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Abstract

DNA methylation marks have recently been used to build models known as “epigenetic
clocks” which predict calendar age. As methylation of cytosine promotes C-to-T mutations,
we hypothesized that the methylation changes observed with age should reflect the accrual
of somatic mutations, and the two should yield analogous aging estimates. In analysis of
multimodal data from 9,331 human individuals, we find that CpG mutations indeed coincide
with changes in methylation, not only at the mutated site but also with pervasive remodeling
of the methylome out to +10 kilobases. This one-to-many mapping enables mutation-based
predictions of age that agree with epigenetic clocks, including which individuals are aging
faster or slower than expected. Moreover, genomic loci where mutations accumulate with
age also tend to have methylation patterns that are especially predictive of age. These
results suggest a close coupling between the accumulation of sporadic somatic mutations

and the widespread changes in methylation observed over the course of life.
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Introduction
Practically since the elucidation of the DNA double helix, it has been postulated that
progressive damage to this fundamental structure is the cause of aging'®. The primary
support for this theory relates to somatic mutations, which accumulate in the genomes of
most tissues and species throughout life*5°. Such accumulation has been associated with
multiple  characteristics of old age, including immune  dysfunction'®"2
neurodegeneration''°, and cancer'®"°.

Aging has also been associated with other major types of molecular changes beyond
DNA mutations?®?', leading to debate as to which of these aging “hallmarks” are
fundamental causes?-?°. In particular, much recent attention has been given to associations
of age with DNA methylation, a dynamic epigenetic mark found primarily at CG dinucleotides
(CpG sites) throughout the genome®. CpG methylation has diverse functional
consequences including X chromosome inactivation??®, chromatin and transcriptional
regulation?®?°, cell-type specification, and maintenance of pluripotency®-32. DNA methylation
patterns have been found to change very regularly over the course of life, prompting the
creation of statistical models, termed ‘epigenetic clocks’, which attempt to predict an
individual's age using their DNA methylation profile****. Subsequent research has shown
that epigenetic clock predictions correlate with a host of age-related biological attributes,
including frailty, Alzheimer’s disease, all-cause mortality, life-extending intervention®, and
time-to-death®—*°. Such observations have bolstered epigenetic theories of aging, which
propose that progressive remodeling of the epigenome leads to aging phenotypes via the
dysregulation of gene expression, cellular function, and senescence®*'*3, The degree to
which epigenetic changes are direct causes of aging, however, remains unclear.

Despite the separate interest in DNA mutations and DNA methylation as theories of
aging, the relationship between the two processes is not well understood. One recent study

reported that somatic mutations in DNA-binding sites for Tet Methylcytosine Dioxygenase 1
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(TET1), the primary enzyme involved in the removal of methylation marks*, are associated
with local hypermethylation*®. Another study demonstrated an association between somatic
mutations, subsequent clonal expansion of blood cells, and accelerated epigenetic aging®.
Most other research linking DNA sequence and methylation has focused on inherited
germline variants rather than acquired somatic mutations, such as efforts to identify methyl
quantitative trait loci (me-QTLs) linking common polymorphisms to methylation levels of
specific CpG sites*’°,

Nonetheless, an intrinsic biochemical connection between DNA mutation and
methylation occurs at 5-methyl cytosine residues®®*5!, which spontaneously deaminate over
time to yield thymine®2. A prerequisite for this mutational event is cytosine methylation,
relating somatic mutation to prior epigenetic modification of DNA. Conversely, a prerequisite
for DNA methylation is the presence of a cytosine, which may be eliminated by prior somatic
mutation. Given this interdependence, we considered that the separate links that have been
established between DNA mutation and aging, and DNA methylation and aging, might each
reflect a common underlying process whereby methylation potentiates mutation and/or
mutation potentiates changes in methylation.

To explore this hypothesis, we set out to comprehensively examine the relationship
between somatic DNA mutations and DNA methylation in large collections of human tissue
samples characterized for both layers of molecular information. In what follows, we identify
several types of interaction between somatic mutation and DNA methylation, both
one-to-one and one-to-many (Fig. 1a). Based on these findings, we use somatic mutations
as a surrogate for epigenetic marks in measures of aging, indicating the degree to which

epigenetic aging is explained by somatic mutations (Fig. 1b).
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Results

Genome-wide hypomethylation of mutated CpG sites

To study the connections between somatic mutations and DNA methylation marks, we
analyzed multi-omics data from human patients cataloged in The Cancer Genome Atlas
(TCGA)*** and the Pan-Cancer Analysis of Whole Genomes (PCAWG)®*. Tumor biopsies
had been drawn from a diversity of tissue types and characterized by whole-exome
sequencing (TCGA, 8,680 exomes across 33 tissues) or whole-genome sequencing
(PCAWG, 651 genomes across 7 tissues). In each case, DNA from the tumor sample was
compared to a second DNA sample drawn from the same individual, with differences used
to define somatic mutations (typically comparing the tumor DNA sequence to whole blood,
Methods). These data had been complemented by methylation profiling of the same tissues
via the Illumina Infinium HumanMethylation450 BeadChip, which provides methylation
fraction readouts (the fraction of DNA reads that are methylated) for approximately 450,000
CpG sites genome-wide®’.

From these data, we considered all single base-pair substitution mutations (n =
3,457,875 mutation events) and CpG sites for which all individuals had a reliably measured
methylation value (n = 326,751 CpG sites, Methods). Consistent with previous reports®®,
CpG sites were the most frequently mutated dinucleotide accounting for 13.5% of all somatic
mutations genome-wide (Fig. 2a). The vast majority of these were C>T transitions (82.3%,
Supplementary Fig. 1a) occurring at sites that tended to be heavily methylated
(Supplementary Fig. 1b).

We next asked whether individuals harboring a mutated CpG site exhibit lower levels
of methylation at that site compared to non-mutated individuals (Fig. 2b). We reasoned that
once mutated, the site would no longer constitute a CG dinucleotide, reducing its likelihood

of methylation. Indeed, we found a significant decrease in methylation in individuals with a
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mutation at a CpG site compared to non-mutated individuals at the same site
(Mann-Whitney p = 3.90x10°, Fig. 2c, Methods), with loss of methylation proportional to
the frequency of reads with the mutant allele (Pearson r = -0.17, p = 2.08x107>®, Fig. 2d).
These results supported a model in which CpG mutations occur primarily at
hypermethylated sites due to the spontaneous deamination of methylcytosine and can
become fixed in the genome of daughter cells causing a decrease in methylation

proportional to the mutated clonal population.

Mutated sites show extensive remodeling of the surrounding methylome

During this exploration, we noted numerous cases in which somatic mutations coincided not
only with hypomethylation at the mutated CpG site but also with atypical methylation of
numerous CpGs in the surrounding genome. An illustrative example was the C>T mutation
at base pair 56,642,556 of chromosome 16 in the individual TCGA-GV-A3QlI (Fig. 3a). CpG
sites adjacent to this somatic mutation were strikingly hypermethylated in this individual, with
such hypermethylation extending over a contiguous region more than 30 kb downstream.
This effect encompassed the metallothionein 2A gene as well as additional metallothionein
family members MT1E and MT1M, for which methylation-linked repression has been
associated with metastasis in multiple cancer types®-°".

To move beyond anecdotal observations, we devised a general test for whether
somatic mutations are associated with remodeled methylation at surrounding CpGs. In a
window centered on each mutated site, we computed a quantity we called AMF: the change
in methylation fraction observed for CpGs in the window, comparing the mutated individual
to matched non-mutated individuals (Fig. 3b, Methods). We observed that AMF tended
toward substantially more extreme values than expected at random (n = 2,600 mutated sites
with sufficient nearby CpGs, p < 107", Fig. 4a), with mutated loci more than four times as

likely to have an extreme decrease in nearby methylation (AMF < —0.3, Fig. 4b). Mutated
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loci were also enriched for nearby methylation increases, albeit more weakly (Fig. 4b).
Examination of different window sizes showed that the methylation increases/decreases
were localized to £10 kb from the site of mutation, with CpGs close to the mutated site
having the most extreme methylation changes (Fig. 4c). Deeper explorations revealed that
the aberrant methylation patterns: [1] are specific to genomic context, occurring exclusively
at mutations to CpG sites (Fig. 4d); [2] have a direction of change that depends on local
CpG density (i.e., whether they are inside CpG islands®®, Fig. 4d); and [3] increase
proportionally with the fraction of DNA in the sample harboring the mutation (Fig. 4e). These
results indicated that our earlier observations were not anecdotal but that CpG mutations are

generally associated with an atypical pattern of methylation in the surrounding DNA.

