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early as the function of age of the patients (Fig. 1a; Pear-
son’s r = 0.68, p = 3-10798). The dynamics of DNAm-
PC1 are most probably stochastic since the variance of
DNAm-PC1 also increases linearly with age (Fig. 1b).

Aside from DNAm-PC1, the best correlation with the
chronological age was produced by the third PC (DNAm-
PC3). The corresponding Pearson’s correlation coeffi-
cient was r = 0.56 (p = 3-107%%). DNAm-PC3 in
subsequent age-adjusted bins increased faster than at a
linear pace as the function of age (Fig. 1c). The vari-
ance of DNAm-PC3 also increased, also faster than lin-
early so that the inverse variance of signal decreased ap-
proximately linearly in the patients older than 40 years
old (Fig. 1d). By extrapolation, the inverse variance of
DNAm-PC3 would approach zero (and hence the vari-
ance would diverge) at some age within the range of
120-150 years.

The loading vectors corresponding to DNAm-PC1 and
-PC3 describe two distinct methylation profile changes
with age. The distribution function (the histogram) of
the PC1 loading vector components is non-Gaussian and
bi-modal. Hence the dominant aging signature in DNA
methylation data consists of the two large groups of
methylation sites (Fig. le) changing their methylation
status (“polarization”) with age in the opposite direc-
tions. The first PC score is then proportional to the
total number of the polarization transitions.

On the contrary, the distribution of the loading vec-
tor components from DNAm-PC3 has a single peak and
clear leading contributions from non-Gaussian tails (see
Fig. 1le). Gene set analysis of methylation regions best
associated with the PC3 variation reveals pathways in-
volved in innate immunity and cancer (Figs. 1g and h).

The dominant PC scores computed from the
GSE87571 samples demonstrated the best correlation
with Horvarth’s methylation clock from [4] (Fig. 1f).
The corresponding Pearson’s correlation coefficients were
r =075 (p=2-107) and r = 052 (p = 107%?)
for DNAm-PC1 and DNAm-PC3, respectively (see also
Figs. S.1 and S.2 for the summary of the correlations of
the PC scores to the chronological age and to Horvath’s
methylation age, respectively).

To confirm the stochastic character of the dominant
aging signature in humans, one would need to analyze a
large longitudinal dataset. We did not have access to a
high-quality set of longitudinal DNA-methylation mea-
surements. Instead, we turned to an extensive Electronic
Medical Records (EMRs) collection from UK Biobank.
Irrespective of the age at the first assessment, the EMRs
provided information on the prevalence of chronic dis-
eases from birth untill the end of the follow-up (slightly
more than ten years, on average). We represented each of
UK Biobank patients by a vector of the respective binary
variables indicating the presence or absence of a disease
(see Section VIC).

Most of UK Biobank’s subjects are healthy early in
life. Hence, the states representing the presence of the
diseases are initially polarized (o; = 0). The majority
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FIG. 2. PCA of disease-state vectors from the Electronic

Medical Records (EMR) from UK Biobank. (a) Age depen-
dence of the first three PC scores. (b) PC1 correlates with
the total number of chronic diseases. (c¢) The variance of PC1
increases linearly with age (d) The autocorrelation function
of PC1 increases linearly as a function of the time lag, dt = 1
year.

of the states stay polarized for life, with only a small
fraction of patients exhibiting the depolarization transi-
tions leading to the incidence of specific diseases. Indeed,
chronic diseases are individually rare: the most prevalent
diseases are metabolic disorders (15%), joint disorders
(14%), and arthrosis (12%).

PCA of the binary-valued vectors representing the
health state according to EMRs of UKB subjects at the
time of the first assessment look pretty similar to the
PCA results from the white-blood-cells DNA methyla-
tion study above. This time, we observed only two PCs
significantly associated with age (see the blue and the
green lines and the respective ranges marking one stan-
dard deviations in Fig. 2a).

