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Human epigenetic ageing is logarithmic with time across the entire lifespan
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ABSTRACT

Epigenetic changes during ageing have been characterized by multiple epigenetic clocks that
allow the prediction of chronological age based on methylation status. Despite their accuracy and
utility, epigenetic age biomarkers leave many questions about epigenetic ageing unanswered.
Specifically, they do not permit the unbiased characterization of non-linear epigenetic ageing
trends across entire life spans, a critical question underlying this field of research. Here we provide
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an integrated framework to address this question. Our model, inspired from evolutionary models,
is able to account for acceleration/deceleration in epigenetic changes by fitting an individual’s
model age, the epigenetic age, which is related to chronological age in a non-linear fashion.
Application of this model to DNA methylation data measured across broad age ranges, from
before birth to old age, and from two tissue types, suggests a universal logarithmic trend

characterizes epigenetic ageing across entire lifespans.

Introduction

Cell type specific differences in gene expression are
partially controlled by chromatin accessibility and
specific covalent modifications. These include
modification to histones and DNA [1,2]. Among
these, DNA methylation has been one of the most
extensively studied components of cell type speci-
fication [3,4]. The covalent attachment of a methyl
group to cytosine is catalysed by either de novo or
maintenance methyltransferases, and in mammals
is primarily targeted to CpG dinucleotides. Most
CpGs in mammalian genomes are methylated, but
pockets of hypomethylation exist, largely at pro-
moters and enhancers. It has been shown that the
absence of DNA methylation is closely associated
with the presence of H3K4 methylation, which is
also a hallmark of enhancers and promoters [5].
As stem cells differentiate along myriad lineages,
each cell type tends to have distinctive DNA
methylation profiles, mostly due to differential
activation of enhancers [6].

Once an organism reaches its adult stage, these cell
types and their respective epigenomes, have been
largely determined. While these developmental

epigenetic changes are believed to be rapid and exten-
sive, in the past few years it has become ever more
apparent that epigenetic changes continue to occur as
an organism age [7]. This observation has led to the
development of multiple epigenetic clocks, that is,
biomarkers that accurately predict the chronological
age of an animal based on its DNA methylation
profile [8,9]. These epigenetic clocks have been exten-
sively used in ageing research and have proven to be
more accurate than previous ageing biomarkers, such
as the length of telomeres [10]. Using these epigenetic
clocks, much has been learned about the effects of the
environment on ageing. For example, it is well known
that the restriction of calories in mice slows down
ageing, increases lifespan as well as the rate of the
epigenetic clock [11]. Similar conclusions have been
found in humans, where individuals with more rapid
epigenetic ageing tend to suffer from higher all-cause
mortality rates [12].

While these epigenetic clocks have proven to be
useful for ageing research, they are constructed using
machine learning methods that provide limited
insights into the underlying processes that are driv-
ing these changes. For example, the Horvath epige-
netic clock biomarker is constructed by selecting 354
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CpG sites using penalized lasso regression, that opti-
mally predict the chronological age of an individual.
This biomarker also sets a hardcoded boundary of 20
years, where childhood ages are transformed using
a logarithmic function up to this boundary, while
adult ageing (above the 20 boundary) is kept linear
[8]. This biomarker generates very accurate predic-
tions of chronological age, typically within a couple
of years, but leaves many questions unanswered. Is
there truly a change in the rate of epigenetic ageing,
from logarithm to linear trends, at 20 years? Does the
linear fit of epigenetic age persist indefinitely, even
for older individuals? Do non-linear trends in epige-
netic ageing vary across populations? As the biomar-
kers are species specific, they also do not allow one to
directly address whether epigenetic ageing trends
vary across species.

To address some of these questions, we have
previously proposed a common framework by
borrowing from the field of evolution. The uni-
versal pacemaker (UPM) of genome evolution was
devised in the setting of molecular evolution in
order to relax the time-linear evolution (i.e. rate
constancy) imposed by the molecular clock
hypothesis [13-15], to account for correlation
between rate changes in the genes of an evolving
organism. The UPM is a statistical framework
under which the relative evolutionary rates of all
genes remain nearly constant whereas the absolute
rates can change arbitrarily. In [16] we first pro-
posed the adaptation of the UPM to the epigenetic
setting, named the epigenetic pacemaker (EPM),
and showed its application to simulation and
small-scale biological data. To the best of our
knowledge, the EPM is the first model-based fra-
mework for epigenetic ageing, where the rates of
change with time of individual CpG sites are para-
metrized, along with the epigenetic age of the
individual. In [17] we devised a fast, conditional
expectation maximization (CEM) algorithm that is
capable of processing inputs of several thousands
of sites and individuals.