Somatic mutations mirror epigenetic predictions of age

While mutation of any particular CpG site is exceedingly rare in the human population and
thus a poor predictor of age, its corresponding CpG methylation fraction varies regularly in a
manner that is often age-associated®. We considered, however, that the one-to-many
relationship revealed by our previous analysis (Fig. 4), by which a single CpG mutation
maps to a broad profile of methylation changes in the surrounding DNA, might bridge this
apparent gap between sporadic mutation accumulation and consistent methylation change.
Accordingly, we compared two procedures for the prediction of human chronological age:
the first using an individual’s profile of CpG methylation values, as in previous epigenetic
aging models (methylation clock), and the second using their profile of somatic mutations,
including the counts of somatic mutations within 10 kb of each of these same CpGs
(mutation clock, Methods, Fig. 5a). Evaluating these models using a nested cross-validation
procedure (Methods), we found that the methylation clock predicted age with an accuracy of
r = 0.77 (Pearson correlation), while the mutation clock had an accuracy of r = 0.70 (Fig.

5b-c). Examining predictions within each individual tissue, both models were most accurate
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at predicting age in brain samples and least accurate in thymus samples (Supplementary
Fig. 2).

Beyond their similar accuracies of age prediction, we found that the two clocks
agreed significantly in several other key aspects. First, the predictions from both models
were highly correlated across individuals (r = 0.81), and this relationship persisted even after
controlling for calendar age (partial correlation = 0.60, p = 6.14x107'*, Fig. 5d, Methods).
For example, for individuals predicted by mutations to be one year older than their calendar
age, the methylation clock yielded a corresponding overprediction of 0.75 + 0.53 years
(mean * stdev). This same agreement in over/underprediction (similarity in model residuals)
was observed when comparing the mutation clock to previously published methylation
clocks (Fig. 5e)*34%*, Second, CpG sites for which the surrounding mutation burden was
most associated with age also tended to have the most age-associated methylation values
(Fig. 5f, Methods). One example was the CpG site cg19236454 (chr19:42,799,926), for
which the local mutation burden progressively increased with age (10 kb, r = 0.18), while
the methylation of the site was progressively lost (r = —0.18, Fig. 5g). Thus, mutation and
methylation profiles were synchronized with respect to predictions of age (Fig. 5h), both

globally (genome-wide) and locally surrounding individual CpG sites.

Discussion

In this study, we have observed notable associations between CpG mutation and
methylation at multiple scales. At the scale of single nucleotides, CpG sites altered by
somatic mutation, the most frequent mutation type genome-wide (Fig. 2a, Supplementary
Fig. 1a-b), exhibit loss of methylation at that site (Fig. 2c-d). At a larger scale, such mutated
sites coincide with sweeping methylation changes across numerous CpGs within the

surrounding genomic region (Fig. 3, 4a-c). Plausibly as a result of this larger-scale


https://paperpile.com/c/mls4HW/jBJU1+kFIrK+QkDew
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

relationship, individuals whose mutations indicate increased genomic age also tend to have
older methylomes (Fig. 5d, h).

A fundamental tension addressed in this study is that two individuals very rarely
share a somatic mutation at the same CpG site; thus, mutations would initially seem too
sparse to explain the numerous CpG sites at which methylation reliably changes with age.
However, our findings show that single mutations can correspond to appreciable shifts in the
methylome, with a graded relationship that depends on the frequency of the mutated allele
(i.e., clonality of the mutant cell population, Fig. 4e). Consistent with these findings, we see
that within individuals of the same calendar age, mutation and methylation clocks agree on
which individuals are aging faster or slower (Fig. 5d-e) and that somatic mutations explain
almost 50% of the variation in methylation age across individuals (Fig. 5b, h).

The mechanisms by which a CpG mutation affects its methylation state or,
conversely, CpG methylation potentiates its own mutation, have already been established.
The prior methylation of a CpG makes a subsequent somatic mutation more likely due to
methylcytosine deamination®. In turn, when either nucleotide of the CpG site is mutated, the
site is no longer a CpG, substantially decreasing the likelihood of future methylation by a
DNA methyltransferase®.

For mutations exhibiting larger-scale gains or losses of methylation in the
surrounding kilobases, it is conceivable that either methylation or mutation, or neither, may
be the primary causal agent. The observed association between somatic mutation and local
hypermethylation (Fig. 4a) may occur if hypermethylation creates an environment prone to
methylcytosine deamination events, giving rise to rare somatic mutations embedded within
hypermethylated regions. This model does not, however, explain the frequently observed
co-occurrences of mutations with neighboring hypomethylation throughout the genome (Fig.

4a), as hypomethylation should decrease, not increase, the local probability of mutation.
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An alternative possibility is that mutations are the primary causes of subsequent
changes in methylation. Mutations within the DNA binding site of a methylase or
demethylase enzyme could plausibly affect enzyme activity, dysregulating the methylation
state of the surrounding genome®-%. Such a relationship has been reported explicitly for
somatic mutations in the DNA binding sites of TET1, a demethylase, leading to local gains of
methylation*®. More broadly, it is well known that germline DNA sequence variants govern
the methylation patterns of many CpG sites, affecting as many as 40% of CpGs
genome-wide (“meQTLs”)?®. Somatic mutations in these sequences may yield effects on
methylation analogous to those observed for inherited variants.

A third possibility is that mutation and methylation events are not causal of each
other, but that both are downstream of some earlier event. One such event might be related
to the repair of DNA double-strand breaks (DSBs), which have been demonstrated to result
in both somatic mutations and methylation changes near the site of repair®”-’2. Here, the
mutation and methylation changes would be indicative of an earlier DSB repair, an activity
recently suggested to cause epigenetic aging*'.

Regardless, understanding the causality between mutations, methylation, and aging
has important implications for how we seek to prevent or reverse aging. In particular, if
mutations are the fundamental driver of aging phenotypes and epigenetic changes simply
track this process, then strategies aimed at epigenetic reversal*'*’” may be treating a
symptom rather than a cause.

As the current large human datasets measuring both somatic mutations and
methylation pertain to cancer patients, the relevance of our findings to normative aging
should be examined, i.e., in normal individuals and tissues. This limitation notwithstanding,
we would note that mutation burdens in cancerous and normal tissues are similar’®’ and
that the majority of mutations found in tumors are thought to represent normal mutational

processes unrelated to cancer’®®. A second limitation is that our analysis is cross-sectional
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rather than longitudinal, with each individual measured at a single time point only. Here, a
longitudinal study design could greatly inform the actual order of events. In addition, there
exist other factors associated with epigenetic aging that do not explicitly implicate somatic
mutations. Some epigenetic changes clearly reflect alterations in tissue composition with
age®'®2, and other changes are associated with the expression of developmental genes®*°
such as in the binding sites of the polycomb repressive complex®®'. Some of these factors
may nonetheless relate to DNA mutations, for instance somatic mutations can drive

alterations in tissue composition®%,
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Online Methods

Data access and preprocessing. We obtained paired DNA methylation (lllumina 450k array)

and somatic mutation data from two public consortia: TCGA®*-%° and PCAWG®¢. Relevant to
TCGA, we used the PAN-CAN cohort (http://xena.ucsc.edu/), which includes 8,680 samples
from 33 cancer types with both lllumina 450k methylation array data and somatic mutation

calls. Data from the PCAWG consortium (https://dcc.icgc.org/pcawg) include 651 samples

from 7 cancer types with both lllumina 450k methylation array data and whole-genome
somatic mutation calls. Methylation data from both cohorts were further processed as
follows. First, we removed CpG sites for which any sample had a missing value, leaving
273,202 CpG sites for TCGA and 326,749 CpG sites for PCAWG. Second, we removed
samples for which the mean methylation fraction (over all remaining CpGs) was more than
three standard deviations outside of its expected (mean) value over all samples. Third, each

sample was quantile normalized.

