; see Figure 1C), reached performance
saturation with 37 rank-ordered traits when all
individuals were involved in training/testing, or with
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75 individuals when all traits were involved in
training/testing (see Supplementary Figure 3).

with subject age for both studies. In SardiNIA, there
was no significant difference between the PAR
measures of male and female study participants (see
Supplementary Figure 6). The distribution of PARs
obtained from the RFC model was also generally
independent of age (Figure 1D) and highly similar
between the SardiNIA and InCHIANTI studies despite
notable differences in the chronological age range of the
two
cohorts
(see
Supplementary
Materials,
Supplementary Figure 7). However, the very youngest
individuals were distinctly more likely to have PAR > 1,

Results were consistent between the baseline study and
all follow-up waves of the SardiNIA study and were
also consistent between all study visits in the
InCHIANTI study (see Supplementary Figure 4 and
Supplementary Figure 5 respectively). In the baseline
study, the standard deviation in predicted age was 2.6
years for SardiNIA and 3.3 years for InCHIANTI, and
standard deviation in predicted age was uncorrelated

Figure 1. Predictive performance of machine learning models. (A) Comparison of the predictive performance measured by the
coefficient of determination (R2) and mean absolute error (MAE) for all machine learning models investigated in the study. The random
forest classifier (RFC) model was among the top-performing models. (B) Physiological aging rates were highly correlated between different
models. Shown is a tileplot of R2 between PARs obtained from different models where darker green corresponds to higher values. (C)
Physiological ages predicted by the RFC model were well-correlated with chronological ages of individuals in the SardiNIA study. (D)
Physiological aging rate (PAR) of individuals obtained from the RFC model was weakly correlated with chronological age. All figures shown
are for the baseline (W1) SardiNIA study. Similar results as in (C) and (D) were observed in follow-up waves of the SardiNIA study, for the
elastic net regression model, and in the InCHIANTI study (see Supplementary Materials).
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and the very oldest individuals were more likely to have
PAR < 1. This trend may be due to several factors:
selection bias, with individuals who survived to
advanced age being more likely to have a slower
intrinsic aging rate; different underlying biology for the
youngest individuals who are undergoing development;
or artefacts in the classification procedure caused by the
absence of data for individuals younger than the
youngest or older than the oldest in the cohort (see
“Linear rescaling and trimming to correct for the
imbalanced distribution of PARs across age” in
Supplementary Methods for details on linear rescaling
and/or trimming of predicted ages to reduce the PAR
imbalance). Removing the youngest and oldest age
bins resulted in a more balanced distribution of PARs
across chronological age but did not significantly
change the correlation of physiological age with
chronological age in either SardiNIA or InCHIANTI
(see Supplementary Figure 8).

increase of the death hazard (p-value = 0.010). As age
and sex were included as covariates in the model, we
also observed that independent of PAR, a one-year age
increase would increase the hazard by 1.11 fold
(p-value <2 × 10−16) and that males have a hazard 1.67
times higher than females (p-value = 6 × 10−5). As a
point of comparison, we used the well-known KlemeraDoubal method (KDM) to compute biological age using
six traits: C-reactive protein, creatinine, glycated
hemoglobin, total cholesterol, urea nitrogen, and
systolic blood pressure [37]. Unlike PAR, the KDM
biological aging rate was not significantly associated
with mortality (p = 0.53, Cox regression with age, sex,
log2 (KDM aging rate); 275 deaths, ~26,800 personyears).
To provide more evidence for the association between
PAR and mortality, we then randomly age-matched
deceased individuals with living participants and
compared their aging rates. We performed 100,000
randomizations and found that 77.4% of the agematched comparisons had significant differences (p <
0.05) in the mean PAR values of the deceased and
living subjects with a mean ΔPAR of 0.016 (Figure 2A).
Nearly all random age-matched comparisons reported
ΔPAR > 0 (Figure 2A). In contrast, the randomized
control showed, as expected under null, few (5.2%) pvalues < 0.05 and a mean ΔPAR = 0.00 (Figure 2B).
Furthermore, lifespans of these individuals were
negatively correlated with the corresponding PARs in
both the full-trait model (r = −0.491, Figure 2C) and
common-trait model (r = −0.469, see Supplementary
Figure 11). These results all suggest that individuals
with lower PARs outlived their counterparts with higher
PARs.

Using common traits
Models for estimating physiological age are especially
useful if they can work with commonly measured traits.
Therefore, we trained the RFC model on a reduced set
of SardiNIA traits that are part of routine clinical
screenings. The physiological age obtained from this
model was again strongly correlated with chronological
age (R2 = 0.78 for RFC). The addition of ten
cardiovascular biomarkers that are commonly measured
in cardiology specialty clinics resulted in a total of 65
traits (52 after Fisher trait selection, see Methods; full
list in Supplementary Materials) and further increased
model performance to a level comparable to the fulltrait model (R2 = 0.85 for random forest on the baseline
SardiNIA data, see Supplementary Materials). The
physiological age and PAR measurements obtained
from this “common-trait model” correlated well with
their counterparts from the full-trait model (R2 = 0.95
for physiological age; R2 = 0.8 for PAR, see
Supplementary Figure 9). These results are consistent
with a clinically relevant intrinsic process of aging (see
Discussion). Results for the common-trait model were
also consistent for follow-up waves of SardiNIA (see
Supplementary Figure 10).

Correlation of physiological aging rate (PAR) with
epigenetic aging rate (EAR)
DNA methylation (DNAm) ages were measured for
individuals in the baseline study and the most recent
follow-up study of InCHIANTI with the Horvath model
[20]. Using the same method for calculating PAR, we
calculated a DNA methylation-based epigenetic aging
rate (EAR) as the ratio between the DNAm age and the
chronological age for an individual. The mean EAR was
correlated with the mean PAR (R2 = 0.36, r = 0.6,
Figure 3A) despite the two modalities representing
measures of aging from separate biological levels (i.e.,
methylome for EAR; proteome, metabolome, and
phenome for PAR). The positive correlation between
EAR and PAR persisted after eliminating the effect of
chronological age and sex as confounding variables
(see Supplementary Figure 12). Both PAR and EAR
measurements were largely uncorrelated with
chronological age. In addition to DNA methylation-

Physiological aging rate is associated with mortality
Next, we assessed the clinical relevance of the new
aging rate measurement. Specifically, we tested whether
PAR is associated with mortality using two methods.
First, a Cox proportional hazards model showed that
independent of chronological age and sex, PAR was a
significant predictor for survival (263 deaths, ~51,000
person-years). As shown in Table 1, a two-fold higher
aging rate was significantly associated with a 3.59 fold
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Table 1. The effect of physiological aging rate (and age and sex) on survival from a cox proportional hazards model.

Age

0.11

Exp (Coefficient) -hazard ratio
1.11

Sex

0.51

1.67

4.02

5.9e-5

log2(PAR)

1.28

3.59

2.57

0.010

Coefficient

based aging rates from [20], the PAR was also
positively correlated with DNA methylation-based
aging rates [19], GrimAge aging rates [24], and
PhenoAge aging rates [23] (see Figure 3B). We also
computed the KDM biological age [37] using eight
markers from InCHIANTI, which were C-reactive
protein, creatinine, glycated hemoglobin, albumin, total
cholesterol, alkaline phosphatase, urea nitrogen, and
systolic blood pressure. The PAR was better correlated
than KDM biological aging rate with all DNA
methylation-based aging rates except PhenoAge, which

z-statistic

p-value

15.69

<2e-16

suggests that the PAR is a relatively good proxy for
DNA methylation-based aging measures.
Heritability and GWAS of physiological aging rate
We estimated the extent to which PAR is heritable
using pedigrees. PARs from the full-trait RFC model
observed moderate heritability (h2 = 0.33), and PARs
obtained using the common-trait model were similarly
heritable (h2 = 0.30). These values were comparable to
previous estimates for the heritability of aging and