In this work, we set out to address some of the
questions mentioned above, regarding the non-
linear trends of epigenetic ageing across popula-
tions. First we show that the EPM, which lacks any
predefined regimes of age intervals, can be used to
model and identify epigenetic ageing trends over
the entire lifespan of a population. We first apply
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our approach to a synthetic model simulating
a non-linear ageing process and show that our
framework is capable of capturing the trend built
into this model. Next, we apply our model to
publicly available sets of DNA methylation col-
lected across broad age ranges and diverse tissues.
Our results suggest unambiguously that
a logarithmic trend across the entire lifespan is
a better description of epigenetic ageing than lin-
ear or polynomial trends.

Methods
The evolutionary models

Our basic objects are a set of m individuals and n
methylation sites in a genome (or simply sites).
Each individual has an age, forming the set ¢ of
time periods {t;} corresponding to each individual
j’s age. Henceforth, we will interchangeably refer
to individuals with their age. Each individual has
a set of sites s; undergoing methylation changes at
some characteristic rate r;. Each site s; starts at
some methylation start level s). All individuals
have all the sites s;. As r; and s? are characteristic
of the site s;, by the model they are the same at all
individuals. The latter fact, links the same sites
across different individuals, but also within indivi-
duals by the fact that sites generally maintain the
same characteristic rates across the whole popula-
tion. Henceforth, we will index sites with i and
individuals with j.

Now, let s;; measure the methylation level at site
s; in individual j after time (i.e. age) . Hence,
under the molecular clock model (MC), where
rate of change is relatively constant over time, we
expect: s; = s, + r;t;. However, in reality, we have
a noise effect ¢;; that is added and therefore the
observed value 5 is s;; = s)+ ritj + €ij.

Our goal is to find, given the input matrix
S= [5ij], the maximum likelihood (ML) values
for the variables r; and s? for 1 < i < n. For this
purpose, we assume a statistical model for ¢;; by
assuming that it is normally distributed,
€j~N(0,0%). In [16] we showed that minimizing
the following function, denoted RSS, is equivalent
to maximizing the model’s likelihood
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RSS = ZZ (311 — (S? + Titj))z. (1)

i<n j<m

We also showed that there is an efficient and
precise linear algebra solution to this problem,
that we describe in more detail in the supplemen-
tary text.

In contrast to the MC, under the EPM model,
sites may arbitrarily and independently of their
counterparts in other individuals, change their
rate at any point in life. However, when this hap-
pens, all sites of that individual change their rate
proportionally such that the ratio r;/r; is constant
between any two sites i, i’ at any individual j and at
all times. In [16] we showed that this is equivalent
to extending individual j’s age by the same propor-
tion of the rate change. The new age is denoted as
the epigenetic age. Therefore, here we do not just
use the given chronological age but estimate the
age of each individual. Hence, under the EPM we
must find the optimal values of s?, r;, and t; (where
tj represents a weighted average of the rate changes
an individual has undergone through life). The
solution to this optimization problem is described
in detail in our previous publications [16,17]. We
note that the deviation between the chronological
age and the estimated epigenetic age is an age
difference which, when positive, is denoted as age
acceleration, and deceleration - otherwise.

To compare between the two models - MC and
EPM, we note the following. The MC model is
restricted to linearity with time by estimating
a constant rate of methylation at each site, and using
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the given chronological age of each individual. The
competing, relaxed, model (EPM) has no such restric-
tion, and we estimate an “epigenetic’ age for each
individual. By definition, the ML solution under the
relaxed model cannot be worse than the constrained
model. For that specific case, when one hypothesis
generalizes another, there is a special test, the like-
lihood ratio test (LRT), in which the specific hypoth-
esis serves as the null hypothesis and the goal is to
reject it in favour of the alternative one. In the sup-
plementary text, we provide a more detailed explana-
tion of this test and its application in our case.

Selecting informative methylation loci

DNA methylation platforms usually measure sev-
eral hundreds of thousands of sites. It has been
observed that many of these sites are invariant and
do not change with age. It is desirable to restrict
the analysis only to the most informative sites.
Nevertheless, among the sites that do change it is
necessary to set a criterion for site selection as it is
inefficient to analyse all of the sites. There are
several alternatives that we now describe.