Characterizing CpG mutation frequency. Based on UCSC hg19 human genome

annotations®, the number of nucleotides that comprise CpG residues equals 2 bp *
28,299,634 CpG sites, within a total genome length of 3,137,144,693 bp. Therefore, 1.8% of
randomly distributed mutations are expected to be CpG mutations, and the remaining 98.2%
of mutations are not (Fig. 2a). As CpG sites are palindromic, CG on one DNA strand is
equivalent to GC on the complementary strand; thus, for simplicity, we refer to all CpG
mutations on either strand as alterations to the C residue in the first position. This
convention was used to record the frequency of each dinucleotide sequence resulting from a
CpG mutation (Supplementary Fig. 1a). For these cumulative analyses relating to the
overall frequency of CpG mutation (Fig. 2a, Supplementary Fig. 1a-b), the PCAWG
samples were used exclusively because they had whole genome sequences, encompassing

all CpG sites, rather than exome sequences only.
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Characterizing methylation at mutated CpG sites. The methylation status of two categories

of CpG sites were compared: “Non-mutated sites”, where no mutation was observed in any
individual, and “Mutated sites”, where at least one individual had a mutation (Fig. 2b). For
CpG sites of the first category (265,399 non-mutated sites), the distribution of methylation
fractions was plotted (Fig. 2¢). For CpG sites of the second category (8,037 mutated sites),
some individuals harbor a mutation at that particular CpG, and some do not. In this case, the
distributions of CpG methylation fractions were plotted separately for the mutated versus
non-mutated individuals (Fig. 2¢). For analyses of methylation associated with mutated sites
(Fig. 2c-d), TCGA samples were used exclusively, as there were many more occurrences of

CpG mutations in this dataset due to its much larger sample size.

Calculating mutation-associated methylation change. Somatic mutation events (i, j) were

defined as (site, sample) pairs for which the nucleotide present at site i in sample j assumed
a different (A,C,G,T) value than in the matched normal tissue. For each mutation event, the
genomic “locus” was defined as a *w kilobase window (upstream and downstream)
centered on the mutated site i. Matched background samples b were defined as those
without any somatic mutations in this window and that were of the same tissue type and
approximate age (x5 years) as the mutated sample. The methylation fraction of CpG site k

in sample j is denoted by m, i Using these definitions, we calculated AMF, the median

change in methylation fraction in the window comparing sample j to matched background

samples.

AMF;; = median my,; — median (mygp)
kewindow(i,w) bebackground

window (7, w) = {CpG sites within + w from site 7}

13


https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

We calculated AMF in +10 kb windows for each mutation event in the PCAWG data, where
[1] the mutation was a single base pair substitution with MAF 2= 0.8, [2] there were at least 15
viable matched background samples, and [3] there was at least one CpG site within 10 kb of
the mutated base. Filtering against these criteria left 2,600 mutation events. Random control
events were chosen to create a background distribution of AMF values at genomic loci
lacking somatic mutations in any sample. For each true mutation event, we randomly chose
100 non-mutated nucleotides from the corresponding mutated sample and calculated AMF
at these loci. To perform this calculation, we treated the randomly chosen nucleotide as if it

were a mutation and calculated the AMF of CpG sites within £10 kb.

Extent of mutation- iat methylation remodeling. To investigate the extent of
methylation remodeling associated with somatic mutation, we focused on the 25% of
mutation events with the most positive or negative AMF values (Fig. 4a). We extended the
range of AMF calculation to all measured CpG sites within £100 kb from each site of
mutation, computing AMF at overlapping 2 kb windows across this range. Then we aligned
these these AMF values by their linear genomic distance from their respective mutated site

(Fig. 4c).

CpG and CGI enrichment. The genomic background rate of CpG islands (CGls) and CpGs

was calculated based on the hg19 annotation®%
(https://hgdownload.soe.ucsc.edu/goldenPath/hg19/database/cpglslandExt.txt.gz). The

frequency of CpGs in CGls was based on previously published statistics®. To understand
wether mutation type (CpG or non-CpG) and location (CGI or non-CGl) were related to the
degree of mutation-associated methylation change, we divided the frequency of each
mutation type by the expected genome-wide rate (‘fold enrichment’, focusing on the 25% of

mutation events with the most positive or negative AMFs). A one-sided binomial statistic was
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used to test for an increase in mutation frequency above the genomic background rate of

each mutation type (Fig. 4d).

Clock datasets and features. Tissue samples used for all clock-related analyses were from
the LGG (Brain), GBM (Brain-2), SARC (Bone), KIRP (Kidney), or THYM (Thymus) cancer
types in TCGA (n = 1,250 individuals). Somatic mutations within the 25 genes having the
highest mutation frequency for that tissue type were removed to mitigate the influence of
driving cancer genes on the analysis. We created a shared feature set for training all clock
models, selecting the 100,000 CpG sites with the greatest average somatic mutation burden

across samples within £10 kb of the CpG site.

Mutation clock. The mutation clock was based on a gradient boosted tree model, an
XGBoost Regressor®” with default parameters, which we trained to predict chronological age
using features derived from somatic mutations at the 100,000 CpG sites described above. In
particular, the features used to describe an individual sample were (1) the counts of all
somatic mutations within = 10 kb of each CpG site (the “mutation burden”, Fig. 5a); (2) the
one-hot encoded tissue type; and (3) the genome-wide mutation burden, summing the
mutated allele frequencies (MAFs) across all 100,000 CpG sites. The accuracy of age
prediction was assessed using nested cross validation, where 64% of samples were used
for model training, 16% for hyperparameter tuning, and 20% for testing, with this entire
procedure repeated over five folds (Fig. 5b, Supplementary Fig. 2). Following
hyperparameter tuning, the number of features selected for use in the trained mutation clock

model ranged from 1,711 to 1,781 across folds, with a mean of 1,759.

Methylation clock. The methylation clock was also based on an XGBoost Regressor model,

with identical default parameters®” as per the mutation clock described above. The definition
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of features was also closely matched, focusing on the same 100,000 CpG sites but using
methylation rather than mutation data. In particular, features used to describe an individual
sample were (1) the methylation fraction of each CpG; (2) the one-hot encoded tissue type;
and (3) the overall degree of genome-wide methylation, computed as the sum of methylation
fraction values across all 100,000 CpG sites (Fig. 5a,c, Supplementary Fig. 2). Nested
cross validation was performed as for the mutation clock. Following hyperparameter tuning
within each fold of cross validation, the number of features selected for use in the trained

model ranged from 4,741 to 4,824 across cross-validation folds, with a mean of 4,787.

Application of existing clocks. The Hannum, Horvath, and PhenoAge clocks were refit to the
TCGA pan-cancer dataset, following a previously described procedure*. Briefly, the CpGs
used in these clocks were obtained from the respective publications®34*° and a linear
regression model® with default parameters was trained on these features to predict the
chronological age of TCGA samples. Some CpG sites included in these clocks did not have
methylation values passing quality controls (see above Methods section “Data access and
preprocessing”), so only the remaining 72%, 69%, and 76% of features were used in the
re-fit Hannum, Horvath, and PhenoAge clocks, respectively. Nested five-fold cross validation
was used to assess the performance of each of these re-fit clocks (Supplementary Fig.
3a-b). For each sample, the residual of each methylation clock (predicted age —

chronological age) was compared with the residual of the mutation clock (Fig. 5e).

Local association of methylation, mutation burden, and age. Across the 1,250 individuals

and 100,000 CpG loci used in the mutation and methylation clocks, we compared the
association between the methylation fraction of each CpG site, its mutation burden in the
surrounding 20 kb, and the chronological age of the samples (Fig. 5f). First, we calculated

the mutual information (MI)*® between the methylation fraction and mutation burden (10 kb)
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at each CpG locus. Second, we selected the 1%, 5%, and 10% of CpG sites with the largest
methylation-age M|l and mutation burden-age MI and counted the number of CpGs shared
between these groups. Third, we compared this overlap to the expected rate of overlap
assuming random selection from the 100,000 original CpGs. A two-sided binomial test was

applied to assess statistical significance.