The dominant aging signature, the first PC in the UKB
EMR data (EMR-PC1), evolves approximately linearly
as a function of age and is linearly associated with the
total number of the diagnosed diseases (Fig. 2b). Hence,
in line with the results of our DNA-methylation analysis
above, the first PC correlates with the total number of
depolarization transitions (this time being equal to the
disease burden at the time of the measurement).

As expected, the variance of EMR-PC1 increased lin-
early with age (Fig. 2c), which is a hallmark of a stochas-
tic process. This time, however, due to the longitu-
dinal nature of the dataset of EMRs, we could make
a stronger statement by computing the autocorrelation
function of EMR-PC1. We observed that the autocor-
relator increases linearly as the function of the time lag
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FIG. 3. Schematic representation of relaxation dynamics of a
physiological unit (PU) . The subsequent metastable states
are labeled by the ”polarization” o; = 0 and o; = 1. The
initial, “polarized” state is protected by the activation bar-
rier characterized by the activation energy U2“*. The config-
uration transition rates R; are presumed small and depend
exponentially on the effective temperature 7T'.

between the observations, which is typical of a solution
of a diffusion equation (Fig. 2d, see the discussion in the
section below).

B. Aging in a complex regulatory network

To explain the key features of aging signatures, let us
think of an organism as a collection of interacting physi-
ological units (PU). Each of the units can be observed in
multiple states of varying physiological capacity. We will
focus on the two most important configurations at any
given moment (Fig. 3). These may be the most preva-
lent state in a population at a young age, on the one
hand, and a state corresponding to the closest adjacent
potential well in the free energy landscape shaped by reg-
ulatory interactions, on the other hand.

So far, we have analyzed the transitions among the
methylation and among the disease states. However,
there must be other examples of configuration transi-
tions, and hence, for the sake of generality, we do not
specify the nature of the PUs at this time. We encode
the pair of the most relevant states of a specific PU ¢ by
a binary variable taking values of o; = 0 and o; = 1, re-
spectively. It is important to understand, that the total
number of PUs comprising the organism is practically in-
finite and hence, most of the PUs can not be in principle
observed directly in any given experiment.

We propose to model the effect of the interactions
among PUs with the help of the auxiliary variables —
the effective “regulatory fields” h; evolving over time ac-
cording to

; 0
hi = Zk/’ij"j + Zgijko'ja'k +JO + £, (1)
J ik

where k;; and g;; describe the first linear and first order
non-linear interaction between the individual units. The
force terms JZ-(O) and f; represent the effects of constant
(such as smoking or diets) and stochastic (social status,
deleteriousness of the environment [29]) factors, respec-
tively. For simplicity, we assume that the noise factors
have zero mean and are not correlated over time (see
Section VII). The states of individual PUs 4 can be ob-
served depending on the regulatory field h; according to
the Boltzmann distribution: &; = (1 + exp(—h;/T))71,
where T is the effective temperature. We note that the
human organism is a non-equilibrium system, hence, the
effective temperature in this presentation shall not be
confused the body or environmental temperature. In-
stead, T' depends on the statistical properties of the noise
term f; in Eq. 1 (Methods VII), and measures the level
of deleteriousness of the environment [29].

Most PUs are initially (i.e., at some age to roughly
corresponding to the end of the development) polarized.
However, the polarized states are not necessarily ground
states and, hence, are metastable. The data suggests,
that in most cases, the configuration transitions are rare
(fewer than one transition between the states occurs over
the lifetime ¢ of the organism). This means, that transi-
tion rates R; are small (R;t < 1). Therefore, we expect
that the activation energy U?* characterizing the tran-
sition greatly exceeds the effective temperature so that
the depolarization rates, R; ~ exp(—U2*"/T), are expo-
nentially small (Fig. 3).