The first and most basic and intuitive criterion for
site selection is site variance — simply choose the sites
that exhibit the largest variability. Figure 1(L) depicts
the resulted analysis based on this criterion. This
criterion is crude in the sense that it entirely ignores
the relationship between time (age) and methylation.
Therefore, the next criterion to be examined is the
covariance between age and methylation status at the
site. The covariance metric selects sites that have
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Figure 1. Site Selection Criterion . Scatter plots of inferred epigenetic age (e-age, y-axis) as a function of the chronological age
(c-age, x-axis) as a result of applying the EPM algorithm to blood samples from data set GSE60132 (see more details in the Results
sec.). Each point represents an individual. One thousand best sites were selected by the following three criteria. A: Sites are selected
based on their variance, regardless of correlation to age. B: Sites are selected based on their covariance with age. C: Sites are
selected by the (absolute) Pearson correlation coefficient.



a large change in methylation with age. We note that
this criterion will not necessarily yield a significant
linear fit between age and methylation status, the
sites may still have a significant scatter, as is shown
in Figure 1(M).

Therefore, the third criterion is the (absolute)
Pearson correlation coefficient (PCC) defined as
pxy = Cov(X,Y)/ox/0,. In contrast to the covar-

iance, PCC selects sites that have a tight fit to
a linear relationship between methylation and
age, although some of them show small changes
in methylation across the range. Figure 1(R) shows
the results based on sites selected by the PCC
criterion. It is noticeable that using this criterion
a much tighter relationship between epigenetic
and chronological age is obtained. Hence, we use
PCC to select the sites to be modelled for all our
data sets as it provided the clearest trends between
epigenetic and chronological age.

Determining the trend line of epigenetic age

To determine the trend line between epigenetic
and chronological age we employed both coarse
and fine-grained procedures based on the indivi-
dual e-age inferred initially by the pacemaker cri-
terion. Recall though that a first stage test is
whether the pacemaker criterion, stating that
rates and starting states are statistically correlated
across individuals, and sites at any individual are
also correlated, holds. This, is done by comparing
to the molecular clock to the pacemaker model, as
was described in the model description. Indeed, in
the supplementary text we show the results of this
test, along with the specific values obtained. The
values depict that the pacemaker alternative is
always superior with p-value smaller than 107°.
We start by describing the two-stage procedure
for determining the type of trend in the popula-
tion. The mutual independence of the stages, along
with lack of any prior assumption of any trend in
the population, guarantees that the trend inferred
is objective and unbiased. The EPM procedure is
applied to the data in order to find optimal values
for rates, starting states, and epigenetic age for all
sites and individuals. Note that except for that
pacemaker principle, that enforces uniformity of
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site rate and starting state across all individuals,
there is no mechanism imposing correlation
between any two individuals. Therefore, the EPM
assigns every individual the optimal epigenetic age.

Once the EPM procedure is done, each individual
is assigned its own epigenetic age. At the second
stage, we seek a function that best fits the relation-
ship between epigenetic and chronological age across
the entire age range. Our prime criterion for good-
ness of fit for a trend of this relationship between
epigenetic and chronological age is the R* coefficient
from the trend line. In all our data sets we parame-
trized three functional forms for the trend line: lin-
ear, quadratic and exponential, and we used Excel to
fit the best coefficients for each type. In the Results
section, we provide a more detailed description of
this process.

We now describe a second approach that we
devised and utilized. In age ranges where the trend
is not conspicuous, that is, near linear, such that it
cannot be distinguished convincingly using the
above functional forms, we note the following. For
a person j with age ¢; and inferred e-age p; we define
pj =t /pj- Now, assume the increase in e-age is
decreasing with time, then we observe that if we
order the p;s by increasing f, we obtain
a monotonic increasing series (of p;). We denote
that series [p;]. However, due to biological and sta-
tistical noise, we never expect to find strict mono-
tonicity at [p;] and we are bound to test only a trend
of monotonicity. Now, we note that by the definition
of p; also the variance of p; is changing in time.
However, we note the following. For any two indices
ji and j, such that ji <, if [pj] is monotonically
decreasing, then p; < p; . Moreover, suppose we ran-
domize the order of [p;]. Then, for any two indices j;
and j, the probability I’ [p; >p, | = 1/2 and hence
the expected number of j; <j, such that p; <p, is

n . . .
< 5 > /2. Now, since the variables p; might be depen-

dent, we cannot use standard bounds on deviations
to calculate the probability of seeing that many pairs
J1<j2 such that p; <p, by chance. This forces the

use of a non-parametric test of the hypothesis. For
this purpose, we can use the Mann-Kendall test for
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monotonic trend [18-20]. According to this method,
given a random vector v, all pairs of indices (i, j)
such that i< j are checked whether v; <v;. Let p be
the number of pairs (i,j) for i<j, such that v;<v;
and let g be the number of such pairs such that
vi>v;. Now let S = p — g, representing first the

direction of the trend with $>0 when the series is
increasing, and vice versa for S < 0. However, S also
indicates on the intensity of the trend, and we note
that under hy (no monotonicity), we have E(S) = 0.
Now we also need to compute the variance of S,

Var(S) = {¢ (n — 1)(2n + 5). The statistic z defined

z= \/% follows approximately the standard nor-

mal distribution, hence allowing us to obtain con-
veniently a p-value for the trend indicated by S.