Software. All analyses were performed in the Python 3.10 and R 3.6.1 environments. Data
analysis was conducted using Pandas 1.5.3, SciPy 1.10.0, and Statsmodels 0.13.5. Data

were visualized with Seaborn 0.12.1 and Matplotlib 3.7.1.

Acknowledgements
This study was funded by the National Institutes of Health under awards U54 CA274502 and

P41 GM103504.

Author Contributions
ZK designed the study, carried out the primary data analyses, and wrote the manuscript. AL
and DE assisted with data analysis and study design considerations. Tl and SC designed

the study and wrote the manuscript.

Declaration of Interests

T.I. is a cofounder of Serinus and Data4Cure, is on their Scientific Advisory Boards, and has
equity interest in both companies. T.I. is on the Scientific Advisory Board of Ideaya
BioSciences and has an equity interest. The terms of these arrangements have been
reviewed and approved by the University of California San Diego, in accordance with its

conflict of interest policies.

17


https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

References

1.

10.

11.

12.

Szilard, L. ON THE NATURE OF THE AGING PROCESS. Proc. Natl. Acad. Sci. U. S.
A. 45, 3045 (1959).

Failla, G. The aging process and cancerogenesis. Ann. N. Y. Acad. Sci. 71, 1124-1140
(1958).

Wolf, A. M. The tumor suppression theory of aging. Mech. Ageing Dev. 200, 111583
(2021).

Cagan, A. et al. Somatic mutation rates scale with lifespan across mammals. Nature
604, 517-524 (2022).

Schumacher, B., Pothof, J., Vijg, J. & Hoeijmakers, J. H. J. The central role of DNA
damage in the ageing process. Nature 592, 695—-703 (2021).

Alexandrov, L. B. et al. Clock-like mutational processes in human somatic cells. Nat.
Genet. 47, 1402-1407 (2015).

Moore, L. et al. The mutational landscape of human somatic and germline cells. Nature
597, 381-386 (2021).

Zhang, L. et al. Single-cell whole-genome sequencing reveals the functional landscape
of somatic mutations in B lymphocytes across the human lifespan. Proc. Natl. Acad. Sci.
U. S. A. 116, 9014-9019 (2019).

Martincorena, |. et al. Somatic mutant clones colonize the human esophagus with age.
Science 362, 911-917 (2018).

Jaiswal, S. & Ebert, B. L. Clonal hematopoiesis in human aging and disease. Science
366, (2019).

Ermolaeva, M. A. et al. DNA damage in germ cells induces an innate immune response
that triggers systemic stress resistance. Nature 501, 416—420 (2013).

Nakad, R. & Schumacher, B. DNA Damage Response and Immune Defense: Links and

Mechanisms. Front. Genet. 7, 147 (2016).

18


http://paperpile.com/b/mls4HW/r1Be
http://paperpile.com/b/mls4HW/r1Be
http://paperpile.com/b/mls4HW/cr6s
http://paperpile.com/b/mls4HW/cr6s
http://paperpile.com/b/mls4HW/CoTY
http://paperpile.com/b/mls4HW/CoTY
http://paperpile.com/b/mls4HW/OMBu
http://paperpile.com/b/mls4HW/OMBu
http://paperpile.com/b/mls4HW/uqtd
http://paperpile.com/b/mls4HW/uqtd
http://paperpile.com/b/mls4HW/PCg4e
http://paperpile.com/b/mls4HW/PCg4e
http://paperpile.com/b/mls4HW/l6ZQ
http://paperpile.com/b/mls4HW/l6ZQ
http://paperpile.com/b/mls4HW/YoEt
http://paperpile.com/b/mls4HW/YoEt
http://paperpile.com/b/mls4HW/YoEt
http://paperpile.com/b/mls4HW/Eg0A
http://paperpile.com/b/mls4HW/Eg0A
http://paperpile.com/b/mls4HW/rs4V
http://paperpile.com/b/mls4HW/rs4V
http://paperpile.com/b/mls4HW/1RIi
http://paperpile.com/b/mls4HW/1RIi
http://paperpile.com/b/mls4HW/V5jQ
http://paperpile.com/b/mls4HW/V5jQ
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

13. Mustjoki, S. & Young, N. S. Somatic Mutations in ‘Benign’ Disease. N. Engl. J. Med.
384, 2039-2052 (2021).

14. Lodato, M. A. et al. Aging and neurodegeneration are associated with increased
mutations in single human neurons. Science 359, 555-559 (2018).

15. Bae, T. et al. Analysis of somatic mutations in 131 human brains reveals
aging-associated hypermutability. Science 377, 511-517 (2022).

16. Stratton, M. R., Campbell, P. J. & Futreal, P. A. The cancer genome. Nature 458,
719-724 (2009).

17. Kakiuchi, N. & Ogawa, S. Clonal expansion in non-cancer tissues. Nat. Rev. Cancer 21,
239-256 (2021).

18. Ng, S. W. K. et al. Convergent somatic mutations in metabolism genes in chronic liver
disease. Nature 598, 473-478 (2021).

19. Reinhardt, H. C. & Schumacher, B. The p53 network: cellular and systemic DNA
damage responses in aging and cancer. Trends Genet. 28, 128—-136 (2012).

20. Moqri, M. et al. Biomarkers of aging for the identification and evaluation of longevity
interventions. Cell 186, 3758-3775 (2023).

21. Sturm, A. et al. Downregulation of transposable elements extends lifespan in
Caenorhabditis elegans. Nat. Commun. 14, 5278 (2023).

22. Blagosklonny, M. V. DNA- and telomere-damage does not limit lifespan: evidence from
rapamycin. Aging 13, 3167-3175 (2021).

23. Lidsky, P. V. & Andino, R. Could aging evolve as a pathogen control strategy? Trends
Ecol. Evol. 37, 1046-1057 (2022).

24. de Magalhées, J. P. Ageing as a software design flaw. Genome Biol. 24, 51 (2023).

25. Lopez-Otin, C., Blasco, M. A., Partridge, L., Serrano, M. & Kroemer, G. The hallmarks of
aging. Cell 153, 1194-1217 (2013).

26. Moore, L. D., Le, T. & Fan, G. DNA methylation and its basic function.

19


http://paperpile.com/b/mls4HW/5gEK
http://paperpile.com/b/mls4HW/5gEK
http://paperpile.com/b/mls4HW/cqcI
http://paperpile.com/b/mls4HW/cqcI
http://paperpile.com/b/mls4HW/HT6G
http://paperpile.com/b/mls4HW/HT6G
http://paperpile.com/b/mls4HW/qEg8
http://paperpile.com/b/mls4HW/qEg8
http://paperpile.com/b/mls4HW/hUy0
http://paperpile.com/b/mls4HW/hUy0
http://paperpile.com/b/mls4HW/rXgC
http://paperpile.com/b/mls4HW/rXgC
http://paperpile.com/b/mls4HW/TfmC
http://paperpile.com/b/mls4HW/TfmC
http://paperpile.com/b/mls4HW/zoqR
http://paperpile.com/b/mls4HW/zoqR
http://paperpile.com/b/mls4HW/S3ve
http://paperpile.com/b/mls4HW/S3ve
http://paperpile.com/b/mls4HW/PwYe
http://paperpile.com/b/mls4HW/PwYe
http://paperpile.com/b/mls4HW/Byg0
http://paperpile.com/b/mls4HW/Byg0
http://paperpile.com/b/mls4HW/AsEu
http://paperpile.com/b/mls4HW/2uQs
http://paperpile.com/b/mls4HW/2uQs
http://paperpile.com/b/mls4HW/4WJW6
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Neuropsychopharmacology 38, 23—-38 (2013).

27. Borgel, J. et al. Targets and dynamics of promoter DNA methylation during early mouse
development. Nat. Genet. 42, 1093-1100 (2010).

28. Li, E., Beard, C. & Jaenisch, R. Role for DNA methylation in genomic imprinting. Nature
366, 362—365 (1993).

29. Deaton, A. M. & Bird, A. CpG islands and the regulation of transcription. Genes Dev. 25,
1010-1022 (2011).

30. Ehrlich, M. et al. Amount and distribution of 5-methylcytosine in human DNA from
different types of tissues of cells. Nucleic Acids Res. 10, 2709-2721 (1982).