Stochastic forces cause “jumps” towards the equilib-
rium, the probability of the depolarization of every PU
Ac; = 7;(t) — 7;(tp) changes at a small, but, most cru-
cially, age-independent rate R;, (Ac;(t)) = ¢;R;(t—tg) <
1, where ¢; = £1 is the direction of the depolarization
transition (fully defined by the initial state 7;(tp)). Ac-
cordingly, the average depolarization in samples of ap-
proximately the same age ¢t is

(0:) = €i(Ri(t — to)) = ;. Z/N, (2)

where Z ~ NR(t — ty) is the total number of configura-
tion transitions, R is the characteristic (average) depo-
larization rate, and N is the total number of PUs. For
simplicity, henceforth we count the age from the end of
the development and hence drop tg.

The PCA of a dataset modelled by Eq. 2, would pro-
duce the first PC, which is directly proportional to the
total number of the configuration (depolarization) tran-
sitions Z (which is itself proportional to the age, ¢). This
is exactly what happens in the PCA of both the DNA
methylation (Fig. 1a) and EMR data (Fig. 2a) above.
The distribution of the first PC vector components would
be bi-modal according to the corresponding values of de-
polarization transition directions ¢; (Fig. le).

If the total number of the configuration transitions Z
has a chance to grow large, Z becomes a random quantity,
obeying a diffusion equation (with a drift). This means
that the variance of Z (and hence the first PC in the
data) in age-adjusted bins should increase linearly with
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age. This was indeed observed in the DNA methylation
(Fig. 1b) and EMR (Fig. 2¢) data, respectively.

More evidence in favor of stochastic character of Z
(and hence of the first PC scores in the data) could be
produced by the investigation of the autocorrelation func-
tion C(7) = ((Z(t +7) — Z(t))?) ~ 7 (here (...) stands
for the averaging first along the individual trajectory and
then over all the patients). The autocorrelation function
of the leading PC in the EMR data increased linearly as
a function of the time lag in the range between 2 and 10
years (Fig. 2d). The diffusion coefficients estimates from
the variance and autocorrelation increase turned out to
be close: 0.012 and 0.009 per year, respectively, thus con-
firming the association of the leading PC score with the
increasing number of configuration transitions Z.
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FIG. 4. (a) Configuration entropy computed from the distri-
butions of the DNA methylation and (b) EMRs features in
subsequent age-matched cohorts increases linearly as a func-
tion of age after 40 years.

To highlight the stochastic character of the aging drift
in the model, let us note the relation between the num-
ber of depolarization transitions Z and the configuration
entropy in the aging organism. Assuming that we start
from highly polarized states, &; =~ 1 — R;t, we find that

S=>Y 8= N(Ritlog(1/(Rit))) ~ Z

up to a proportionality coefficient. As expected, the con-
figuration entropy increases along with the number of the
depolarization transitions understood as DNAm changes
or incidence of chronic diseases or age (Figs. 4a and b,
respectively).

The probability of depolarization for each PU is small,
but the total number of PUs available for the configura-
tion transitions is very large. Hence, if enough time is
available in the course of life of an organism, the com-
bined effect of the configuration transitions on the whole
organism, and each of the PUs does not need to be small.
Most importantly, the shift of the regulatory fields is a
result of a large number of contributions from each of
the already depolarized units (see Eq. 1). In this case,
the central limit theorem [30] ensures that the net effect
is proportional to the total number of the configuration
transitions Z. Hence, the effect of aging on each of the

A Free energy, biological processes
Mean field (2), stress (J)

M ~ exp(~Uly/T) exp(U'Z)
Ut = U, —U'Z

act

Pathway
ctivation, z

FIG. 5. Aging drift (Z) and stress (J) modify the shape of the
free energy surface controlling the pathway (the solid and the
dashed blue lines). This leads to pathway activations (z) and
alteration of the activation energy of the barrier separating
the dynamically stable (healthy, left) and unstable (disease,
right) states. The mean-field effect of the aging drift Z ~ ¢
drives the exponential acceleration of the incidence of diseases
with age by lowering the activation threshold.

units can be modeled by a “mean-field” proportional to
Z.