Results
Identifying trends in a cohort

Methylation trends of the relationship between epi-
genetic and chronological time in a cohort provide
useful information of how a group, as opposed to an
individual, ages epigenetically with time. The
Horvath model [8] has a rigid assumption of linear-
ity of e-age in time for adults by using a linear
combination of an individual’s methylation states
of several hundreds of sites. For kids (age less than
20), the model corrects for non-linearity using
a logarithmic, yet fixed, function. The EPM model
has no such assumption and therefore has the free-
dom to assign each individual its own e-age, as long
as it complies with the EPM universality law, that is,

The Trend Function

100

PM Actual vs Trend

that this age affects all the individual’s sites. We now
demonstrate on synthetic data, the ability of our
procedure to infer correct times (e-ages) and in
particular trends throughout a whole population.
For this purpose we have devised the following age-
related function that appears to encompass the char-
acteristics of e-ageng as they emerge from existing
knowledge, in particular by the Horvath model:

p=c"x % (2)
where p holds the e-age, ¢ is the chronological age
(c-age) of a person, h is some upper limit on
a person’s age, and tr is a trend parameter to the
function. The trend function has few desired char-
acteristics. First, it satisfies a monotonic decrease
in rate through time (c-age) and that decrease is
proportional to the trend parameter. Also, at c-age
that equals the upper limit h, the epigenetic and
chronological ages coincide: ¢ = p. Finally, for
tr =1 the trend function is linear with p = ¢ for
every c, as % = 1. Figure 2(L) illustrates pictorially
the behaviour of the trend function for several
values of trend tr =1,0.8,0.5,0.1 and for upper
limit age h = 100. Indeed, we see that all trend
lines depart from the origin and converge towards
the point ¢ = h. We also see that the larger tr is
(with maximum #r = 1), the more straight the
trend line is, and in particular, for tr=1
a straight line with slope 1 is exhibited.

In order to simulate realistic e-ages, we allow for
each individual, some stochastic deviation of her/
his e-age from the (or population’s) trend line, and
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Figure 2. The trend function. Left: The trend function — Trend lines for four tr values tr = 0.1,0.5,0.8, 1 in blue, red, green, and
olive green colours respectively. Middle: Simulated actual noisy PM — Actual noisy e-ages (blue dots) values around the trend line
(red) with specific tr = 0.5 and 0, = .8. The (green) 45° line represents the c-age of each individual. Right: The values inferred by the
EPM-CEM algorithm — green dots represent the inferred e-age by the algorithm. It should be compared to the real e-age (blue). While
there is a gap, linear with time, between actual and inferred e-ages, the trend is captured.



that deviation depends on some variance o,. To
show that, we set a specific tr and o0,. Figure 2(M)
shows simulated e-ages around the trend function
with a specific trend tr = 0.5 and o0, = .8. For
illustration, the straight 45° line, representing the
c-age, appears in green the figure.

Finally, for every such e-age produced, our
simulation procedure generates the methylation
status s;; for every site i and individual j, accord-
ing to the model: s;; = s+ ritj + & . Figure 2(R)
shows the result of applying the EPM-CEM pro-
cedure to such synthetic data. Green dots repre-
sent the inferred e-age by the algorithm and
should be compared to the real (model) e-age
(blue, same as in the middle box). We can see
that EPM-CEM is capable of capturing the trend
imposed by the simulation however it lags below
the trend line by a gap that is linearly (inversely)
correlated with age (red-green dots). This gap,
returned by the procedure is due to the degen-
eracy of the likelihood surface that allows for
multiple points in the surface to attain the

same likelihood and in particular the maximum
likelihood.

Analysis of human data

We have shown above the ability of our technique
to identify the correct trend in ageing in simulated
data, and we now move to analyse human methy-
lation data from various types of data sets. The
general procedure we have taken to identify and
assess a trend is as follows. We applied the EPM
approach to the real methylation data, all taken
from the Gene Expression Omnibus (GEO) repo-
sitory, using the procedure in the simulation sec-
tion above 3.1. The EPM, allows us to determine
whether the MC hypothesis is rejected by the pace-
maker, and also infers for each individual its epi-
genetic age. We remark that for all the real
datasets we analysed here, the pacemaker hypoth-
esis was found superior to the linear approach
with p-values always smaller than 107°. As these
information is not essential to the main subject of
this study, it appears in details in the supplemen-
tary text.