31. Jabbari, K. & Bernardi, G. Cytosine methylation and CpG, TpG (CpA) and TpA
frequencies. Gene 333, 143-149 (2004).

32. Meaney, M. J. & Szyf, M. Environmental programming of stress responses through DNA
methylation: life at the interface between a dynamic environment and a fixed genome.
Dialogues Clin. Neurosci. 7, 103—123 (2005).

33. Hannum, G. et al. Genome-wide methylation profiles reveal quantitative views of human
aging rates. Mol. Cell 49, 359-367 (2013).

34. Horvath, S. DNA methylation age of human tissues and cell types. Genome Biol. 14,
R115 (2013).

35. Porter, H. L. et al. Many chronological aging clocks can be found throughout the
epigenome: Implications for quantifying biological aging. Aging Cell 20, e13492 (2021).

36. Hahn, O. et al. Dietary restriction protects from age-associated DNA methylation and
induces epigenetic reprogramming of lipid metabolism. Genome Biol. 18, 56 (2017).

37. McCrory, C. et al. GrimAge Outperforms Other Epigenetic Clocks in the Prediction of
Age-Related Clinical Phenotypes and All-Cause Mortality. J. Gerontol. A Biol. Sci. Med.
Sci. 76, 741-749 (2021).

38. Lu, A. T. et al. DNA methylation GrimAge strongly predicts lifespan and healthspan.

20


http://paperpile.com/b/mls4HW/4WJW6
http://paperpile.com/b/mls4HW/y0Nck
http://paperpile.com/b/mls4HW/y0Nck
http://paperpile.com/b/mls4HW/88WyE
http://paperpile.com/b/mls4HW/88WyE
http://paperpile.com/b/mls4HW/amcfc
http://paperpile.com/b/mls4HW/amcfc
http://paperpile.com/b/mls4HW/H3MZ3
http://paperpile.com/b/mls4HW/H3MZ3
http://paperpile.com/b/mls4HW/awbPO
http://paperpile.com/b/mls4HW/awbPO
http://paperpile.com/b/mls4HW/D8wmR
http://paperpile.com/b/mls4HW/D8wmR
http://paperpile.com/b/mls4HW/D8wmR
http://paperpile.com/b/mls4HW/jBJU1
http://paperpile.com/b/mls4HW/jBJU1
http://paperpile.com/b/mls4HW/kFIrK
http://paperpile.com/b/mls4HW/kFIrK
http://paperpile.com/b/mls4HW/bSfj
http://paperpile.com/b/mls4HW/bSfj
http://paperpile.com/b/mls4HW/6OMi
http://paperpile.com/b/mls4HW/6OMi
http://paperpile.com/b/mls4HW/NfpnS
http://paperpile.com/b/mls4HW/NfpnS
http://paperpile.com/b/mls4HW/NfpnS
http://paperpile.com/b/mls4HW/3Z2Pt
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Aging 11, 303-327 (2019).

Levine, M. E. et al. An epigenetic biomarker of aging for lifespan and healthspan. Aging
10, 573-591 (2018).

Li, A., Koch, Z. & Ideker, T. Epigenetic aging: Biological age prediction and informing a
mechanistic theory of aging. J. Intern. Med. 292, 733-744 (2022).

Yang, J.-H. et al. Loss of epigenetic information as a cause of mammalian aging. Cell
186, 305-326.e27 (2023).

Lépez-Ledn, M. & Goya, R. G. The Emerging View of Aging as a Reversible Epigenetic
Process. Gerontology 63, 426—-431 (2017).

Maegawa, S. et al. Caloric restriction delays age-related methylation drift. Nat.
Commun. 8, 539 (2017).

Ito, S. et al. Tet proteins can convert 5-methylcytosine to 5-formylcytosine and
5-carboxylcytosine. Science 333, 1300—-1303 (2011).

Wang, M. et al. Identification of DNA motifs that regulate DNA methylation. Nucleic
Acids Res. 47, 6753-6768 (2019).

Nachun, D. et al. Clonal hematopoiesis associated with epigenetic aging and clinical
outcomes. Aging Cell 20, e13366 (2021).

Gibbs, J. R. et al. Abundant quantitative trait loci exist for DNA methylation and gene
expression in human brain. PLoS Genet. 6, e1000952 (2010).

Min, J. L. et al. Genomic and phenotypic insights from an atlas of genetic effects on
DNA methylation. Nat. Genet. 53, 1311-1321 (2021).

McCartney, D. L. et al. Genome-wide association studies identify 137 genetic loci for
DNA methylation biomarkers of aging. Genome Biol. 22, 194 (2021).

Youk, J., An, Y., Park, S., Lee, J.-K. & Ju, Y. S. The genome-wide landscape of C:G >
T:A polymorphism at the CpG contexts in the human population. BMC Genomics 21,

270 (2020).

21


http://paperpile.com/b/mls4HW/3Z2Pt
http://paperpile.com/b/mls4HW/QkDew
http://paperpile.com/b/mls4HW/QkDew
http://paperpile.com/b/mls4HW/MZki
http://paperpile.com/b/mls4HW/MZki
http://paperpile.com/b/mls4HW/dsFv
http://paperpile.com/b/mls4HW/dsFv
http://paperpile.com/b/mls4HW/Mz9Q
http://paperpile.com/b/mls4HW/Mz9Q
http://paperpile.com/b/mls4HW/MuIP
http://paperpile.com/b/mls4HW/MuIP
http://paperpile.com/b/mls4HW/MYgR
http://paperpile.com/b/mls4HW/MYgR
http://paperpile.com/b/mls4HW/8aHg
http://paperpile.com/b/mls4HW/8aHg
http://paperpile.com/b/mls4HW/eIx6
http://paperpile.com/b/mls4HW/eIx6
http://paperpile.com/b/mls4HW/G1jp
http://paperpile.com/b/mls4HW/G1jp
http://paperpile.com/b/mls4HW/83mQ
http://paperpile.com/b/mls4HW/83mQ
http://paperpile.com/b/mls4HW/aG1N
http://paperpile.com/b/mls4HW/aG1N
http://paperpile.com/b/mls4HW/k2b88
http://paperpile.com/b/mls4HW/k2b88
http://paperpile.com/b/mls4HW/k2b88
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

51. Ju, Y. S. et al. Somatic mutations reveal asymmetric cellular dynamics in the early
human embryo. Nature 543, 714—-718 (2017).

52. Duncan, B. K. & Miller, J. H. Mutagenic deamination of cytosine residues in DNA. Nature
287, 560-561 (1980).

53. Ellrott, K. et al. Scalable Open Science Approach for Mutation Calling of Tumor Exomes
Using Multiple Genomic Pipelines. Cell Syst 6, 271-281.e7 (2018).

54. Cancer Genome Atlas Research Network et al. The Cancer Genome Atlas Pan-Cancer
analysis project. Nat. Genet. 45, 1113-1120 (2013).

55. Liu, J. et al. An Integrated TCGA Pan-Cancer Clinical Data Resource to Drive
High-Quality Survival Outcome Analytics. Cell 173, 400-416.e11 (2018).

56. ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium. Pan-cancer analysis
of whole genomes. Nature 578, 82—93 (2020).

57. Bibikova, M. et al. High density DNA methylation array with single CpG site resolution.
Genomics 98, 288—-295 (2011).

58. Liu, X. et al. Metallothionein 2A (MT2A) controls cell proliferation and liver metastasis by
controlling the MST1/LATS2/YAP1 signaling pathway in colorectal cancer. Cancer Cell
Int. 22, 205 (2022).

59. Si, M. & Lang, J. The roles of metallothioneins in carcinogenesis. J. Hematol. Oncol. 11,
107 (2018).

60. Fu, J. et al. Metallothionein 1G functions as a tumor suppressor in thyroid cancer
through modulating the PI3K/Akt signaling pathway. BMC Cancer 13, 462 (2013).

61. Tong, M. et al. Evaluation of MT Family Isoforms as Potential Biomarker for Predicting
Progression and Prognosis in Gastric Cancer. Biomed Res. Int. 2019, 2957821 (2019).