The mean-field produces the most significant effects
in physiological compartments (modules or pathways) —
large clusters of correlated PUs. Mathematically, this can
be seen by expanding the solutions of Eq. 1 in the vicin-
ity of a metastable state and representing the solution
as 0h; = >, zAbf‘, where z4 are the pathway activa-
tions, and b{‘ are the right eigenvectors of the interaction
matrix corresponding to the smallest eigenvalues r4 (see
Section VII). The components of the vector b;' charac-
terize the participation of the PU i in the pathway A.

The quantities r4 have the meaning of the recovery
rates and characterize the resilience, which is the time re-
quired for the organism state to recover from a perturba-
tion affecting the relevant cluster of PUs [16]. The mean
pathway activations averaged over time scales greatly ex-
ceeding the equilibration times, ~ 1/7 4, follow the effects
of aging (Z) and the stress (J):

_BaZ +Ja o2 B
<ZA> ~ TA(Z) ’ z TA(Z) . (3)

Both quantities are inversely proportional to the age-
adjusted recovery rate, r4(Z) = ra—ry Z, where Jy, Ba,
and 1’y are pathway-specific parameters depending on the
regulatory interactions and the nonlinearity in Eq. 1.

Eq. 3 explain why small fluctuations of the organism
state are dominated by the dynamics of clusters of PUs
characterized by the lowest recovery rates. The cluster
participation vectors blA and the pathway activation vari-
ables z4 should approximately coincide with the leading
PC loading vectors and scores, respectively.

The collective variables z4 experience stochastic fluc-
tuations around the mean value of (z4) in the potential
well that is shaped by the regulatory interactions (Fig. 5).
Aging in the form of the increasing number of depolariza-


https://doi.org/10.1101/2022.02.06.479300

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.06.479300; this version posted February 9, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

tion transitions Z induces progressive shifts of the path-
way activation variables precisely in the same way as any
constant stress J. More subtly, aging affects the recov-
ery rate (see the denominator in Eq. 3), and hence the
pathway activations may depend on age in a non-linear
fashion.

If the recovery rate is sufficiently small, the denomina-
tor characterizing the cluster of features with large fluc-
tuations (and hence corresponding to one of the leading
PC in the data) in Eq. 3 may vanish: r(Z) =rqg—r'Z =
ro(l — t/tmax) at some point late in life at the age tiyax-
This is the critical point corresponding to the loss of re-
silience (inability of the system to retain its homeostasis
equilibrium, incompatible with survival [16]). In cross-
sectional data, we may expect both the mean pathway
activations and their variance in subsequent age-matched
bins to diverge at the same age.

Our analysis of the DNA methylation dataset produced
one of the leading PCs, DNAm-PC3, best associated with
the innate immunity function and increasing at a faster
than linear pace as a function of the chronological age.
The fit of the DNAm-PC3 scores to the singular solution
for the average z4 from Eq. 3 gives tyax &~ 130 years (see
the solid line in Fig. 1c and Section VI A for the details
of the calculations). The extrapolation suggests that the
inverse variance of DNAm-PC3 hits zero at about the
same age (see the solid line in Fig. 1d). The results of
the two extrapolations are comfortably close. Hence, our
calculations support the existence of a critical point at
some age in the range of 100 — 150 years from birth.

III. DISCUSSION

We put forward a semi-quantitative model of aging in a
complex regulatory network and applied it to the analysis
of aging signatures in humans in a cross-sectional white-
blood-cells DNA methylation dataset [25] and the exten-
sive collection of longitudinal Electronic Medical Records
(EMRs) from UK Biobank [26]. We demonstrated that
the dynamics of physiological indices and hence the or-
ganism state is driven by massive and thermodynami-
cally irreversible configuration changes accompanied by
entropy increase.