Figure 2. Physiological aging rates are associated with mortality. (A) Age-matched mortality analysis: 265 deceased participants
were randomly paired with age- Matched ± 0.5 years) living participants in the baseline SardiNIA study. We calculated the difference in the
mean PAR measurements of the two groups, ΔPAR = PARdeceased – PARliving and the corresponding p-value from a one-sided, one-sample ttest for ΔPAR > 0.The age-matched grouping was performed 10000 times and ΔPAR and p-values were calculated for each of the 10000
comparisons. 77.4% of the age-matched comparisons produced significantly greater than zero ΔPAR values (p < 0.05) and the mean ΔPAR
across all comparisons was 0.016. Nearly all comparisons (>99%) had ΔPAR > 0, which indicated that PARdeceased > PARliving on average. (B)
Randomized, age-matched control comparisons produced a 5.2% frequency of significantly greater than zero (p < 0.05) ΔPAR values and the
mean ΔPAR was 0.00. Consistent with random assignment, 50.8% of the ΔPAR values were greater than zero. (C) Lifespans for individuals
were negatively correlated with PARs (r = −0.491).
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longevity (Karasik et al., 2005). Furthermore,
modifications of the PAR measurements such as linear
rescaling of physiological ages increased heritability up
to h2~0.45 (see Supplementary Materials and
Supplementary Figure 13; see Supplementary Figure 14
for linearly rescaled physiological age results). Like
typical traits, the physiological aging rate, a proxy for
the intrinsic aging process, appears to have a significant
genetic component.

locus, LINC00202, also referred to as FAM238C
(Figure 4B, most significant LINC00202 SNP with p =
3.94E-10). The LINC00202 locus also contained the top
SNPs for PAR measurements from the common-trait
model (p = 1.100E-8) and from other machine learning
models (e.g., elastic net regression, p = 2.153E-10).
LINC00202 is a long intergenic non-coding RNA with
largely uncharacterized function (see Discussion). Other
genes with suggestive p-values for possible associations
with PAR (p < 5.00E-7) include APLF, ARHGAP15,
SCD5, SOGA2, HIVEP1, ANKRD26, DYNC2LI1,
ZNF518B, TMEM45A, CLDN10, and CSMD1 (see
Supplementary Materials for a discussion of these
genes).

The heritability of PAR encouraged us to perform
genome-wide association studies (GWAS) in SardiNIA
using PAR as a quantitative trait. GWAS identified two
genome-wide significant loci [16 significant (p < 5.00E8) single-nucleotide polymorphisms] associated with
PAR. Six SNPs fell in the CFI/GAR1 locus located on
chromosome 4 (Figure 4A, most significant CFI/GAR1
SNP with p = 5.55E-10), which has already been linked
to aging in earlier studies (see Discussion). CFI/GAR1
also harbored the most significant SNP associated with
physiological age acceleration (PAA), another measure
of age progression (p = 4.07E-9) (see Supplementary
Materials), and was among the top SNPs associated
with the PAR from the common-trait model (p =
1.731E-7) and with other machine learning models
(e.g., elastic net regression model, p = 2.95E-7, see
Supplementary Materials).

Trait ranking and biomarkers of aging
We ranked the traits in the SardiNIA study and
separately for the InCHIANTI study using three distinct
methods (see Methods). These included measuring the
difference in trait values between the top and bottom
PAR quartiles (Figure 5A), correlation of traits with
physiological age (Figure 5B), and the additional
contribution of each trait to model performance (Figure
5C), which is similar to variable importance for random
forest models [63]. Although, as outlined in the
Methods, the sets of traits used in SardiNIA and
InCHIANTI were not identical, the top ranked traits
showed general concordance in the two studies. For
example, a set of cardiovascular traits were ranked as

Three significant SNPs and seven significant proximally
located SNPs (p < 5.00E-8) were observed at the second

Figure 3. Correlation between epigenetic aging rate and physiological aging rate. Correlation between PAR and other aging rate
measures. (A) Mean physiological aging rates (PARs) obtained from physiological age measurements were correlated (R 2 = 0.362, r = 0.601)
with the mean epigenetic aging rates (EARs) calculated for the same individuals across the baseline and latest follow-up InCHIANTI studies
using the Horvath DNAm age. (B) Pearson correlation values between different pairings of aging rate measures including PAR, Horvath
DNAm age, the Hannum DNAm age, GrimAge, rescaled PhenoAge, and the corrected KDM biological age with eight covariates.
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top traits in both cohorts. In SardiNIA, CCA intima
media thickness, pulse wave velocity, and diastolic
CCA diameter were highly ranked across all three
methods (Figure 5). Several other cardiovascular traits
also received high scores, including peak systolic
velocity, integral time velocity, end diastolic velocity,
and mean supine systolic blood pressure. Most of

these traits were also highly ranked among the set of
common and cardiovascular SardiNIA traits (Spearman
correlation of ρ = 0.92, see Supplementary Figure 15),
corroborating the comparable predictive performance
between the common-trait and the full-trait models. The
prevalence of high-scoring cardiovascular traits was
likewise seen in the InCHIANTI study cohort, including

Figure 4. Significant genetic loci obtained from genome-wide association study. (A) CFI/GAR1 was significantly associated with
the physiological aging rate (PAR). CFI is a complement factor and has been linked to age-related macular degeneration and other agerelated disorders. GAR1 is an accessory protein for the active telomerase complex and is an eQTL target of the top CFI/GAR1 SNPs. (B)
LINC00202 was significantly associated with the PAR and corresponded to a long non-coding RNA that has been indirectly linked to agerelated disease. Plots were made using LocusZoom (Pruim et al., 2010).
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pulse wave velocity, systolic blood pressure, and
repolarization phase among the top 5% of ranked traits.

30%: uric acid, transferrin, waist circumference). In
particular, creatinine level was highly ranked by added
value (R2) to model performance and was also the
highest-ranked trait in the InCHIANTI study.
InCHIANTI trait rankings (see Methods) using the
epigenetic age and EAR resulted in similar sets of highranked features (see Supplementary Figure 17). Most of
the top traits from each scoring method have been
suggested earlier as biomarkers of aging, and others
may become candidate biomarkers (see Supplementary
Materials for full rankings of traits).

Some NEOPIR (Revised NEO Personality Inventory)
personality traits [64] were highly ranked in SardiNIA,
including fantasy, compliance, excitement seeking, and
assistance with personality test. Other highly ranked
SardiNIA traits across multiple methods included
general measures of obesity such as waist
circumference and body mass index, and blood
molecular markers such as cholesterol, nitrogen,
glucose,
sodium,
uric
acid,
and
alanine
aminotransferase levels. Many of these traits were also
present among the highest-ranking InCHIANTI traits
(see Supplementary Figure 16: in the top 5%: blood
nitrogen, creatinine, sodium intake, hypertension; in the
top 20%: cholesterol, IL-6, fibrinogen; and in the top

DISCUSSION
We present machine learning as a promising framework
for measuring physiological age from broad-ranging
physiological, cognitive, and molecular traits.

Figure 5. Top traits determined by three independent methods. (A) Volcano plot of the top traits in the full-trait model, which
included pulse wave velocity (pwv), CCA intima media thickness (vasIMT), peak systolic velocity (vasPSV), diastolic CCA diameter
(vasDiaDiam), waist circumference (exmWaist), and body mass index (exmBMI). Significant differences between the mean trait values of
subjects in the top and bottom PAR quartiles were determined using a two-tailed students t-test on each trait. The dotted line corresponds
to a Bonferroni-corrected threshold of p = 3.33 × 10−4 calculated from single-test threshold of p = 5.00 × 10−2. Many top traits were also
highly ranked in the common-trait model. (B) Traits rank-ordered by Pearson correlation (r) with physiological age measured using the fulltrait RFC model. (C) Traits rank-ordered by approximate added value (R2) for the full-trait RFC model in SardiNIA (R2 = 0.858 with all traits
used in model). Added value (R2) was averaged over 500 training-testing iterates for each trait. There was significant overlap in the highest
ranked traits across all three scoring methods and between the common-trait and full-trait models (see Supplementary Materials). Trait
names are as they appear in the SardiNIA study; descriptions of all traits are available in the Supplementary Materials.
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Physiological aging rate model

pathology-independent aging process—an answer to
Medawar’s famous question [1].

The measured physiological age is well-correlated with
chronological age (R2 > 0.8), and different sets of traits
give very comparable estimates of physiological aging
rate (PAR). Furthermore, PAR calculated from the
traits is correlated with the epigenetic aging rate (EAR)
(R2 = 0.36, r = 0.6), even though the two aging rates are
based on separate biological frameworks. Comparisons
with aging rates derived from newer epigenetic age
models, such as GrimAge [24] and phenotypic
epigenetic age [22], could provide further insight into
this relationship.