Similar to the simulation study, in a subsequent
stage to the EPM, we plot for each individual its

EPIGENETICS (&) 917

two ages. Here, however, as these points were not
synthetically generated by a function, we attempt
to fit a trend function best describing these points.
We focus on two families of functions - linear and
logarithmic, as they are very general with a single
explaining variable. These families are indeed the
most common for trend approximation. However,
to obtain additional insights into the functional
form of the trend, we also accompany the loga-
rithmic and the linear approximations with
a quadratic best approximation line. In the results
below, we demonstrate how we exploit the added
information provided by the quadratic approxima-
tion. We note that any linear line is a special case
of a quadratic family, simply with quadratic coeffi-
cient equals zero, and hence by definition, its fit is
always inferior to the quadratic approximation.

Our analysis is divided into age range-based
analysis, and also to tissue-based analysis. All
data sets required a preprocessing step of
selecting the most informative (1000) sites,
and based on our conclusions above, we used
the Pearson correlation coefficient (PCC)
criterion.

Epigenetic ageing in adults
Our first data set is from GSE40279, consisting of
656 blood samples from adults [9]. Their ages
range from 19 years to 101. The results are
depicted in

Figure 3. In the top two graphs we show scatter
plots with the three trend lines where the one with
the best fit appears in the left and the two sub-
optimal ones in the right scatter plot. For each
trend line, we also depict its exact formula, the
R?> and the adjusted R*> for polynomial trend
lines. It is quite evident that the linear trend is
superior here to the other two, with negligible
increase in R? for the quadratic trend. Therefore,
in order to check if there is still a trend of non-
linearity, we applied the Mann-Kendall test as
described in the Methods section. The lower part
of Figure 3 shows the values of p, ordered by
chronological age. We set to test if there is an
increasing trend in this series. The value obtained
for S was 1619, under this size of data, we have
a huge variance with Var(S) = 31438253.33 yield-
ing z-score of 0.28856 which is not significant.
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Adults Data, Blood Samples, 656 Individuals
Best Approximation

0
y =1x - 5E-08
R?=0.608

e-age

P
c-age

Adults Data, Blood Samples, 656 Individuals

y =0.0024x2 + 0.705x + 8.555
R?=0.608

y = 55.497In(x) - 165.1
R?=0.579

130

e-age

c-age

Mann-Kendall Test for Monotonicity:
656 Adults Blood Samples

c-age/e-age ratio

Individuals

Figure 3. GSE40279 - Human blood data results I. (Top) E-age vs C-age in adults. Age is plotted in years. The left graph shows
the best approximation to the data. The linear line is slightly and insignificantly inferior to the quadratic approximation and
therefore is the best fit. (Bottom) Mann-Kendall test for monotonicity trend: c-age vs e-age ratio ordered from left to right according
to c-age. If rate of ageing is decreasing, we expect to see a monotonic increase in the function. Indeed, the function is increasing but

not in a significant manner.

Our second data set is the GSE87571, also from
human blood taken from 366 individuals of ages
from 14 to 94 years old. The results of applying the
EPM-ECM to this data are depicted in Figure 4.
The top two graphs show the scatter plot of e-age
versus c-age with the three trend types - linear,
quadratic, and logarithmic. The difference between
the linear and the quadratic is negligible, with a
R* =0.612 R*=0.613  respectively.
Nevertheless, we see a bend in the points corre-
sponding to younger ages. In general, the entire
collection of points here allude to a concave shape,
i.e., a decreasing function, as can be seen by the

and

negative coefficient ( — 0.0045) of the quadratic

term in the quadratic trend line. This should be
contrasted to the convex trend of the quadratic
trend in the previous case (data set GSE40279 -
Human Blood Data, Figure 3) where the first
coefficient equals 0.0024.

To verify this decreasing trend, as in the pre-
vious data set, we apply the test of monotonicity -
the Mann-Kendall Test - to this data. The value
obtained for S was 4225 implying that we have an
increasing trend in p and therefore epigenetic age-
ing is decreasing in time also for this data set. The
variance here is Var(S) = 5469768 yielding a z-
score of 1.806 and a p-value smaller than 0.04
and is therefore significant.
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Adults Data, Blood Samples, 366 Individuals

y =-0.0045x? + 1.433x - 8.383
R?=0.903

y =40.52In(x) - 104.03
R?=0.891

e-age

c-age

Mann-Kendall Test for Monotonicity:
366 Adults Blood Samples

c-age/e-age Ratio

Individuals

Figure 4. GSE87571 — Human blood data results Il. (Top) E-age vs C-age in adults. Age is plotted in years. The left graph shows
the best approximation to the data. The linear line is slightly and insignificantly inferior to the quadratic approximation. (Bottom)
Mann-Kendall test for monotonicity trend: c-age vs e-age ratio ordered from left to right according to c-age. If rate of epigenetic

ageing is decreasing with time, we expect to see a monotonic increase in the

significantly increasing.