First, we observed that rates characterizing the transi-
tions among microscopic states different by the methyla-
tion status or the incidence of specific diseases are small.
In most cases, fewer than a single transition occurs on
average throughout the lifetime. However, even though
the rates of the configuration changes may be low, the to-
tal number of the configuration transitions between the
states is vast: no less than 25% methylation sites exhib-
ited age-related dynamics. Hence, the overall number of
concurrently occurring transitions is large, and the mas-
sive uncorrelated changes together dominate the dynam-
ics of the physiological state.

We observed that the dominant aging signature, which
is the first PC score explaining most variance in the data,

increased on average linearly with age in the PCA of
the DNA-methylation and EMR data. In both cases,
the first PC score was proportional to the total number
of the configuration transitions (the number of DNAm
level changes or the total number of the chronic diseases).
Simultaneously, the variance of the dominant PC score
grew linearly with age in both datasets, as is expected
for a stochastic quantity, a product of a large number of
independent relaxation transitions.

Thus, the total number of the observable configura-
tion transitions Z, on average, increases linearly with
age and explains most of the variance of the physiolog-
ical variables. Accordingly, we propose using Z as the
quantitative measure of the compound effect of the slow
configuration changes in the aging organism — the ther-
modynamic biological age (tBA ~ Z). The dominant
aging signature in the data (the first PC score) is then
an estimate of tBA from the specific data. Most comfort-
ably, DNAm-PC1 and hence tBA exhibited the strongest
correlation to Horvath’s methylation age.

Configuration transitions provide the thermodynamic
arrow of time in an aging organism. We demonstrated,
that tBA is directly related to the configuration entropy
produced (or the information regarding the healthy state
lost) in the course of aging. The association can be un-
derstood since the biological age is a single number cap-
turing the result of individual transitions characterized
by different transition rates depending on the activation
energy of individual physiological units and the effective
temperature T. The particular depolarization patterns
(configuration) changes may differ in various cells or sub-
jects. In contrast, the total number of transitions should
be close and hence characterize the overall state of the
organism in relation to aging.

Due to the data availability, we could only analyze ag-
ing signatures in DNA-methylation states and chronic
diseases. However, there must be innumerable examples
of physiological units experiencing configuration changes
over time. We may think about (but not limit ourselves
to) conformational or chemical modifications of macro-
molecules, including DNA damage, etc. Since all the
configuration changes happen simultaneously and incre-
ment tBA, we must not consider any single kind of them
as causing the aging drift.

The configuration transitions change the organism’s
state and affect all other biological processes. Since the
number of configuration changes is large, the details of
the individual transitions are not important. The com-
pound effect of the aging drift manifests itself as a ” mean-
field” causing the shift of physiological indices that is pro-
portional to the number of the configuration transitions
to date (and hence to tBA itself).

The mean-field produces the strongest effects on large
clusters of physiological units characterized by long re-
covery times and hence exhibiting strong fluctuations
(hence dominating the leading PCs other than PC1 ~
tBA in biological signals). We show that the effect of ag-
ing drift on such modules or pathways is indistinguishable
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from effects of stress (such as smoking or diet). Since the
BA increases linearly with age, we expect all pathways to
“follow” the aging process by increasing (or decreasing)
activations approximately linearly with age.

The total number of transitions is large, and hence tBA
increases linearly with age to a very high degree of accu-
racy (according to the central limit theorem [30]). That
may be the mathematical reason why it is almost always
possible to build a very accurate predictor of chronolog-
ical age from different sources of biomedical data (see
examples [4, 5, 7]).

Evidence suggests that the mean-field increases enough
to let the non-linearity of regulatory interactions produce
significant deviations of the mean pathway activations
from a simple linear dependence as the functions of age
(see DNAm-PC3 and EMR-PC2 in the PCA of DNA
methylation and EMR data, respectively).

Nonlinear regulatory interactions may also alter the
recovery times. If the recovery rate is particularly small,
this may lead to divergence of the organism state fluctua-
tions at some advanced age corresponding to the critical
point, where the recovery rate vanishes. This happens
with the cluster of DNA methylation features associated
with the DNAm-PC3. By extrapolation, we observed
both the mean and the variance of DNAm-PC3 diverg-
ing at the age close to tax ~ 130.