Top traits identified through various methods
recapitulate previously identified associations between
physiological aging and/or age-related disease and
cardiovascular function [70–72], molecular markers,
physiological measurements, and personality features.
A few novel exceptions are promising candidates for
new biomarkers of aging (e.g., NEOPIR compliance
and agreeableness, step-climbing endurance, and hand
tapping coordination).
PAR as a predictor of survival

The physiological age estimates obtained from the
model are well-correlated with chronological age and
comparable to epigenetic age measures. The approach
described here joins other recent attempts to quantify
“aging” from functional parameters. It is encouraging
that our results correlate with other approaches that are
also predictive of risk of mortality. In particular, the
PAR, as compared to the KDM biological aging rate, is
better correlated with GrimAge, the epigenetic age
score with the strongest mortality association [65].
Unlike many earlier studies on aging metrics, we show
that PAR is longitudinally stable for an individual (see
Supplementary Figure 18), with temporal correlation
comparable to that of epigenetic age acceleration
indices [66] and higher for shorter time differences,
which is a necessary and desirable property for
biological age measurements [3, 5, 6]. Also, because
PAR predictions are derived from multiple
physiological, cognitive, and molecular inputs that span
the proteome, metabolome, and phenome, they
potentially represent a larger fraction of the
manifestations of aging than earlier models. The model
maintains high predictive performance even after
reducing the trait set to 65 commonly accessible
markers. These traits can be efficiently and
inexpensively measured in many clinics already
equipped to collect them—making the model
framework, like some other current models [37], easily
adaptable for clinical studies and workflows.

Improved prediction of chronological age is not
necessarily associated with increased prediction of
mortality [73]. We used two methods to test directly
for association between PAR and mortality/survival.
As shown by a Cox proportional hazards model, a
two-fold increase of the aging rate would increase
the risk of dying by 3.59 fold, or equivalently, a
10% increase of aging rate would increase the risk
by 1.19 fold. Our second method showed that in
100,000 randomizations, deceased individuals had
significantly higher PARs (p < 0.05) than agematched living subjects 77.4% of the time. These
results clearly show the effect of aging rate on
survival and thus a prospective benefit of slowing
aging rates. In the same Cox survival model, we also
observed the effects of age and sex on survival (e.g., a
one-year age increase would increase the risk of dying
by 1.11 fold on average, and males have a risk 1.67
times higher than females of the same-age). These
results are consistent with numbers from other
resources. For example, based on the 2017 Actuarial
Life Table published by US Social Security
Administration, a 50-year-old man has a death
probability 1.09 times higher than a 49-year-old man,
and a 50-year-old man has a death probability 1.60
times higher than a 50-year-old woman. These
consistent results support the validity of the apparent
effect of PAR on survival. In comparison, aging rates
computed using the Klemera-Doubal method, another
non-epigenetic biological age model, were not
significantly associated with mortality.

We focused primarily on the random forest classifier
model in this investigation, but all machine learning
models detected a strong physiological aging signal (R2
> 0.80). The strength of the signal corroborates the
presence of a central aging effect that exists
independently of model type. This is an idea that has
been previously explored in theoretical models [67, 68]
and studies where temporal scaling of a central aging
rate was observed [69]. The top traits we found in both
SardiNIA and InCHIANTI studies are manifest in many
tissues and organs. The findings are thus consistent with
the likelihood that PAR represents the rate of a
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Heritability and GWAS signals for PAR
The heritability of PAR (~30%) implies a significant
genetic contribution to an individual’s aging rate.
Genome-wide association studies identified the
CFI/GAR1 and LINC00202 loci to be significantly
associated with the physiological aging rate. Both loci
have also been previously associated with aging and
age-related disease.
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Complement factor I (CFI) is involved in eliminating
pathogens, triggering inflammation, and removing
debris from cells and tissues [74–76]. Variants in the
CFI gene have been linked to age-related macular
degeneration (AMD) [75, 77–80], chronic infection
[81], and broader aging processes [77, 82].

processes that contribute to age-related phenotypes [89],
and are known to influence age-related cardiovascular
disease [90], oxidative stress responses and cellular
senescence [91], and many age-related debilitations
[92]. However, an exact role of LINC00202 in the aging
process remains to be determined.

But intriguingly, GAR1, encoded by the other candidate
gene at the locus, is one of four accessory proteins
associated with the telomerase ribonucleoprotein (RNP)
complex [83]. GAR1 polymorphisms have been
associated with differences in acute heart rate response
to exercise, which is a predictor of all-cause mortality
and cardiovascular mortality [84]. Other components
and effectors of telomerase have also been linked to
aging [60, 62, 85, 86].

Possible next steps
We used data from two independent longitudinal studies
(SardiNIA
and
InCHIANTI)
with
relatively
homogenous populations. Whether the significantly
PAR-associated loci and highest-scoring traits reported
in this investigation are reproducible in more
heterogenous populations must be investigated. Further
hyperparameter tuning and recent developments in
machine learning for handling sparse data [93] may also
be of value in maximizing the utility of trait data for age
prediction. Although PAR is measured from molecular,
physiological, and cognitive traits, inclusion of traits
from other data modalities may improve the metric.
Several modalities that are aging-associated and
potentially useful for PAR measurement include human
transcriptome profiles [45, 94, 95], proteome profiles
[46, 47], and image data [42, 43]. One natural extension
of our method, which is based on cross-sectional trait
data, is to use longitudinal data to predict a
physiological age at a subsequent visit (e.g., to predict
the aging rate at a subsequent visit based on the change
of traits over time or based directly on the aging rates
predicted at previous visits). This involves new method
development and deserves efforts from a separate study.

We retrieved information on significant single-tissue
expression quantitative trait loci (eQTLs) for CFI and
GAR1 mRNAs from the GTEx database [87]. All
significant CFI/GAR1 SNPs corresponding to significant
eQTLs were associated with the expression level of
GAR1 mRNA, but not with that of CFI. Further, GAR1
mRNA was the most significantly associated (p = 6.5E13) for the eQTL corresponding to the top CFI/GAR1
SNP (rs11940869) across all tissues. Significant eQTLs
corresponding to rs11940869 were found in several
tissue types, including brain (frontal cortex, caudate,
putamen) and esophagus mucosa (see Supplementary
Materials). Furthermore, we analyzed RNA-seq gene
expression profiles of tissues from six diverse GTEx
tissues (heart, lung, liver, thyroid, colon, cerebellum).
GAR1 mRNA levels were reduced with age in heart (r =
−0.135), lung (r = −0.313), and colon (r = −0.231)
tissues, whereas CFI mRNA expression levels did not
correlate substantially with age in most human organs
(see Supplementary Figure 19). These results suggest
that it may not be coincidental that telomerase, which is
associated with GAR1, was determined to be the critical
factor that prevents replicative senescence in the
fibroblast model for aging: the supply of active
telomerase to aging cells promotes their indefinite
growth and division, without activation of aging-related
SASP (senescence-associated secretory phenotype)
proteins. Our data suggest that effects on telomerase
activity and possibly related effects on chromatin are not
only markers for aging but may be part of the intrinsic
mechanism, implicating cell senescence.

Although we have emphasized the genetic contribution
to aging rates, the majority of PAR is still attributable to
environmental factors, including the effect of pathology.
Further investigation of correlations between PAR and
smoking or age-related diseases such as diabetes,
neurodegenerative disease, cancer, and cardiovascular
disease could further aid in characterizing the highestscoring traits and delineating potential aging-related
pathways. In turn, these analyses may offer additional
clinical utility for PAR in assessing the personalized
risk and natural history of patients for each disease.
The efficacy of treatments aimed at slowing the aging
process has traditionally been evaluated using
individual biomarkers or limited collections of related
biomarkers. Our current study has shown that PAR is a
significant predictor for survival and correlated with
epigenetic aging rate, providing evidence for a good
measurement of “aging”. Therefore, we see two
potential clinical applications of this intuitive metric—
the physiological aging rate: 1) physicians might
evaluate the efficacy of treatments and interventions on
the aging process by the change of PAR before and after

As for the other genome-wide significant signal in
LINC00202, expression quantitative trait loci affecting
LINC00202 expression have been significantly
associated with age-related endophenotypes in earlier
genome-wide association studies [88]. Although the
role of most lncRNAs remains unknown, a number of
lncRNAs have been shown to influence molecular
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the treatments; 2) based on the values of traits that
contribute to the aging rate, physicians can make
recommendations to individuals aimed at slowing the
aging process (e.g., making specific diet changes, doing
specific exercises). Notably, the recommendations
would be much the same that are currently
recommended by physicians, but the additional link of
PAR to risk of mortality might motivate patients to
overcome the typical reluctance to modify their
regimen.
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SUPPLEMENTARY MATERIALS
Supplementary Methods
Description of data cleaning and binning procedures

training and two testing samples for each of 10 age bins
(190 training and 20 testing in total). For wave 2, we
used (6, 27, 87) which yielded 19 training and two
testing samples for each of 10 age bins (190 training
and 20 testing in total). For wave 3, we used (6, 31, 91)
which yielded 20 training and two testing samples for
each of 10 age bins (200 training and 20 testing in
total).