62. Pinney, S. E. Mammalian Non-CpG Methylation: Stem Cells and Beyond. Biology 3,
739-751 (2014).

63. Mathelier, A. et al. Cis-regulatory somatic mutations and gene-expression alteration in

22


http://paperpile.com/b/mls4HW/bkcQ1
http://paperpile.com/b/mls4HW/bkcQ1
http://paperpile.com/b/mls4HW/LtLf2
http://paperpile.com/b/mls4HW/LtLf2
http://paperpile.com/b/mls4HW/fOdg
http://paperpile.com/b/mls4HW/fOdg
http://paperpile.com/b/mls4HW/s9hF
http://paperpile.com/b/mls4HW/s9hF
http://paperpile.com/b/mls4HW/ZTIz
http://paperpile.com/b/mls4HW/ZTIz
http://paperpile.com/b/mls4HW/Z466
http://paperpile.com/b/mls4HW/Z466
http://paperpile.com/b/mls4HW/n1Zg
http://paperpile.com/b/mls4HW/n1Zg
http://paperpile.com/b/mls4HW/SRRX
http://paperpile.com/b/mls4HW/SRRX
http://paperpile.com/b/mls4HW/SRRX
http://paperpile.com/b/mls4HW/Fd9g
http://paperpile.com/b/mls4HW/Fd9g
http://paperpile.com/b/mls4HW/UKsM
http://paperpile.com/b/mls4HW/UKsM
http://paperpile.com/b/mls4HW/gdTV
http://paperpile.com/b/mls4HW/gdTV
http://paperpile.com/b/mls4HW/ILjy
http://paperpile.com/b/mls4HW/ILjy
http://paperpile.com/b/mls4HW/Vp7c
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

B-cell ymphomas. Genome Biol. 16, 84 (2015).

Luo, X. et al. Effects of DNA Methylation on TFs in Human Embryonic Stem Cells. Front.
Genet. 12, 639461 (2021).

Wang, M., Ngo, V. & Wang, W. Deciphering the genetic code of DNA methylation. Brief.
Bioinform. 22, (2021).

Villicafa, S. & Bell, J. T. Genetic impacts on DNA methylation: research findings and
future perspectives. Genome Biol. 22, 127 (2021).

Russo, G. et al. DNA damage and Repair Modify DNA methylation and Chromatin
Domain of the Targeted Locus: Mechanism of allele methylation polymorphism. Sci.
Rep. 6, 33222 (2016).

Morano, A. et al. Targeted DNA methylation by homology-directed repair in mammalian
cells. Transcription reshapes methylation on the repaired gene. Nucleic Acids Res. 42,
804-821 (2014).

Allen, B., Pezone, A., Porcellini, A., Muller, M. T. & Masternak, M. M. Non-homologous
end joining induced alterations in DNA methylation: A source of permanent epigenetic
change. Oncotarget 8, 40359-40372 (2017).

Cuozzo, C. et al. DNA damage, homology-directed repair, and DNA methylation. PLoS
Genet. 3, €110 (2007).

Vaidya, A. et al. Knock-in reporter mice demonstrate that DNA repair by
non-homologous end joining declines with age. PLoS Genet. 10, e1004511 (2014).
Zhang, M. et al. Lower genomic stability of induced pluripotent stem cells reflects
increased non-homologous end joining. Cancer Commun. 38, 49 (2018).

Takahashi, K. & Yamanaka, S. Induction of pluripotent stem cells from mouse embryonic
and adult fibroblast cultures by defined factors. Cell 126, 663—676 (2006).

Gill, D. et al. Multi-omic rejuvenation of human cells by maturation phase transient

reprogramming. Elife 11, (2022).

23


http://paperpile.com/b/mls4HW/Vp7c
http://paperpile.com/b/mls4HW/TFC9
http://paperpile.com/b/mls4HW/TFC9
http://paperpile.com/b/mls4HW/LEUm
http://paperpile.com/b/mls4HW/LEUm
http://paperpile.com/b/mls4HW/BCpu
http://paperpile.com/b/mls4HW/BCpu
http://paperpile.com/b/mls4HW/ZStY
http://paperpile.com/b/mls4HW/ZStY
http://paperpile.com/b/mls4HW/ZStY
http://paperpile.com/b/mls4HW/H8PT
http://paperpile.com/b/mls4HW/H8PT
http://paperpile.com/b/mls4HW/H8PT
http://paperpile.com/b/mls4HW/rWmu
http://paperpile.com/b/mls4HW/rWmu
http://paperpile.com/b/mls4HW/rWmu
http://paperpile.com/b/mls4HW/DHMu
http://paperpile.com/b/mls4HW/DHMu
http://paperpile.com/b/mls4HW/9wmp
http://paperpile.com/b/mls4HW/9wmp
http://paperpile.com/b/mls4HW/GV0M
http://paperpile.com/b/mls4HW/GV0M
http://paperpile.com/b/mls4HW/JV3J
http://paperpile.com/b/mls4HW/JV3J
http://paperpile.com/b/mls4HW/ltKM
http://paperpile.com/b/mls4HW/ltKM
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

75. Ocampo, A. et al. In Vivo Amelioration of Age-Associated Hallmarks by Partial
Reprogramming. Cell vol. 167 1719-1733.e12 (2016).

76. Schoenfeldt, L. et al. Chemical reprogramming ameliorates cellular hallmarks of aging
and extends lifespan. bioRxiv 2022.08.29.505222 (2022)
doi:10.1101/2022.08.29.505222.

77. Lu, Y. et al. Reprogramming to recover youthful epigenetic information and restore
vision. Nature 588, 124—129 (2020).

78. Martincorena, I. et al. Tumor evolution. High burden and pervasive positive selection of
somatic mutations in normal human skin. Science 348, 880—886 (2015).

79. Martincorena, |. & Campbell, P. J. Somatic mutation in cancer and normal cells. Science
349, 1483—-1489 (2015).

80. Li, R. et al. A body map of somatic mutagenesis in morphologically normal human
tissues. Nature 597, 398—403 (2021).

81. Tomusiak, A. et al. Development of a novel epigenetic clock resistant to changes in
immune cell composition. bioRxiv 2023.03.01.530561 (2023)
doi:10.1101/2023.03.01.530561.

82. Jaffe, A. E. & Irizarry, R. A. Accounting for cellular heterogeneity is critical in
epigenome-wide association studies. Genome Biol. 15, R31 (2014).

83. Thompson, M. J., vonHoldt, B., Horvath, S. & Pellegrini, M. An epigenetic aging clock for
dogs and wolves. Aging 9, 1055-1068 (2017).

84. Thompson, M. J. et al. A multi-tissue full lifespan epigenetic clock for mice. Aging 10,
2832-2854 (2018).

85. Zoller, J. A. et al. DNA methylation clocks for clawed frogs reveal evolutionary
conservation of epigenetic aging. Geroscience (2023) doi:10.1007/s11357-023-00840-3.

86. Guevara, E. E. et al. Age-associated epigenetic change in chimpanzees and humans.

Philos. Trans. R. Soc. Lond. B Biol. Sci. 375, 20190616 (2020).

24


http://paperpile.com/b/mls4HW/YIwY
http://paperpile.com/b/mls4HW/YIwY
http://paperpile.com/b/mls4HW/AVxx
http://paperpile.com/b/mls4HW/AVxx
http://paperpile.com/b/mls4HW/AVxx
http://dx.doi.org/10.1101/2022.08.29.505222
http://paperpile.com/b/mls4HW/AVxx
http://paperpile.com/b/mls4HW/0M6Y
http://paperpile.com/b/mls4HW/0M6Y
http://paperpile.com/b/mls4HW/5zBV
http://paperpile.com/b/mls4HW/5zBV
http://paperpile.com/b/mls4HW/KETw
http://paperpile.com/b/mls4HW/KETw
http://paperpile.com/b/mls4HW/lUhW
http://paperpile.com/b/mls4HW/lUhW
http://paperpile.com/b/mls4HW/sfyY
http://paperpile.com/b/mls4HW/sfyY
http://paperpile.com/b/mls4HW/sfyY
http://dx.doi.org/10.1101/2023.03.01.530561
http://paperpile.com/b/mls4HW/sfyY
http://paperpile.com/b/mls4HW/peTV
http://paperpile.com/b/mls4HW/peTV
http://paperpile.com/b/mls4HW/JIrj
http://paperpile.com/b/mls4HW/JIrj
http://paperpile.com/b/mls4HW/hp1D
http://paperpile.com/b/mls4HW/hp1D
http://paperpile.com/b/mls4HW/JAAy
http://paperpile.com/b/mls4HW/JAAy
http://dx.doi.org/10.1007/s11357-023-00840-3
http://paperpile.com/b/mls4HW/JAAy
http://paperpile.com/b/mls4HW/FcUx
http://paperpile.com/b/mls4HW/FcUx
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Wang, T. et al. Quantitative Translation of Dog-to-Human Aging by Conserved
Remodeling of the DNA Methylome. Cell Syst 11, 176-185.e6 (2020).