Gene set enrichment analysis (GSEA) of genes regu-
lated by CpG sites involved in DNAm-PC3 reveals the
association with innate immunity. Recently, we demon-
strated that linear log-mortality predictors built from
complete blood counts (CBC) and physical activity [16]
also exhibited diverging fluctuations and vanishing recov-
ery rate at about the same limiting age t,.x ~ 130. We,
therefore, infer that the white-blood-cells DNA methy-
lation, blood composition and even physical activity all
substantially depend on a common factor related to in-
nate immunity and all-cause mortality.

In reality, the disintegration of the organism state
happens well before reaching the criticality at the lim-
iting age tmax. Stress factors and the mean-field Z
do not merely shift the mean pathway activation lev-
els. Both factors may also decrease the activation en-
ergy separating the organism state from the disinte-
gration and death (Fig. 5). In the linear regime, the
activation energy linearly depends on the mean-field,
Uact = U2, — U'Z, and hence the probability of the bar-
rier crossing per unit time, the mortality in the model,
is M ~ exp(=U2,/T)exp(U'Z/T). Thus we explain
how the aging drift in the form of the massive config-
uration transitions registered by the tBA can drive the
exponential acceleration of all-cause mortality with age:
M ~ exp(I't). The mortality doubling rate I' in the
model depends on the details of the regulatory interac-
tions (through U’), the rate of the aging drift (through
Z) and on the effective temperature T'.

The prediction of mortality (or the remaining lifespan)
in humans hence requires an estimate for tBA ~ Z and
for a few most crucial pathway activations (also, on av-

erage, proportional to Z). Hence, no single biological
age measure fully describes longevity in humans. We ex-
pect that the biological age models trained to predict the
chronological age from the data should yield better esti-
mates of tBA. On the other hand, the models trained
to predict the remaining lifespan (such as PhenoAge [8],
GrimAge [15], DOSI [16], etc.) should return a combi-
nation of the pathway activations associated with preva-
lence of diseases and accelerated mortality [31] and hence
better suited for the detection of reversible effects of dis-
eases, lifestyles and medical interventions.

PCA of human data is peculiar since it produced more
than a single age-dependent feature. This is not the
case in simpler animals such as worms [32], flies [33] or
mice [34], where aging could be explained by a simple
dynamic instability leading to the exponential disintegra-
tion of the organism state [33, 35]. We expect that the
entropic contribution to aging has no time to develop in
such cases. The biological age is then a dynamic factor,
and effects of aging may be reversible [34].

This work, along with the direct dynamics stability
analysis of the organism state fluctuations in longitudinal
biomedical data [13, 16] shows that humans (and proba-
bly other long-lived mammals, such as naked mole-rats)
evolved so that the fully grown subjects are metastable
until very late in life. The loss of stability is the result
of a loss of resilience due to a combined effect of many
configuration transitions.

We show that aging in humans has a very significant
entropic component. If the proposition is accurate, we
must expect that although the hallmarks of aging (fea-
tures or activations of specific pathways leading to mor-
tality and morbidity acceleration [1]) can in principle be
reverted, the expected effects on lifespan should be lim-
ited. Any attempts to reduce the dominant aging signa-
ture, tBA, would, however, run against the tendency of
complex systems to increase their entropy. Any working
strategy would require the availability and timely appli-
cation of an immense number of precise interventions.
This is, to say the least, technologically challenging. Ac-
cordingly, we must think that aging in humans can be
reversed only partially.