Dataset cleaning strategy
Both SardiNIA and InCHIANTI datasets contained
substantial portions of missing values. Traits and
samples were dropped iteratively to preserve maximum
data size while maintaining a complete set of values. In
wave 1 of SardiNIA, the cleaning method reduced the
number of participants from 6165 to 4817 and the
number of traits from 183 to 148.

Machine learning model selection

Binning strategy
Binning strategies were determined empirically to
maximize both model performance and data retention.
We abbreviated a binning strategy as a tuple (bin size,
youngest age, oldest age). In the SardiNIA dataset,
optimal binning for wave 1 was set at (5, 12, 77), which
allowed for 120 training samples and 13 testing samples
from each bin per split and 13 total age bins (1560
training and 169 test samples in total). For wave 2, bins
with (5, 16, 81) were determined and yielded 83
training and nine testing samples per age bin with 13
total bins (1079 training and 117 test samples in total).
For wave 3, bins with (5, 20, 75) were determined and
yielded 81 training and eight testing samples per age bin
with 12 total bins (984 training and 96 test samples in
total). For wave 4, bins with (5, 21, 81) were
determined and yielded 49 training and five testing
samples for each of 12 age bins (588 training and 60
testing samples in total). A schematic of this binning is
shown in Supplementary Figure 2.

Description of main machine learning models
investigated in the study
In addition to the random forest classifier, we explored
other classical machine learning models outlined below.
Elastic net
We utilized the Scikit-Learn implementation of
elastic net regression (ElasticNet) [58], which was
equivalent to the glmnet implementation in R with
“alpha” and “l1_ratio” in Scikit-Learn corresponding
to “lambda” and “alpha” in glmnet. Elastic net uses a
penalty defined by a linear combination of the L1
and L2 penalties of the LASSO and Ridge
regressions. In our model, we used the default
uniform penalty weights specified by “l1_ratio = 0.5”
and “alpha = 1.0”.
K-nearest neighbors
We implemented the k-nearest neighbors regressor
from the Scikit-Learn library [58]. The algorithm
predicts the target variable from local interpolation
of the k nearest neighboring data points in highdimensional trait space. Our model used
“n_neighbors = 20”, “weights = 'distance'”, “p = 1”,
which were determined heuristically.

We used different binning strategies for the commontrait framework in SardiNIA to maximize sample
representation. The same age ranges and bin sizes
(5 years) were used to make fair comparisons to the
full-trait model. Sample sizes were increased to
saturate the smallest bin size: wave 1 (160 training,
18 testing), wave 2 (107 training, 12 testing), wave 3
(213 training, 24 testing), wave 4 (64 training, seven
testing).

Support vector machine (SVR)
We implemented the epsilon-support vector regressor
(SVR) from the Scikit-Learn library [58]. Our model used
the default parameters of “C = 1.0” and “epsilon = 0.1”.

As a study of frailty in older individuals, InCHIANTI
contained much lower representation of younger age
groups. Despite this, the same binning strategy was
employed to maintain fair comparisons to SardiNIA.
Interestingly, the smaller sample sizes did not
substantially decrease model performance. In the
baseline study (wave 0), bins of (6, 23, 89) provided
sufficient data for training (19) and testing (2) for each
of 11 age bins (209 training and 22 testing samples in
total). For wave 1, we used (6, 26, 86) which yielded 19

www.aging-us.com

Multiple linear regression (LinReg)
We implemented the default multiple linear regression
model (LinearRegression) from the Scikit-Learn library
[58].
Lasso
Lasso regression was implemented from the ScikitLearn library [58]. We used the elastic net model
(ElasticNet) with “l1_ratio = 1.0” to recover the lasso
regression.
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Saturation of model performance from traits and
samples
Model performance measured with R2 saturated after an
intermediate number of traits and after an intermediate
number of individuals (i.e., the saturation in
performance occurred before the maximum number of
traits or individuals was reached in virtually all cases).
For example, increasing the number of traits resulted in
marginal R2 gains after ~30 traits and after ~80
individuals per bin in the RFC full-trait model for the
SardiNIA baseline study (Supplementary Figure 3).
Corroborating these results, we observed no significant
difference in model performance (R2) when the model
was trained on the entire data as compared to uniform
sampling from age bins (data not shown).

most of the difference in PAR distribution between the
two studies are explained by the oldest and youngest
age bins. By removing PAR predictions for these edge
bins, the PAR distributions are nearly identical for
SardiNIA and InCHIANTI (Supplementary Figure 7B).
Common-trait model (RFC) trained on SardiNIA data
Reducing the traits to a subset of common clinical
and cardiovascular measurements from the SardiNIA
study (see Supplementary Table 1 for the description
of common traits) resulted in comparable model
performance as in the full-trait model. Physiological
ages were well-correlated with chronological age,
and PARs were weakly correlated with chronological
age across all SardiNIA studies. Similarly, the later
follow-up waves observed lower model performance,
possibly due to decreased numbers of participants
and overlapping traits. The PARs obtained from the
full-trait model and the common-trait model were
highly correlated (R 2 = 0.798; see Supplementary
Figure 9).

Trait transformation with linear discriminant analysis
(LDA) prior to training/testing increased predictive
performance in most machine learning models
(Supplementary Figure 3).
Physiological age and physiological aging rate (PAR)
computed with different model frameworks

Elastic net regression model trained on SardiNIA data
A high-performing regression method was the elastic
net regressor (R2 = 0.84 for SardiNIA W1). Previous
studies have used elastic net regression for age
estimation from blood biochemical measurements [41]
and for DNAm age calculation [1, 20]. Using the elastic
net model in lieu of the random forest model yielded
comparable results across each baseline and follow-up
study of SardiNIA (data not shown).

Random forest classifier (RFC) model for follow-up
waves
Model performances for the three follow-up studies
(W2, W3, W4) were highly similar to that of the
baseline (W1) SardiNIA study (see Supplementary
Figure 4). Physiological ages were well-correlated with
chronological age, and the PAR values were
approximately uniformly distributed and weakly
correlated with chronological age. It should be noted
that model performance (R2) decreased for the later
follow-up studies, which was likely due to a reduced
number of participants and reduced overlap with the
original trait measurements in the W1.

Gender-separated analysis of PARs
To determine if physiological differences between the
sexes biased the predictive models, we analyzed the
PAR measurements from the RFC model developed on
data including both genders to determine any
differences in the mean or spread of the PARs. We
observed no significant difference in the physiological
aging rate (PAR) and physiological age acceleration
(PAA) between male and female study participants
(Supplementary Figure 6).

InCHIANTI-trained random forest classifer model
(RFC)
We replicated our findings in the InCHIANTI
longitudinal study. The same RFC machine learning
framework yielded comparably well-correlated
physiological age measurements as those from the
SardiNIA study (see Supplementary Figure 5).
Likewise, the distribution of PAR measurements was
roughly uniform with age across all waves of the
InCHIANTI study.