Epigenetic ageing in children

After analysing the data collected from adults, we
turned to analyse data from children. We
analyse the GSE36064 data set of blood samples
taken from 78 children of ages ranging from
one year to 16. The ages here, as well as in the
figure describing it, are represented in months.
The results are shown in Figure 5. Here, the linear
trend is clearly inferior to the quadratic and the
logarithmic trends. We find that the logarithmic
trend is the best approximation and show it on the
left side of Figure 5.

Combined age analysis
In the previous data sets, we restricted the analysis
to specific age ranges, such as children or adults.

c—age
e—age

-ratio function. Indeed, the function is

In the next two data sets, we analyse blood samples
from individuals with age ranges from childhood
to old age. The first data set - GSE60132 — was
taken from peripheral blood samples of 192 indi-
viduals of Northern European ancestry [21]. Ages
range from 6 to 85 years. The results are shown in
Figure 6. As can be noticed, the logarithmic trend
line provides better R? than the linear trend line,
0.912 versus 0.899. The concavity of the spread of
the points is fairly noticeable, and this is con-
firmed by the negative first coefficient of the quad-
ratic trend function - — 0.0078.

The Next data set - GSE64495 - is also from
blood samples of 113 individuals [22]. Here,
while there is a scarcity of samples from the
age range 12-35, the entire age range of the
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Figure 5. GSE36064 - Children blood data results . E-age vs C-age in young humans. Age is plotted in months. The left graph
shows the best approximation to the data. The logarithmic approximation provides the best explanation.
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Figure 6. GSE60132 - Human, all ages, blood data results I. E-age vs C-age in wide age range . Age is plotted in years. The left
graph shows the best trend line approximation to the data, which is the logarithmic trend function. At the right, the inferior trends —
the quadratic and linear. The quadratic line is slightly and insignificantly inferior to the logarithmic approximation, buy also portrays
a concave line due to negative first coefficient — 0.0078.

study begins at even younger ages than the pre- advantage of the logarithmic trend line over the
vious data set: 2.3 years versus 6. Our results for  linear is the most significant among the adults
this dataset are depicted in Figure 7. Here the  containing data sets analysed so far, R> = 0.924
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Kids & Adults Data, Blood Samples, 113 Individuals Kids & Adults Data, Blood Samples, 113 Individuals
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b y=0.997x +0.125 .
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Figure 7. GSE64495 - Human, all ages, blood data results Il. E-age vs C-age in kids and adults. Age is plotted in years. The left
graph shows the best approximation to the data, obtained by the logarithmic trend line with R2 = 0.924. On the right, the inferior
trend lines, the linear line with R = 0.866 and the quadratic line with R? = 0.902.
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Figure 8. GSE74193 - Brain development data results . E-age vs C-age in young humans. Age is plotted in years. The left graph
shows the best approximation to the data. The logarithmic approximation provides the best explanation.

versus R*> = 0.866, and is even significant over  Brain development and ageing

the quadratic - R*> = .902. The decrease in the  Our last data set is from GSE74193, consisting of 675
rate is evident as well as the fit to the logarith- samples from brain tissues from before birth to old
mic trend line. age [23]. The advantage of this data set is two-fold.
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First, the broad range of ages — from half a year before
birth to 85 years, which represents a broader age range
than that found in the previous data sets, and allows
us to track epigenetic ageing across the entire span of
life, starting from before birth. Second, all the samples
from the previously analysed data sets came from
blood. This data set, from brain tissues, allows us to
contrast our results from blood tissues to another
tissue type. Our results are depicted in Figure 8. The
logarithmic approximation appears on the left graph,
not only provides a significantly better fit to the data,
with R* = 0.975 versus R* = 0.864 and R* = 0.707
for the quadratic trend line and the linear trend line,

respectively. Moreover, the high R* provides an
almost perfect fit to the data.