Significant rejuvenation may thus remain a remote per-
spective. Our model, however, suggests that there must
be a practical way to intercept aging, that is to reduce
the rate of aging dramatically. The rates controlling con-
figuration transitions between any two states depend ex-
ponentially on the effective temperature. Hence, even
minor alterations of the parameter may cause a dramatic
drop in the rate of aging. In condensed matter physics,
this situation is known as glass transition, where the vis-
cosity and relaxation times may grow by ten to fifteen
orders of magnitude in a relatively small temperature
range [36-43]. We note, of course, that living organisms
are non-equilibrium open systems, and hence the effective
temperature must not coincide with the body or environ-
ment temperatures. Rather, the effective temperature is
a measure of deleteriousness of the environment [29].
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We speculate that the evolution of long-lived mammals
may have provided an example of tuning the effective
temperature. Naked mole rats are known for their ex-
ceptional stress resistance, DNA repair efficacy [44-47],
and translational fidelity [48, 49]. Both factors should
reduce the noise in the regulatory circuits and lower the
effective temperature of the system. Most recent studies
indicate that naked mole-rats breeders age slower than
their non-breeding peers, at least according to the DNA-
methylation clock [22].

Social status and mental health also impact the aging
rate measured by the DNA methylation and other clocks
in humans [50, 51], possibly via neuroendocrine system.
Socioeconomic status somewhat counter-intuitively sig-
nificantly increases the mortality doubling rate and si-
multaneously reduces age-independent mortality in such
a way that the mortality in the top and the lowest income
group converge at an age close to our ty,.x estimates [52].
Such behavior of mortality is consistent with reducing
the effective temperature in the top-earning cohorts in
our model.

Future studies should help establish the best ways to
“cool down” the organism state and reduce the rate of ag-
ing in humans. The simple linear PCA exemplified here
may only help gain a qualitative understanding of under-
lying processes. We expect that increasing availability of
high-quality longitudinal biomedical data will lead to a
better understanding of the most critical factors behind
the kinetics of aging and diseases, including those con-
trolling the entropy production in the course of the aging
process. This should lead to the discovery of actionable
targets influencing the rate of the aging drift, help slow
down aging and thus produce a dramatic extension of the
human healthspan.
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VI. MATERIALS AND METHODS
A. PCA of the DNA methylation data

We took the white-blood-cells methylation data from
GSES87571 dataset [25]. It contains 729 samples (more
than 440k features each) collected from patients of both
genders (341 males and 388 females) covering the age
range between 14 and 94 years of age.

To focus the analysis on aging, we filtered out the pa-
tients younger than 20 y.o. (620 samples remaining). We
filtered out the CpG sites according to Pearson’s correla-
tion between the DNA methylation levels and the chrono-
logical age at the level of p < 0.005/N (where N is the
total number of the reported features), thus obtaining
96536 sites. We performed and reported the results of
the PCA on the resulting data.

We computed Horvarth’s methylation age as described
in [4]. A few CpG sites (cgl7099569, cg00431549,
cg11025793, and cgl4409958) were not present in the
data, and hence we had to exclude them from the cal-
culation.

DNAm-PC3 increased with age at a faster than lin-
ear pace. We collected all the pairs of the DNAm-PC3
scores and the chronological age for every patient n in
the dataset and used the available age-range to produce
a fit of the data to average from Eq. (3):

DNAm — PC3" % —— b " +c
with the uniform Gaussian error and ty.x, a, b and ¢
being the parameters of the fit. The calculation returned
tmax = 129.9 years. We also performed the linear fit of
the inverse variance of DNAm-PC3 and obtained 90% CI
[114.5,122.2] for tyax.

B. Gene set enrichment analysis

We collected the CpG sites best associated with
DNAm-PC1 and DNAm-PC3 according to the values of
the respective vector components. We retrieved the gene
IDs from Ilumina’s 450k methylation arrays documen-
tation. Finally, we performed Gene Ontology (GO) and
disease ontology (DO) enrichment with the help of the R
7 clusterProfiler4.0” package [53].

C. Pre-processing of EMRs from UK Biobank

To avoid using the disease labels corresponding to
the transient diseases, we selected 111 chronic diseases
diagnoses using Chronic Condition Indicators for ICD-
10 [54]. Overall, in the EMR dataset are 389494 pa-
tients, of mostly Caucasian origin (366715 or 94%), of
both sexes (179032 males and 210462 females) in the age
range 38 — 74).
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FIG. S.2. Association of the PC scores in regulatory fields with Horvath’s methylation clock (DNAm age).