Top traits in SardiNIA and InCHIANTI
Top traits for the RFC model in InCHIANTI study
The top traits in the InCHIANTI study were obtained
using baseline data with the same two scoring
strategies. Several cardiovascular traits were highly
ranked including pulse wave velocity (VEL), systolic
blood pressured (23_V28), proximal amplitude
(APROX), repolarization phase (RIPOL), and
atrioventricular conduction time (TAV) among
others; which reflected the high ranking of
cardiovascular traits in the SardiNIA data. Another

Similar distribution of PARs observed in SardiNIA
and InCHIANTI studies
Despite training the RFC models on studies with
different sets of quantitative traits, the PARs of
individuals in the SardiNIA study and the PARs of
individuals in the InCHIANTI were distributed
similarly (see Supplementary Figure 7A). Furthermore,
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top trait across multiple ranking methods was
creatinine clearance (CLCR, UCRE24), which is an
important indicator of renal health (Cockcroft &
Gault, 1976) and has been associated with aging
(Anderson & Brenner, 1986). Creatinine levels were
also highly ranked in SardiNIA. Additional overlaps
between top 20% InCHIANTI and the highestranking SardiNIA traits include waist circumference
(VITA), blood nitrogen levels (BUN), blood
fibrinogen levels (FIBRIN), cholesterol levels
(COLTOT, COLLDL, OX_LDL), sodium intake
(VN26), hypertension (IPERT1), uric acid (URICO),
transferrin (STRMG), IL-6 (IL_6). Other top traits
corresponded to frailty markers such as general
frailty (FRAIL, ALLFRA, NALLFR), exhaustion
(FEXHAU), weight loss (FWGTLS), grip strength
(FSTRNC), visual acuity (24_V35), and gait speed
(WLK1A, WSPD1B, WLK1MN, 17_V2, FWLKCT)—
many of which have been linked to aging (Fulop et al.,
2010; Kan et al., 2010; Bohannon et al., 2008). Other
high-ranking traits from the three scoring methods
included diagnosis of dementia (VASDEM, DEMENT),
insulin-like growth factor I (TIGF), fatty acid levels
(TFA_MO, C24_1B), coordination (PEGONE, 25_V14,
22_V34), and a variety of coordination task and
questionnaire results (18_V4, 18_V8, 25_V24, 25_V13,
4_V75, 5_V26, 1_N8, 17_V2, 8_V1, 12_V1, Q0208,
etc). Refer to Supplementary Figure 16.

across all four waves of the SardiNIA study. The
correlation between the PARs across each consecutive
wave (Δt = 3–4 years) was relatively stable (e.g., R2 ~
0.4 between the first two waves, see Supplementary
Figure 18) but decayed over longer time periods (e.g., R2
~ 0.3 for Δt = 6–7 years, R2 ~ 0.2 for Δt = 9–10 years).
PARs derived from the common-trait model observed
the same trends with marginally higher temporal
stability (see following subsection). Notably, the
InCHIANTI PARs showed higher consistency over time
than those from SardiNIA (R2 = 0.55 between baseline
and follow-up #1, R2 = 0.52 between baseline and
follow-up #2, R2 = 0.46 between baseline and follow-up
#3, see following subsection). These results indicated
that the physiological aging rate was stable for an
individual in the short-term—from several years up to a
decade—but appreciably destabilized over longer
periods of time. This destabilization may be reflecting
the environmental influences and heterogeneities. PAR
trajectories showcased the generally observed trend in
which slow agers retained low PARs while fast agers
retained high PARs across time (see Supplementary
Figure 18A, 18B). In fact, the average standard deviation
between PARs for a given individual across the four
waves was around 0.1 for both the full-trait model and
the common-trait model.
Common-trait RFC model in SardiNIA study
PAR measurements obtained using the common-trait
model for the same individual were correlated across
each of the baseline and follow-up studies of SardiNIA
(see Supplementary Figure 18C, 18D) such that there
was notable stability of PAR estimates over the period of
a few years. The mean standard deviation of individual
PAR measurements across the four waves of the study
was 0.085. The correlation between PARs decreased
monotonically with increased time (Δt) between the
measurements, which suggested that environmental
influences can noticeably change the PAR after the span
of a few years. Alternatively, this destabilization in the
PAR values over longer time periods may represent an
artefact of changes in data collection procedures and trait
measurements in the longitudinal studies.

Top traits for the common-trait RFC model in
SardiNIA
The top traits among the common clinical and
cardiovascular SardiNIA traits were determined using
the three scoring methods outlined in the Methods
section. For these methods, most of the top traits from
the full-trait set were present. The overlapping traits
included pulse wave velocity (pwv), CCA intima media
thickness (vasIMT), other cardiovascular traits
(vasEDV, vasvti, vasPSV, vasIP, vasDiaDiam, etc), and
waist circumference (exmWaist). Additional overlaps
included various blood serum levels of sodium
(labsSodiedemia), uric acid (labsAcidourico), and
alanine aminotransferase (labsALT). A notable
difference in the top traits for the common-trait model
was the lack of NEOPIR personality traits (o1, e5, a4,
form), which were not present in the common-trait set.
There was high rank-correlation between the commontrait and full-trait sets (Spearman correlation, ρ = 0.92).
Refer to Supplementary Figure 15.
Reproducibility of
follow-up studies

PAR

measurements

RFC model in InCHIANTI study
PAR measurements obtained from the RFC model for
the same individual were highly correlated across each
of the baseline and follow-up studies of InCHIANTI
(see Supplementary Figure 18E, 18F) such that there
was notable stability of PAR estimates over the period
of a few years. The mean standard deviation of
individual PAR measurements across the four waves of
the study was 0.048. The correlation between PARs
appeared to decrease with increased time (Δt) between
the measurements, which corroborated similar
observations made in the SardiNIA models.

across

RFC model in SardiNIA study
We determined the reproducibility of individual PARs
across time by using the RFC model to measure PARs
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Alternative age acceleration metric

rescale the predicted ages into the same dimensions as
chronological age and enforce a slope of ~1.0 between
the rescaled physiological age and the chronological age
(see Supplementary Figure 14A). The rescaling
preserved the relative information obtained from the
predictive model and reduced age-associated
imbalances in the PAR. The rescaling resulted in
normal distributions of PARs centered around a mean
age value corresponding to the chronological age of that
group (see Supplementary Figure 14B). The equation
for linear rescaling was

Physiological age acceleration (PAA)
The physiological age acceleration (PAA) corresponds
to the difference between the physiological age and
chronological age of an individual and was calculated as
PAA = Physiological Age − Chronological Age

The PAA is similar to the PAR in that it measures the
progression of an individual’s aging trajectory relative
to other individuals with the same chronological age.
This measurement was most comparable to DNAm age
acceleration.

[ Physiological Age] =

where α was the slope of the linear least-squares
regression with an L2 norm on coordinate pairs
determined by (chronological age, predicted age), and β
was the corresponding intercept. The L2 norm was used
since we expected the physiological ages to be normally
distributed around the chronological age for all
individuals of that given chronological age.

Epigenetic age acceleration (EAA)
The epigenetic age acceleration was similarly calculated
as the difference between the predicted epigenetic age
and the chronological age:
EAA= Epigenetic Age − Chronological Age

Our measurement of epigenetic age acceleration was
identical to previous methods of calculating intrinsic
epigenetic age acceleration [62].

Analytic details for the linear rescaling of
physiological age
A linear rescaling was applied to the predicted ages to
obtain the physiological age measurements. The
rescaling enforced the mean of the physiological ages as
the chronological age corresponding to each age group
and therefore symmetrized the distribution of the eRAs
across all ages. This was achieved with:

Controlling for sex and age in the comparison of
PAR and EAR
In the main text, we presented the correlation between
PAR and EAR without adjusting for any co-variation by
sex or chronological age (see Figure 3). Since both
aging rates are likely to be at least partially dependent
on chronological age (and sex to an extent), we also
compared the residual PAR and EAR values after
regressing out sex and chronological age using an
ordinary least-squares linear model. The correlation
between PAR and EAR was reduced but still positive
(R2 = 0.182; see Supplementary Figure 12).

[ Physiological Age] =

[ Predicted Age] − 


Where 𝛼 was the slope of the linear least-squares
regression with an L2 norm on coordinate pairs
determined by (chronological age, predicted age), and β
was the corresponding intercept. The L2 norm was used
since we expect the physiological ages to be normally
distributed around the chronological age for all
individuals of that given chronological age.