EPM comparison to the Horvath and Hannum
epigenetic clocks

Next, we wanted to evaluate the EPM in the context
of the well-known Horvath [8] and Hannum [9]
epigenetic clocks. To generate sufficiently large
experimental data we combined Human Illumina
methylation 450K Beadchip data generated using
whole blood across several experiments [22,24-31]
from GEO. To facilitate cross experiment compar-
isons, we performed stratified quantile normaliza-
tion for different probe technologies used in the
Mlumina 450k Beachip Array as previously reported
[8]. Comparisons of the EPM model to the Horvath
and Hannum models of epigenetic ageing were per-
formed as follows. The combined methylation data

r 100 7
W Horvath Raw f(z) = 1.235In(x) — 3.34, R* = 0.859 o oo

W EPM f(x) = 27.424in(x) — 57.204, R? = 0.808

3

EPM Age

20

Raw Horvath Epigenetic Age
Transformed Horvath Epigentic Age

—40

B Horvath Trans. f(z) = 22.644in(z) — 37.443, R? = 0.785 : oo
BN EPM f(z) = 27.424in(z) — 57.204, R? = 0.808

were subset to include CpG sites reported in the
Horvath or Hannum models. Samples with missing
data for any of the CpG sites were dropped. The
methylation subsets consisted of 354 CpG sites and
614 samples and 71 CpG sites and 1117 samples for
the Horvath and Hannum comparison datasets,
respectively. We then calculated the Horvath and
Hannum epigenetic ages for each sample. The EPM
produced a similar estimate of epigenetic age for
both the Horvath (R?> =0.901) and Hannum
(R? = 0.957) models when the min-max scaled
[32] estimates of epigenetic age were compared to
the scaled EPM ages. Both the Horvath and Hannum
models showed a non-linear epigenetic ageing trend
as shown in Figure 9. However, the computed
Horvath epigenetic age represents a log transformed
age under 20 years and linear age thereafter. While
the raw output of the Horvath clock displayed
a better fit to a logarithmic epigenetic ageing trend
than the transformed Horvath epigenetic age esti-
mate, R* = 0.859 vs R* = 0.785.

To assess the relative importance of individual
CpG sites in the Horvath and Hannum models to
the EPM, we compared the EPM rate for each
CpG site to the respective regression coefficient
in Horvath and Hannum models as shown in
Figure 10. EPM rates were correlated with the
regression coefficients in both the Horvath
(p=0.565 p=3.19—31) and Hannum
(p =0.519, p=3.4e —6) models. Interestingly,
the relative importance of many CpG sites appears
to differ between the EPM and Horvath and

B Hannum f(z) = 27.555In(z) — 53.321, R? = 0.790
BN EPM f(z) = 30.894in(z) — 69.308, R? = 0.776

40
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Figure 9. EPM Hannum Horvath trend comparison. Top Left EPM and Horvath ageing trend. Top Middle EPM and Horvath
(transformed ages) ageing trend. Top Right EPM and Hannum ageing trend.
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Figure 10. EPM Hannum Horvath rate coefficient comparison horvath and hannum site coefficients compared to the EPM initial
methylation values s? and EPM rates r; for the CpG sites used in the Horvath and Hannun models, respectively. Left EPM and

Horvath right EPM and Hannum.

Hannum models; particularly in the case of the
Horvath model. Many of the CpG sites assigned
high coefficients in the Horvath model have a rate
close to zero in the EPM model and sites with
large absolute EPM rates have coefficients near
zero in the Horvath model. This trend appears to
be associated with the methylation state of the
individual CpG sites. Hypomethylated sites are
assigned coefficients with greater magnitude in
the Horvath model, while intermediate sites
(0.3<B<0.7) are assigned higher magnitude
rates in the EPM model. A similar relationship is
not observed when comparing the Hannum model
coefficients and EPM rates.

Discussion

During the past few years, several studies have
shown that DNA methylation patterns continue to
change as individuals age. These observations have
been leveraged to construct epigenetic clocks that
predict the age of an individual based on their
methylation profile. While these tools have proven
to be very useful for ageing studies, they are based on
a priori assumptions about the relationships between

epigenetic and chronological age. For example, the
Hannum age clock assumes that epigenetic age and
chronological are linearly related, and using multi-
variate penalized regression identifies 71 CpG sites
whose methylation values can be combined using
a weighted sum to predict the actual age of the
individual. The Horvath clock uses a more complex
set of assumptions to derive its predictions of chron-
ological age: it applies a logarithmic transformation
to ages below 20 and a linear relationship for ages
greater than 20. He then identifies 354 CpG sites
using elastic net regression to very accurately predict
the transformed age. These biomarkers have been
widely used to study ageing, as is evident by the
hundreds of studies that have utilized them.
However, because of their underlying assumptions,
they are not ideal tools to infer trends in epigenetic
ageing rates across life spans in an unbiased fashion.
Nevertheless, correctly modelling potential non-
linearities in epigenetic ageing is critical to advance
the field and generate an even more robust under-
standing of epigenetic ageing and its impact on
human health and mortality.