Lu, A. T. et al. Universal DNA methylation age across mammalian tissues. Nat Aging 3,
1144—-1166 (2023).

Zhang, B. et al. Epigenetic profiling and incidence of disrupted development point to
gastrulation as aging ground zero in Xenopus laevis. bioRxiv 2022.08.02.502559 (2022)
doi:10.1101/2022.08.02.502559.

Rozenblit, M. et al. Evidence of accelerated epigenetic aging of breast tissues in
patients with breast cancer is driven by CpGs associated with polycomb-related genes.
Clin. Epigenetics 14, 30 (2022).

Moqgri, M. et al. PRC2 clock: a universal epigenetic biomarker of aging and rejuvenation.
bioRxiv 2022.06.03.494609 (2022) doi:10.1101/2022.06.03.494609.

Van Egeren, D. et al. Reconstructing the Lineage Histories and Differentiation
Trajectories of Individual Cancer Cells in Myeloproliferative Neoplasms. Cell Stem Cell
28, 514-523.e9 (2021).

Ferrall-Fairbanks, M. C. et al. Progenitor Hierarchy of Chronic Myelomonocytic
Leukemia Identifies Inflammatory Monocytic-Biased Trajectory Linked to Worse
Outcomes. Blood Cancer Discov 3, 536-553 (2022).

Nassar, L. R. et al. The UCSC Genome Browser database: 2023 update. Nucleic Acids
Res. 51, D1188-D1195 (2023).

Raney, B. J. et al. Track data hubs enable visualization of user-defined genome-wide
annotations on the UCSC Genome Browser. Bioinformatics 30, 1003—1005 (2014).
Kent, W. J. et al. The human genome browser at UCSC. Genome Res. 12, 996-1006
(2002).

Chen, T. & Guestrin, C. XGBoost: A Scalable Tree Boosting System. in Proceedings of

the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data

25


http://paperpile.com/b/mls4HW/0rNnB
http://paperpile.com/b/mls4HW/0rNnB
http://paperpile.com/b/mls4HW/Girm
http://paperpile.com/b/mls4HW/Girm
http://paperpile.com/b/mls4HW/uFQu
http://paperpile.com/b/mls4HW/uFQu
http://paperpile.com/b/mls4HW/uFQu
http://dx.doi.org/10.1101/2022.08.02.502559
http://paperpile.com/b/mls4HW/uFQu
http://paperpile.com/b/mls4HW/LV9U
http://paperpile.com/b/mls4HW/LV9U
http://paperpile.com/b/mls4HW/LV9U
http://paperpile.com/b/mls4HW/1wsF
http://paperpile.com/b/mls4HW/1wsF
http://dx.doi.org/10.1101/2022.06.03.494609
http://paperpile.com/b/mls4HW/1wsF
http://paperpile.com/b/mls4HW/HfpL
http://paperpile.com/b/mls4HW/HfpL
http://paperpile.com/b/mls4HW/HfpL
http://paperpile.com/b/mls4HW/Zuik
http://paperpile.com/b/mls4HW/Zuik
http://paperpile.com/b/mls4HW/Zuik
http://paperpile.com/b/mls4HW/fzxu
http://paperpile.com/b/mls4HW/fzxu
http://paperpile.com/b/mls4HW/vf6j
http://paperpile.com/b/mls4HW/vf6j
http://paperpile.com/b/mls4HW/ytdG
http://paperpile.com/b/mls4HW/ytdG
http://paperpile.com/b/mls4HW/wYlH
http://paperpile.com/b/mls4HW/wYlH
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Mining 785-794 (Association for Computing Machinery, 2016).

98. Pedregosa, F. et al. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 12,
2825-2830 (2011).

99. Shannon, C. E. A mathematical theory of communication. The Bell System Technical

Journal 27, 379-423 (1948).

26


http://paperpile.com/b/mls4HW/wYlH
http://paperpile.com/b/mls4HW/0nKu
http://paperpile.com/b/mls4HW/0nKu
http://paperpile.com/b/mls4HW/M74B
http://paperpile.com/b/mls4HW/M74B
https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Figures
a
Clonal
®  expansion
i P ]
L Intrinsic
mutational
processes ® @ e e e
& S Cpo -,
Cell . mutation *
.'. .: Pervasive remodeling of the surrounding methylome
t' L4
b (7] Age
A~
- i (¢)
Mutation 4 4 :
. profile G T———p £ Clocks agree
w Ll 1\0 in age
Methylation prediction

L

Methylation clock M

Mutations predict methylation and calendar age

profile

Figure 1: Links among CpG mutations, methylome remodeling, and aging

a) Various mutational processes affect the genome. Here, we show that some of these
mutations associate with an aberrant DNA methylation pattern at both the mutated site and
at numerous neighboring CpGs.

b) An individual’s DNA mutation profile and DNA methylation profile make similar predictions
of both their calendar age and rate of aging.
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Figure 2: Frequency and methylation status of CpG mutation events

a) Percent of genome-wide somatic mutations that are classified as CpG (n = 467,079
mutations) or non-CpG mutations (n = 2,990,796 mutations). Expected percentages are
calculated supposing mutation probability to be uniform across the genome (Methods).

b) Diagram showing two categories of CpG sites: those where no individual is mutated
(non-mutated CpG site, gray) and those where a mutation has occurred in at least one
individual (mutated CpG site, red) and remaining individuals are non-mutated (blue).

c¢) Distribution of CpG methylation values for the categories of CpG sites from (b). The
methylation fractions of mutated individuals (red) and non-mutated individuals (blue) are
shown for the 1,000 CpG sites with the highest mutated allele frequency (corresponding to
MAF > 0.53, Methods).

d) Methylation change between mutated and non-mutated individuals at (n = 8,037) mutated
CpG sites. Methylation change is the difference between the median methylation fraction in
mutated individuals and the median methylation fraction in non-mutated individuals of
matched age and tissue. CpG sites are binned into five groups based on MAF, with violin
plots summarizing the distribution of methylation changes within each group. Vertical bars
inside each violin represent the interquartile range.