Linear rescaling and trimming to correct for the
imbalanced distribution of PARs across age
Motivation for linearly rescaled predicted ages
The random forest classifier showcased a slight
deviation from a uniform distribution of PAR
measurements despite the high predictive performance
(R2 = 0.86 between physiological age and chronological
age). Due to the deviation, the oldest individuals
recorded mean PAR < 1 and the youngest individuals
had mean PAR > 1. The deviation may be
representative of selection bias from the assumedly
longer survival of slower aging (PAR < 1) individuals.
However, another possible source of this deviation was
the lack of data for individuals beyond the age range
specified in SardiNIA. The elastic net model, a
regression method, produced a notably milder deviation.
To reduce the deviation, we attempted to linearly
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[ Predicted Age] − 
,


In this section, we provide an informal sketch for why
the rescaling equation results in the intended centering
of the physiological ages around the chronological age.
We denote the chronological age as 𝑥 and the predicted
(unscaled) age as 𝑦1 . Using a linear least squares
regression with an L2 norm, we obtain the linear model
parameters 𝛼 and 𝛽 such that the line that minimizes the
L2 residual is defined as:
y1ls =  x + 

We apply the rescaling transformation to obtain the
physiological (rescaled) age denoted y2. Similarly, we
can evaluate the linear least squares regression on the
rescaled data to obtain linear model parameters that
minimize the L2 norm such that:
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 2 ,  2 = argmin
 2 , 2

− y2,i

ls
2, i

2

models [101, 102]. ANKRD26 is flanked by the
LINC00202 locus (see Figure 4A), but analysis with
GTEx [87] did not identify any of the significant
LINC00202 SNPs as eQTLs for ANKRD26. ZNF518B
(p = 3.26E-7) has been associated with gout [103],
colorectal tumor invasion [104, 105], age-related
epigenetic changes [106], and is involved in histone
modification [107]. Notably, ZNF518B is downexpressed with age in all non-brain GTEx tissues
examined including heart (r = −0.231), liver (r =
−0.475), lung (r = −0.294), thyroid (r = −0.405), and
colon (r = −0.250) (see Supplementary Materials).
CSMD1 (p = 3.96E-7) was previously associated with
familial Parkinson’s disease [108] and cognitive
function [109]. Accordingly, CSMD1 was downexpressed with age (r = −0.314) in GTEx cerebellum
samples and did not appear to be age-associated in the
non-brain tissues examined. Using GTEx data, we
generated plots of the normalized gene expression value
across age for several key genes of interest (see
Supplementary Figure 19). Normalized gene expression
value was computed as the sum-normalized value for all
gene expression values in a given sample/patient
(similarly to TPM calculations).

i

y2,ls i =  2 x +  2

Substituting the definition of y2,ls i into the objective
function yields:

 2 ,  2 = argmin
 2 , 2

 x+
2

2

− y2,i

2

i

Since y2,i is the rescaled predicted age, then it must be
ls
that y2,i = y1,i −  . Additionally, we can rewrite x = y1 −  .




Substituting in these two relations yields:

 2 ,  2 = argmin   2
2 , 2



i

= argmin 
2 , 2

y1ls − 

i

1



+ 2 −

( 2 y1ls − y1,i ) −

y1,i − 

2



( − 1) +  2
 2

2

This is minimized for values of 𝛼2 = 1, 𝛽2 = 0 where
it reduces the physiological age objective function to



y1ls − y1,i

i



2

=

1



2

y

ls
1

− y1,i

2

i

which is the minimal objective value for the predicted
(unscaled) ages. As a result, the least squares linear
regression for the rescaled physiological ages can be
approximated as a rescaling of the linear regression for
the unscaled predicted ages.

Common-trait physiological aging rates predict
mortality
To determine whether common-trait PARs predicted
mortality and lifespan, we performed a random one-toone age-matched comparison on the 329 deceased
participants and the remaining living participants in the
SardiNIA study. The difference in the mean PAR
measurements of the two groups was calculated as ΔPAR
= PARdeceased − PARliving, and a corresponding p-value was
obtained from a one-sided (ΔPAR > 0) one-sample t-test.
The age-matched grouping was performed 10000 times
and ΔPAR and p-values. The fraction of significantly
different (p < 0.05) mean PAR values between the
deceased and living groups was 65.7% and the mean
ΔPAR was 0.013 (see Supplementary Figure 11). More
than 99% of the 10000 random age-matched comparisons
reported ΔPAR > 0 as compared to randomized controls
where 50.8% of the comparisons between two randomly
age-matched groups had ΔPAR > 0 (Supplementary
Figure 11). Estimated lifespans were similarly negatively
correlated with PARs in the common-trait model (r =
−0.469, Supplementary Figure 11).

Description of trimmed PAR values
We implemented another approach to reduce the ageassociated imbalance in PAR measurements, which was
to include the youngest and oldest edge bins (first five
years and last five years for SardiNIA W1) in model
training but exclude them from downstream analyses.
We refer to the reduced set of measurements as the
“trimmed” physiological age and “trimmed”
physiological aging rate. Trimming increased the slope
of the linear regression between chronological age and
physiological age.
Additional details on GWAS significant loci
APLF (p = 8.59E-8) encodes a histone chaperone
protein that is involved in non-homologous end-joining
(NHEJ) repair of DNA double strand breaks [96, 97],
which is linked to aging and age-related disease [98].
ARHGAP15 is associated with diverticulitis [99] and
colorectal cancer [100], and was selectively upregulated with age (r = 0.294) in colon tissue according
to GTEx RNA-seq gene expression profiles. ANKRD26
(p = 2.96E-7) has been associated with human diabetes
mellitus, cardiovascular disease, and neurodegenerative
disease in previous genome-wide studies [88] and has
been shown to promote diabetes and obesity in mouse
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Computational pipeline and code repository
The computational pipelines can be accessed at the
Github
code
repository:
https://github.com/sunericd/SardiNIAgeRates.
The
repository contains two Python scripts (“runModel.py”
and “AgeRatesTurnkey.py”) that are necessary for
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100. Pan S, Deng Y, Fu J, Zhang Y, Zhang Z, Ru X, Qin
X. Decreased expression of ARHGAP15 promotes
the development of colorectal cancer through
PTEN/AKT/FOXO1 axis. Cell Death Dis. 2018; 9:673.
https://doi.org/10.1038/s41419-018-0707-6
PMID:29867200

running the machine learning framework. The model
parameters are specified in the “run_spec.txt” file. In the
working directory, the machine learning framework can
be run with the command line python runModel.py.
After successfully running the model, results will be
saved as image files and a tab-separated text file with
columns corresponding to [ID] [Age] [Predicted Age]
[Physiological Aging Rate] and the rows corresponding
to each individual in the SardiNIA/InCHIANTI datasets.

101. Bera TK, Liu XF, Yamada M, Gavrilova O, Mezey E,
Tessarollo L, Anver M, Hahn Y, Lee B, Pastan I. A
model for obesity and gigantism due to disruption of
the Ankrd26 gene. Proc Natl Acad Sci U S A. 2008;
105:270–75.
https://doi.org/10.1073/pnas.0710978105
PMID:18162531

The Github repository also contains two Jupyter
notebooks
(“results_and_analyses.ipynb”
and
“top_traits.ipynb”) that outline code blocks for
generating most of the figures included in the main text
and supplementary materials and other examples for
analyzing the results of the machine learning
framework. Additional Jupyter notebooks in the
“Miscellaneous” directory on the repository contain
code used to test and develop the predictive frameworks
outlined in this investigation.

102. Raciti GA, Bera TK, Gavrilova O, Pastan I. Partial
inactivation of Ankrd26 causes diabetes with
enhanced insulin responsiveness of adipose tissue in
mice. Diabetologia. 2011; 54:2911–22.
https://doi.org/10.1007/s00125-011-2263-9
PMID:21842266
103. Jin TB, Ren Y, Shi X, Jiri M, He N, Feng T, Yuan D,
Kang L. Genetic variations in the CLNK gene and
ZNF518B gene are associated with gout in casecontrol sample sets. Rheumatol Int. 2015;
35:1141–47.
https://doi.org/10.1007/s00296-015-3215-3
PMID:25591661

The computational model was written in Python 3.5 and
requires NumPy, SciPy, Matplotlib, Pandas, and Scikitlearn to be installed. Optionally, XGBoost can be installed.

REFERENCES
96.

Mehrotra PV, Ahel D, Ryan DP, Weston R, Wiechens
N, Kraehenbuehl R, Owen-Hughes T, Ahel I. DNA
repair factor APLF is a histone chaperone. Mol Cell.
2011; 41:46–55.
https://doi.org/10.1016/j.molcel.2010.12.008
PMID:21211722

104. Gimeno-Valiente F, Riffo-Campos ÁL, Vallet-Sánchez
A, Siscar-Lewin S, Gambardella V, Tarazona N,
Cervantes A, Franco L, Castillo J, López-Rodas G.
ZNF518B
gene
up-regulation
promotes
dissemination of tumour cells and is governed by
epigenetic mechanisms in colorectal cancer. Sci Rep.
2019; 9:9339.
https://doi.org/10.1038/s41598-019-45411-9
PMID:31249328

97. Rulten SL, Fisher AE, Robert I, Zuma MC, Rouleau
M, Ju L, Poirier G, Reina-San-Martin B, Caldecott
KW. PARP-3 and APLF function together to
accelerate nonhomologous end-joining. Mol Cell.
2011; 41:33–45.
https://doi.org/10.1016/j.molcel.2010.12.006
PMID:21211721
98.