D. Entropy/entropy production rate determination

For the practical calculation of entropy, we used a
Python library scipy.stats.entropy [55], which was ap-
plied to the individual distributions of methylation levels
and to the distributions of EMR vectors averaged over
the population in age-binned cohorts.

VII. SUPPLEMENTARY: THEORY

We start from Eqs. 1 and observe, that the regulatory
fields change over time in response to the deterministic
(the direct linear and the higher-order non-linear interac-
tions between the units) and stochastic forces f;. We nat-
urally assume that the stochastic force terms are not cor-
related over long time intervals: (f(¢)f(t")) = Bé(t —t')
with B is the power of the stochastic noise, (...) stands
for the averaging along the individual trajectory and over
all specimen, and §(t) is the Dirac delta-function.

In spite of apparent simplicity, the Egs. 1 are non-linear
and may have highly non-trivial solutions leading to ap-
plications in condensed matter physics [56] and neuro-
physiology [57]. For our discussion, it is important that
the stochastic noise drives the system towards equilib-

rium at an effective temperature controlled by the power
of the noise T' ~ B.

The data suggests that there is a large “bulk” of units
characterized by excessive lifetimes. Mechanistically this
may be explained by operating within a vicinity of a
metastable state with a very high activation energy U,
relative to the effective temperature, U,., < T (Fig. 3).

We will assume that the effects of aging are small
on the scale of U and hence the depolarization rates
R; ~ Us,et/T are not only very small, but also do not
considerably depend on age. Accordingly, the depolar-
ization is on average a linear function of age and the total
number of configuration transitions Z: (Ao;) = Rit < Z
and (Ao?) o< Rit < Z.

Let us think that the aging drift in the form of simul-
taneously occurring configuration transitions progresses
slowly compared to fast functional responses in the or-
ganism. We linearize the equations for the regulatory
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fields next to the youthful state h;:

Ohi =Y Kijoh;+
J

+ Z Kij<AUj> + Z gzgk<AU]2>+

J

J
do;
+Y gijk 2, 0hy(Aoy) + 70+ i
gk !

where 6h; = h; —h; and Ao variables describe the devia-
tions of the fields and depolarization of the units, whereas
the averages (...) involve the averaging over the “bulk”
uncorrelated states only.

The solutions of the linearized Eq. S.1 can be best
understood with the help of a linear decomposition:
Shi = A% Abf, where z4 are the pathway activations,
and b are the right eigenvectors of the interaction matrix
corresponding to the smallest eigenvalues r4 (the matrix
K is non-symmetric and hence its complete eigensystem
must include the left, a*K = —rqa?, and the right,
Kb* = —rab?, eigenvectors). The components of the
vector bf‘ characterize the participation of the PU ¢ in
the pathway A.

Substituting the solution into the equation and multi-
plying both sides by the corresponding left eigenvector,
we find, that

2A=—(TA—T14Z)Z+[3AZ+JA+J0A, (82)
where J4 = aJ, fao = a*f. The effect of aging comes
through the mean field on the pathway activation S4Z =
a*K{Ac) + O(g) and the non-linear correction to the
eigenvalue 74 ~ 14 — 14 Z.

It is important to understand, that all the relevant vec-
tors and constants can not be derived and could only be
measured experimentally. The large number of configu-
ration transitions ensures by virtue of the central limit
theorem that the effect of the mean field is exactly linear
in Z.

Qualitatively, the net effect of the rare transitions and
the associated mean field Z together produce a persis-
tent pathway activation, on average, slowly increasing
with age. This is often referred to as an enslavement
principle: stochastic depolarization transitions produce
a slowly evolving mean field Z that disturbs pathways
characterized by fast relaxation times having thus enough
time to adjust to the current value of Z.
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