28


https://doi.org/10.1101/2023.12.08.569638
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.08.569638; this version posted December 9, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

a

Chromosome 16 [epias SEE W KESEEIs2 2 (SRRl veoriz ]

hg19 coordinates _ |

56,630,000 56,635,000| umouol | | | | | aemwa\ ssmwol 56,680,000|

deee genes—;l‘*-! | \IEIIFH i 'MnIEI’IH bl I\I II\I |1
MRS \-l M
TCGA-4Z-AAB3 =
TCGA-CF-A27C =
TCGA-CF-A3MG =
TCGA-CF-AATV =
TCGA-CF A4TW =
TCGA-CF-ASFF =
TCGA-CF-ASFM — 0.8
TCGA-DK-AGBS —
TCGA-DK-AAGL =
TCGA-ET-ATDV = c
TCGAET-ABOT = o
TCGA-FD-A3NG — e
TCGAFD-ASBY — -0.6 ©
TCGA-F1-A8T1 — g
TCGA-GV-A3QI = =3
TCGA-G2-AZEF — g
TCGA-G2-A3IE = =
TCGA-GC-AJIG — -0.4 ®
TCGA-GD-A300Q - 3‘
TCGA-HQ-AZOF = 5
TCGASS-AAZ6 — @
Teonvasrs =
TCGAXF-ABHE — -0.2
TCGA-XF-ABHE =
TCGAXF-AITE =
TCGA-XF-AAMG =
TCGA-XF-AAMR =
TCGAYF-ARIL — I I - DO
chr16:56,623,013  chr16:56,642,556 chr16:56,679,962
(Mutated site)
b
1.00
§-0.75
Matched i
individuals il
0.25 5
S
Mutated individu = L = AMF
Compute mutated — “035 %
matched methylation = Sample
Matched | fraction -0.50 % median
individuals = (across
el locus)

--1.00

Figure 3: Association of mutations with regional methylation patterns

a) Example mutated site where the individual TCGA-GV-A3Ql has a C>T mutation at
chr16:56,642,556 of the hg19 human genome. Upper: Ideogram of chromosome 16, with a
red bar indicating the location of the mutated site. The first underlying track shows hg19
base pair coordinates, the second the documented genes in the region, encoding five
Metallothionein (MT) factors, and the third the locations of CpG sites measured on the
lllumina 450k methylation array (vertical bars). Lower: Heatmap of CpG methylation
fractions. Rows are samples (1 mutated, 28 background), and columns are the measured
CpGs within a +50 kb window proximal to the mutation (n = 62 CpG sites). The color
corresponds to the methylation fraction of each CpG. The mutated sample row and mutated
site column are labeled in red, with the mutation event indicated by a lightning bolt.

b) Calculation of change in methylation fraction, or AMF, with reference to a specific mutated
site. i) Heatmap of methylation fractions of the mutated site and CpGs in the surrounding
window, replicated from panel (a). ii) Heatmap of corresponding differences in methylation
between each sample (row) and all other samples in the matrix (median of other rows),
computed separately for each site in the window (columns). The final AMF value was
calculated as the overall methylation change of the mutated sample, taking the median
across all sites in the window (Methods).
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Figure 4: Magnitude and extent of methylation changes near somatic mutations

a) Probability distribution of AMF values calculated in a £10 kb window surrounding mutated
(red) versus random control (blue) sites. Mutated sites include n = 2,600 mutated sites with
MAF =0.8, 215 matched individuals (individuals of same tissue type within 15 years of age),
and 21 measured CpG within the window. Random control sites include n = 260,000
non-mutated sites (Methods). P value shown for a two-sided Mann-Whitney test for a
difference in median absolute deviation (MAD) of AMF between the mutated and
non-mutated random control loci.

b) Line plot depicting the fold enrichment for mutated over non-mutated sites as a function of
AMF. Fold enrichment is the ratio of the probability of observing a given AMF for mutated
sites versus the probability of that AMF for non-mutated control sites. AMF divided into
equally spaced bins from —0.4 to 0.4.

¢) Line plot depicting AMF as a function of genomic distance from the site of mutation. For
the 25% of mutated sites with the most positive (top, n = 650) or negative (bottom, n = 650)
AMF values from (a), the AMF value in overlapping 2 kb windows at each distance from the
mutation is plotted for mutated sites (red) versus random control sites (blue). The shaded
region indicates the 40th-60th percentiles at that same distance.
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d) Enrichment of extreme AMF values at CpG sites and CpG islands. Top versus bottom
barcharts show the 25% of mutations with the most positive versus most negative AMF
values in panel (a) (n = 650 mutations each). The enrichment of these mutations (bars, y
axis) is considered for different types of sites, depending on whether the site is a CpG
and/or falls within a CpG island (x-axis categories). Enrichment is compared to the genomic
baseline (Methods), with significance determined by a one-sided binomial test. Significant
enrichment (p < 0.001) is marked with (***), and non-significant (p > 0.01) is marked with
(n.s.). CpG Islands are defined as genomic regions = 200 bp, = 50% GC content, and a high
CpG occurrence.

e) Boxplot of the absolute AMF value as a function of the mutated allele fraction (MAF).
Includes all mutated sites with 215 matched samples (samples of the same tissue type
within + 5 years of age) and =1 measured CpG within £10 kb (n = 3,880 mutated loci).
Two-sided p value calculated based on the exact distribution of Pearson's r modeled as a
beta function.
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Figure 5: Association between mutation age, methylation age, and chronological age

a) Methylation clock: the methylation fractions of CpGs are used in a gradient boosted tree
model to predict chronological age. Mutation clock: the count of mutations around the same
CpGs is used in an identical model to predict chronological age. Both models incorporate
similar covariates (Methods).

b) Scatter plot of human individuals, showing age predictions from the mutation model
versus their chronological age. Includes 1,250 individuals from five tissues (Methods).

c¢) Similar to panel (b) but showing age predictions from the methylation rather than mutation
model.

d) Violin plots of the methylation age residual versus mutation age residual. The residual in
each case is the predicted age minus chronological age. Plot includes the same individuals
as in panels (b,c). Pearson r refers to the correlation between methylation age and mutation
age, controlling for chronological age (i.e., partial correlation, p = 6.14 10724).

e) Distribution of methylation age residuals for the same individuals as in panels (b,c),
computed according to each of four previous methylation clocks. “This study” refers to the
methylation clock shown in panel (c) (Methods). For each clock, the 20% (n = 250) of
individuals with the youngest mutation age for their chronological age are shown in lighter
color (low mutation — chronological age), and the 20% (n = 250) of individuals with the oldest
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mutation age for their chronological age are shown in darker color (high mutation —
chronological age). (***) indicates a significant (p < 107'°) difference in distribution between
the low and high mutation residual age groups, based on a two-sided Mann—-Whitney U test.

f) Barplot depicting the ratio of observed to expected overlap between sets of
age-associated CpG sites. The CpGs with maximal (top 1%, 5%, and 10%) mutual
information between local mutation burden (x10 kb) and age or between methylation fraction
and age were chosen. The intersection (overlap) between age-associated mutation burden
and age-associated methylation sets was compared to the expected intersection assuming
random selection (Methods). Significant enrichment (p < 107°) is marked with (***).

g) Mutation burden (y-axis left) or methylation fraction (y-axis right) is plotted versus
chronological age (x-axis) for CpG site cg19236454. Data from brain (LGG) samples,
considering individuals with a nonzero mutation burden (10 kb) at this site (n = 67).
Pearson correlation with chronological age: mutation burden = 0.18, methylation = —0.18.
Error bars denote standard error.

h) Diagram summarizing the relationships between three measures of age: mutation,
methylation, and chronological time. Variance explained is calculated as the squared
Pearson correlation between each pair of measures for the same individuals as in panels
(b,c).
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Supplementary Figure 1: Supplemental characterization of CpG mutations

a) Pie chart showing the proportion of CpG mutations (n = 467,079 mutations) that result in
specific mutated nucleotides. Note that 5’-CpG-3’ sites are palindromic, corresponding to a
3’-GpC-5’ sequence on the opposite strand; thus, mutation of the C residue is equivalent to
mutation of the complementary G residue. For simplicity, we refer to all CpG mutations by
the status of the C residue.

b) Barchart showing the median methylation fraction across all PCAWG samples,
considering CpG sites where a mutation has occurred in at least one sample (left, n = 1,137
CpG sites), CpG sites where no mutation has occurred in any sample (middle, n = 325,614
CpG sites), and all measured CpG sites (right, n = 326,751).
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Supplementary Figure 2: Supplemental age prediction accuracy

Bar plot indicating the correlation of chronological age with the age predictions of mutation
versus methylation clocks across individuals (n = 1,250). Correlations are shown across all
tissues and in each of five TCGA tissues individually: LGG (Brain), GBM (Brain-2), SARC
(Bone), KIRP (Kidney), and THCA (Thymus).
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Supplementary Figure 3: Performance comparison to previous epigenetic clocks

a) Pearson r between predicted and chronological age for Hannum, Horvath, and PhenoAge
clocks across the same samples as Fig. 5b (n = 1,250). Nested five-fold cross validation.
The performance of the methylation clock trained in this study (“This study”) is shown for
reference.

b) Pearson r between predicted and chronological age for Hannum, Horvath, and PhenoAge
clocks after re-fitting (Methods). Same samples and validation procedure as (a).
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