99.

105. Valiente FG, Riffo-Campos AL, Cervantes A, LópezRodas G, Franco L, Castillo J. First report of ZNF518B
gene expression as a prognostic factor in colorectal
cancer development: Role in tissue invasiveness.
Ann Oncol. 2018; 29.
https://doi.org/10.1093/annonc/mdy314.034

Lombard DB, Chua KF, Mostoslavsky R, Franco S,
Gostissa M, Alt FW. DNA repair, genome stability,
and aging. Cell. 2005; 120:497–512.
https://doi.org/10.1016/j.cell.2005.01.028
PMID:15734682

106. Bacos K, Gillberg L, Volkov P, Olsson AH, Hansen T,
Pedersen O, Gjesing AP, Eiberg H, Tuomi T, Almgren
P, Groop L, Eliasson L, Vaag A, et al. Blood-based
biomarkers of age-associated epigenetic changes in
human islets associate with insulin secretion and
diabetes. Nat Commun. 2016; 7:11089.
https://doi.org/10.1038/ncomms11089
PMID:27029739

Sigurdsson S, Alexandersson KF, Sulem P, Feenstra B,
Gudmundsdottir S, Halldorsson GH, Olafsson S,
Sigurdsson A, Rafnar T, Thorgeirsson T, Sørensen E,
Nordholm-Carstensen A, Burcharth J, et al.
Sequence variants in ARHGAP15, COLQ and
FAM155A associate with diverticular disease and
diverticulitis. Nat Commun. 2017; 8:15789.
https://doi.org/10.1038/ncomms15789
PMID:28585551

www.aging-us.com

107. Maier VK, Feeney CM, Taylor JE, Creech AL, Qiao
JW, Szanto A, Das PP, Chevrier N, Cifuentes-Rojas
C, Orkin SH, Carr SA, Jaffe JD, Mertins P, Lee JT.
Functional Proteomic Analysis of Repressive

23495

AGING

Histone Methyltransferase Complexes Reveals
ZNF518B as a G9A Regulator. Mol Cell Proteomics.
2015; 14:1435–46.
https://doi.org/10.1074/mcp.M114.044586
PMID:25680957

https://doi.org/10.1212/NXG.0000000000000177
PMID:28808687
109. Athanasiu L, Giddaluru S, Fernandes C, Christoforou
A, Reinvang I, Lundervold AJ, Nilsson LG, Kauppi K,
Adolfsson R, Eriksson E, Sundet K, Djurovic S,
Espeseth T, et al. A genetic association study of
CSMD1 and CSMD2 with cognitive function. Brain
Behav Immun. 2017; 61:209–16.
https://doi.org/10.1016/j.bbi.2016.11.026
PMID:27890662

108. Ruiz-Martínez J, Azcona LJ, Bergareche A, MartíMassó JF, Paisán-Ruiz C. Whole-exome sequencing
associates novel CSMD1 gene mutations with
familial Parkinson disease. Neurol Genet. 2017;
3:e177.

www.aging-us.com

23496

AGING

Supplementary Figures

Supplementary Figure 1. Computational workflow for measuring physiological age and physiological aging rates (PAR)
using the machine learning framework. These quantities were used to determine the most informative traits from the SardiNIA and
InCHIANTI physiological, cognitive, and molecular markers. We measured the reproducibility and heritability of PARs. PARs from deceased
participants were compared to age-matched living participants to determine the association of PAR with mortality and survival. GWAS on
the PARs revealed significant genetic loci associated with differences in the aging rate.
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Supplementary Figure 2. Age bin distributions for the baseline SardiNIA and InCHIANTI data. Training (green) and testing (red)
sample sizes per bin are labelled for the baseline study figures in each dataset. (A) In the baseline study of SardiNIA (W1), the individuals
were binned into 5-year age groups spanning 12 years to 77 years of age. For each random training and testing set split, each bin
contributes 120 training samples and 13 testing samples, resulting in a total set of 1560 training and 169 testing samples. (B) The baseline
InCHIANTI study (W0) had 19 training and 2 testing samples per age bin (11 total bins), which resulted in a total of 209 training samples and
22 testing samples per training-testing split. Similar binning strategies for the follow-up studies and SardiNIA common-trait model are
outlined in the text.
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Supplementary Figure 3. Model performance saturates for increasing number of rank-ordered traits and samples. Trends for
the two main machine learning models (RFC, ElNet) are depicted with or without trait transformation by linear discriminant analysis (LDA).
LDA improved model performance in virtually all cases. (A) Predictive performance (R2) of RFC saturated around 30 rank-ordered features
when using all 120 individuals, and (B) saturated around 80 individuals per bin when using 37 rank-ordered features. (C) Predictive
performance (R2) of ElNet saturated around 60 rank-ordered features when using all 120 individuals, and (D) saturated around 50
individuals per bin when using 79 rank-ordered features. Model performance typically saturated before the maximum number of traits or
samples was reached. Results were averaged over 100 training-testing splits for the baseline SardiNIA study.
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Supplementary Figure 4. Plots of physiological age and PAR against chronological age for all follow-up studies of SardiNIA
using the full-trait RFC model. Physiological wages were well-correlated to chronological age while PAR measurements were weakly
correlated with chronological age across all follow-up studies. Figures for the baseline SardiNIA study (W1) are shown in Figure 2C of the
main text.
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Supplementary Figure 5. Plots of physiological age and PAR against chronological age for all follow-up studies of InCHIANTI
using the full-trait RFC model. Physiological wages were well-correlated to chronological age while PAR measurements were weakly
correlated with chronological age across all follow-up studies.
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Supplementary Figure 6. Gender-separated analysis. (A) There is no significant difference between male and female participants in
the physiological aging rate (PAR) obtained from the RFC model on the SardiNIA dataset. (B) Likewise, there is no significant difference in
the physiological age acceleration measurements (PAA). See supplementary section on age acceleration calculation for a description of the
PAA measurement. Reported p-values correspond to independent t-test of means.
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Supplementary Figure 7. Comparison of distribution of PARs in the SardiNIA (gray) and InCHIANTI (red) population studies; (A) for all
individuals in each study; (B) for individuals that were not in the extreme-age (i.e. oldest and youngest) bins.
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Supplementary Figure 8. Removal of youngest and oldest age bins provides more balanced PAR distribution and produces
similar results. Shown are plots of physiological age and PAR against chronological age for the baseline and final follow-up studies of
SardiNIA and InCHIANTI with the youngest and oldest age bins (colored brown) removed. “Bound” refers to the range of age bins that was
used to compute the statistics (R2, MAE, slope and intercept of regression lines) shown in each plot.
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Supplementary Figure 9. Common clinical and cardiovascular traits model. Physiological aging rates (PAR) measured using the
common-trait RFC model were highly correlated with the PAR measurements obtained from the full-trait RFC model. All figures were
constructed using data from the baseline SardiNIA study.

www.aging-us.com

23505

AGING

Supplementary Figure 10. Plots of physiological age and PAR against chronological age for the baseline and follow-up
studies of SardiNIA using the common-trait RFC model. Results were comparable to the full-trait model. Physiological wages were
well-correlated to chronological age while PAR measurements were weakly correlated with chronological age across all follow-up studies.
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Supplementary Figure 11. Physiological aging rates from the common-trait model are associated with mortality. (A) 329
deceased participants were randomly paired with an age-matched living participant in the baseline SardiNIA study. We calculated the
difference in the mean common-trait PAR measurements of the two groups, 𝚫PAR = PARdeceased – PARliving and the corresponding p-value
from a one-sided one-sample t-test for 𝚫PAR>0. The age-matched grouping was performed 10000 times and 𝚫PAR and p-values were
calculated for each of the 10000 comparisons. The fraction of significantly greater than zero 𝚫PAR values (p < 0.05) was 65.7% and the
mean 𝚫PAR was 0.014. Nearly all comparisons (>99%) had 𝚫PAR>0, which indicated that PARdeceased > PARliving on average. (B) Lifespans for
individuals living past 60 years were negatively correlated with PARs (r = ‒0.469).
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Supplementary Figure 12. Correlation between epigenetic and physiological aging rate residuals in the InCHIANTI study.
Residuals (x) were calculated using an ordinary least-squares regression model: EAR or PAR = α1Age + α2Sex + x, which served to remove
the effects of chronological age and sex from the aging rates. EAR and PAR measures were still positively correlated after this adjustment.