To address this question, we have developed an
unbiased approach to measure the trends in epige-
netic ageing within a cohort of individuals of varied
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ages. Our approach is distinct from the Hannum
and Horvath epigenetic clocks in that it is not
designed to optimally predict the age of an indivi-
dual, but rather to model the non-linear trends in
epigenetic ageing over time without making any
a priori assumptions about what these may be. The
method is inspired by evolutionary models that
attempt to model mutation rate changes over time.
This lead to the development of our epigenetic uni-
versal pacemaker model, which we have presented
in previous studies [16,17].

To attempt to identify rates of epigenetic age-
ing over the entire life span of humans we apply
the epigenetic pacemaker to multiple datasets
that measure DNA methylation in large cohorts
of individuals of varying ages. In the first few
cohorts the methylation is profiled from blood,
while in the last cohort the methylation is mea-
sured in brain tissue. In all cases, methylation is
profiled using an Illumina microarray that mea-
sures the methylation across approximately
450,000 sites. While all cohorts sample indivi-
duals from early adulthood to old age,
the second set also includes samples from indi-
viduals from early childhood to adulthood, and
in the last case of the brain study, also samples
from fetuses obtained before birth.

By applying our epigenetic pacemaker model to
this data we observe consistent and robust trends
across these datasets. The first is that from early
adulthood (around age 20) to old age (well into the
90s), DNA methylation changes in a roughly linear
fashion, yet with a slight but significant tendency
for rate decrease. However, in contrast to the
adults, we find that DNA methylation changes
are strongly non-linear from late fetal stages to
adolescents. In both the blood and brain datasets
that measure these stages, we observe that the
epigenetic age inferred by our model is related to
the chronological age by a logarithmic transforma-
tion across the entire span of life, from before
birth to old age. Thus, DNA methylation changes
are very rapid initially, and then gradually decrease
with age. This implies that the rate of change of
epigenetic ages (i.e., the slope of our trend line) is
roughly the inverse of the chronological age. The
fact that we consistently observed these trends
across multiple datasets, and two different tissues-
suggests that the logarithmic relationship between

epigenetic and chronological age
a universal property of human ageing.

This universal logarithmic trend may help
explain some interesting observations that have
been reported in the literature regarding epigenetic
ageing. For example, one recent study found that
the Horvath epigenetic clock systematically
underestimates ages in tissues from older people,”
and that ”a decrease in slope of the predicted ages
were observed at approximately 60 years, indicat-
ing that some loci in the model may change dif-
ferently with age, and that age acceleration
measures will themselves be age-dependent” [33].
A second study also found that "epigenetic age
increases at a slower rate than chronological age
across the life course, especially in the oldest popu-
lation” [34]. These results suggest that the under-
lying assumptions about the relationships between
epigenetic age and chronological age impact the
performance of the Hannum and Horvath epige-
netic clocks, and that deviations are most notable
in old age. We speculate that if the logarithmic
epigenetic ageing trend that we observe is, in fact,
universal, that this could lead to improved biomar-
kers that show more robust performance at the
extremes of the age distributions, leading to more
accurate associations between epigenetic ageing
and human health and longevity.

Moreover, we believe that the observation that
epigenetic ageing is logarithmic over the entire life
span opens up new avenues for epigenetic research
in the future. What mechanisms lead to the gra-
dual reduction in epigenetic rates from late fetal
stages to centenarians? Is the logarithmic trend
related to prior observations that epigenetic ageing
is a measure of epigenetic entropy? The answers to
these questions will undoubtedly influence our
understanding of human ageing and longevity
and will most likely apply to a broad range of
organisms. By quantitatively demonstrating these
trends in an unbiased fashion, we believe we have
laid a solid foundation for the development of
improved ageing biomarkers and the investigation
of the underlying mechanisms of epigenetic age-
ing, and ultimately to the answers to these impor-
tant questions that are fundamental to the biology
of development and ageing.

In response to our first question about mechan-
isms of epigenetic age, we speculate that epigenetic

may be



ageing is partially driven by entropic forces. Under
this assumption, epigenomes are set early in life and
during ageing the methylation levels of promoters
and enhancers drift away from their original state
towards a level of intermediate methylation, which
represents more disordered states. Thus, we
hypothesize that if methylation profiles were gener-
ated at the single cell level, we would find that
ensembles of cells of the same type are more epi-
genetically similar early in life than later in life.
Moreover, we speculate that the logarithmic trend
between epigenetic age and time is reminiscent of
the relationship between entropy and the number of
states accessible to a system, that are also related by
a logarithmic relationship in Boltzmann’s formula.
Thus, if we hypothesize that Epigenetic age is
a measure of entropy, then we would conclude
that the number of epigenetic states accessible to
an individual increase linearly in time.
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