Supplementary Figure 13. Heritability scores for PARs obtained from different models on the SardiNIA data. Trimmed data
refers to data where the oldest and youngest age bins were removed before model training and testing.
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Supplementary Figure 14. Linear rescaling of physiological ages. (A) Linearly rescaling of the predicted physiological age reduced
the age-dependent imbalance in PAR distributions and forced a regression slope of 1.00 between rescaled physiological age and
chronological age. (B) Rescaling the physiological age preserved the assumption of approximately normally distributed physiological ages
around the corresponding chronological age (blue line) for advanced ages (individual of 70 years of age are depicted).
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Supplementary Figure 15. Top traits from common-trait model. (A) Volcano plot of the top traits in the common-trait model
included CCA intima media thickness (vasIMT), pulse wave velocity (pwv), peak systolic velocity (vasPSV), diastolic CCA diameter
(vasDiaDiam), waist circumference (exmWaist), and end diastolic velocity (vasEDV). Significance was determined from a two-tailed students
t-test on trait values from the top and bottom PAR quartiles. The dotted line corresponds to a Bonferroni-corrected p-value threshold of p =
7.46 × 10−4 calculated from single-test threshold of p = 5.00 × 10−2. The top traits were very similar for the full-trait model. (B) Traits rankordered by Pearson correlation r with physiological age measured using the common-trait RFC model on W1 data of SardiNIA. Top ranked
traits were very similar to those from the full-trait model. (C) Traits rank-ordered by the approximate added predictive value measured
using R2 loss from R2 = 0.838 for the common-trait RFC model in the baseline (W1) study of SardiNIA. R2 added value was averaged over 500
training-testing iterates for each feature.
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Supplementary Figure 16. Top traits from InCHIANTI. (A) Volcano plot of the top traits in the RFC model. Significance was
determined from a two-tailed students t-test on trait values from the top and bottom PAR quartiles. The dotted line corresponds to a
Bonferroni-corrected p-value threshold of p = 3.12 × 10−5 calculated from single-test threshold of p = 5.00 × 10−2. (B) Traits rank-ordered by
Pearson correlation r with physiological age measured using the RFC model on W0 data of InCHIANTI. (C) Traits rank-ordered by the
approximate added predictive value measured using R2 loss from a baseline of R2 = 0.702 for the RFC model (without feature selection) in
the baseline (W0) study of InCHIANTI. R2 added value was averaged over 500 training-testing iterates for each feature.
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Supplementary Figure 17. Top traits according to InCHIANTI epigenetic age and EAR. (A) Volcano plot of the top traits for the
epigenetic aging rate (EAR). Significance was determined from a two-tailed students t-test on trait values from the top and bottom EAR
quartiles. The dotted line corresponds to a Bonferroni-corrected p-value threshold of p = 3.12 × 10−5 calculated from single-test threshold
of p = 5.00 × 10−2. (B) Traits rank-ordered by Pearson correlation r with epigenetic age measured using the Horvath model on baseline
InCHIANTI data. Trait rankings were highly similar to the rankings obtained using physiological age and PAR.
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Supplementary Figure 18. Physiological aging rates (PAR) were reproducible across follow-up studies. (A) PAR values
measured in the baseline (W1) study plotted against the PAR values measured in the first follow-up study (W2) of SardiNIA (Δt ≈ 3 years).
PARs across W1 and W2 observed a Pearson correlation of r = 0.648. (B) Representative plot of PAR trajectories for 150 individuals across
the four SardiNIA timepoints. Trajectories colors were mapped according to an individual’s baseline PAR and showcased qualitative stability
for a given individual with respect to others. (C–D) Corresponding plots for the common-trait model trained on SardiNIA data. (E–F)
Corresponding plots for the full-trait RFC model trained on InCHIANTI data.
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Supplementary Figure 19. Gene expression values across age in GTEx human tissues for top genome-wide significant loci.
(A) Gar1 age-associated expression in GTEx lung tissue samples. (B) CFI age-associated expression in GTEx lung tissue samples. Gar1 was
down-expressed in several tissues including heart (AA), lung, and colon while CFI did not appear to have strong age-dependent expression
patterns in any tissues. (C) ZNF518B age-associated expression in GTEx lung tissue samples and (D) GTEx thyroid tissue samples. ZNF518B
was down-expressed (|r| > 0.2) in the all non-brain GTEx tissues investigated: lung, thyroid, colon, heart (AA and LV), liver. (E) CSMD1 was
greatly down-expressed (r > ‒0.4) with age in the cerebellum but not in non-brain tissues, which corroborates associations between CSMD1
and neurodegenerative disease and cognitive aging. (F) ARHGAP15 was up-expressed in colon only and is associated with diverticulitis and
colorectal cancer.
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Supplementary Table
Supplementary Table 1. Common clinical and cardiovascular traits included in the common-trait model for the
SardiNIA study.
Trait

Units/Measurement

Description

6

10 /uL

Red blood cell count

g/dL

Hemoglobin lab test

labsMCV

fL

Mean corpuscular volume

labsMCH

pg

Mean corpuscular hemoglobin

labsWBC

3

labsRBC
labsHB

10 /uL

White blood cell count

labsPercNE

percentage

Neutrophil percentage

labsPercLY

percentage

Lymphocyte percentage

labsPercMO

percentage

Monocyte percentage

labsPercEO

percentage

Eosinophil percentage

labsPercBA

percentage

Basophils percentage

labsPLT

103/uL

Platelet count

labsHBF

percentage

Fetal hemoglobin test

labsHBA2

percentage

Hemoglobin A2 test

labsG6PD

UI/dL

Glucose-6-phosphate dehydrogenase level

labsGlicemia

mg/dL

Glucose level

labsInsulinemia

mg/dL

Insulin level

labsAzotemia

mg/dL

Nitrogen level

labsALT

U/L

Alanine aminotransferase test

labsAST

U/L

Aspartate aminotransferase test

labsGammaGT

U/L

Gamma-glutamyltransferase test

labsFibrinogeno

mg/dL

Fibrinogen level

labsSideremia

mg/dL

Iron level

labsTransferrina

mg/dL

Transferrin level

labsBilirubinad

mg/dL

Fractionated bilirubin level

labsBilirubinat

mg/dL

Total bilirubin level

labsAcidourico

mg/dL

Uric acid level

labsSodiemia

mEq/L

Sodium level

labsPotassiemia

mEq/L

Potassium level

labsVES

mm/h

Erythrocyte sedimentation rate

labsPCR

mg/dL

C-reactive protein level

labsTSH

uU/L

Thyroid stimulating hormone level

labsFt4

mg/dL

Thyroid Ft4 level

assayAdip

mg/mL

Adiponectin level

assayLeptin

pg/mL

Leptin level

assayMCP1

pg/mL

Monocyte chemoattractant protein level

V1_V5

assayIL6
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labsMCHC
labsHtc
labsMO_COUNT
labsEO_COUNT
labsBA_COUNT
labsLY_COUNT
labsNE_COUNT
labsCreatinina

mg/dL

Serum creatinine level

labsColesterolo

mg/dL

Total cholesterol level

labsHDL

mg/dL

HDL cholesterol level

labsTrigliceridi

mg/dL

Triglycerides level

exmHeight

cm

Height

exmWeight

kg

Weight

exmWaist

cm

Waist circumference

exmHip

cm

exmBMI

kg/m

Hip circumference
2

Body mass index

exmBPsys_jbs

Supine blood pressure systolic

exmBPdia_jbs

Supine blood pressure diastolic

pwv

cm/s

Pulse wave velocity

vasPSV
vasEDV

Peak systolic velocity
mL

End diastolic velocity

vasIP

Pulsatility index

vasSDratio

Systolic-diastolic ratio

vasAT

Acceleration time

vasvti

Integral time velocity

vasSysDiam

Systolic CCA diameter

vasDiaDiam

Diastolic CCA diameter

vasIMT

CCA intima media thickness

Full trait descriptions for SardiNIA and InCHIANTI are available in the Supplementary Materials.
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