UC San Diego

UC San Diego Electronic Theses and Dissertations

Title
Genomic and Epigenomic Aging: Mechanisms and Therapies

Permalink

bttgs:ééescholarshiQ.orgéucéiteméSGblngﬂ

ISBN
9798241641199

Author
Koch, Zane

Publication Date
2026-04-07

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/56b1q12w
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA SAN DIEGO

Genomic and Epigenomic Aging: Mechanisms and Therapies

A Dissertation submitted in partial satisfaction of the requirements
for the degree Doctor of Philosophy

in

Bioinformatics and Systems Biology

Zane Koch

Committee in charge:

Professor Trey Ideker, Chair
Professor Prashant Mali, Co-Chair
Professor Ludmil Alexandrov
Professor Eran Mukamel
Professor Wei Wang

2026



Copyright

Zane Koch, 2026
All rights reserved.



The Dissertation of Zane Koch is approved, and it is acceptable in quality
and form for publication on microfilm and electronically.

University of California San Diego

2026

il



TABLE OF CONTENTS

DISSERTATION APPROVAL PAGE ......ooiiiiiiiiieeteeetee et il
TABLE OF CONTENTS ...ttt ettt ettt ettt et st e b e s e bt e eaaeens v
LIST OF FIGURES ...ttt ettt sbt et eteseeenaeentens v
ACKNOWLEDGEMENTS ...ttt ettt ettt ettt essaeeabeesaeeenbeesseeenseans vi
VT A ettt ettt ettt e et e et e et e e bt e e et e e e eab e e e eabeeeeabeeeeatee s vil
ABSTRACT OF THE DISSERTATION .....oouiiiiiiiiiiiieiiesteeee ettt viil
Chapter 1 ADAVANCE SOMATIC MUTATION AS A CAUSE OF EPIGENETIC AGING......1

ACKNOWIEAZEIMENLS ..ottt et e e et e e et e e s e e e e s eeenaeeennaeeennes 13
Chapter 2 CHARACTERIZE PAN-EPIGENETIC ALTERATIONS ACROSS SPECIES ......... 14

ACKNOWICAZEIMENLS ......eeeiiiieiie ettt e e et e et e e etaeeeabeeeasaeeensseeensseeennns 43

Chapter 3 TEST DREAM COMPLEX ACTIVITY AS A DETERMINANT OF GENOMIC

AGING RATE ..ottt 44

ACKNOWIEAZEIMENLES ......eeeiiiieiieeciee et e et e et e et e e etaeeeaseeensseeensseeennseeennns 90

v



LIST OF FIGURES

FIGUIE 1 oottt e ettt e et e e et e e esaeesssaeesasaeeensaeeensaeeassaeeassaeeanseeensseeanes 4
FIGUIE 2 .ttt ettt et et s e et a e s bt e bt e at e sat e bt et e eht e bt et et e nne et eneas 5
FIGUIE 3 et et s a ettt b e bt et sht e bttt e b e bt et st b et eaees 6
FIGUIC 4 ..ottt ettt e et e et e e e b e e e saeesasaeeessaeeensaeeessaeeassaeensseeensseeensseeanns 7
FIGUIE 5 oottt ettt ettt e et e st e et e et e e e sbe e saeease e sseesbeeaseeensaensseenseensseenseas 29
FIGUIE 6 ..ottt ettt ettt e b e et e e bt e e abe e aeeeabe e bt e eabe e st e enbeennteenteas 31
FIGUIE 7 oottt et r e et e e et e e e st e e e sb e e e taeeensaaeentaeeanseeeanaeeennreeeanreenn 33
FIGUIE 8 ..ottt ettt ettt e bt esaa e et e et eeeabe e saesssa e saeenbeensaeenseenseeenseensneenseas 35
FIGUIE O ..ottt ettt et e b e et e e bt e s bt e et e e bt e sbeeeabeenseeenneeenteenteas 67
FIGUIE 10 -t ettt e b e st e at e et e esbe e et e e nbeeenbeenbeeenteas 69
FIGUIE 11 ottt ettt b et s a ettt e a e bt et saee bt et eneenaeenee 71
FIGUIE 12 ottt ettt ettt e et e bt e st e e s et e et e e ssteeabeesaeeenseeaneeenseas 73
FIGUIE 13 ettt et ettt e bttt e s bt e et esae e et e nbeeeareas 75
FIGUIE 14 .ottt ettt b et she e bttt ebt e bt et sae e bt et e bt e nbe e 77



ACKNOWLEDGEMENTS

Chapter 1, in full, is a reprint of the material as it appears in Nature Aging 2025. Koch,
Zane; Li, Adam; Evans, Daniel S.; Cummings, Steven; Ideker, Trey. The dissertation author was
the primary investigator and author of this paper.

Chapter 2 contains unpublished material coauthored with Koch, Zane; Li, Adam.; and
Ideker, Trey. The dissertation author was the primary author of this chapter.

Chapter 3 contains unpublished material coauthored with Koch, Zane; Nandi, Shuvro P.;
Licon, Kate; Bujarrabal-Dueso, Arturo; Meyer, David H.; Saeed, Safa; Perampalam, Pirunthan;
Dick, Frederick A.; Schumacher, Bjorn; Alexandrov, Ludmil B.; Ideker, Trey. The dissertation

author was the primary author of this chapter.

vi



VITA

2021 Bachelor of Science in Computational and Systems Biology, University of California Los
Angeles

2026 Doctor of Philosophy, University of California San Diego

vii



ABSTRACT OF THE DISSERTATION

Genomic and Epigenomic Aging: Mechanisms and Therapies

by

Zane Koch

Doctor of Philosophy in Bioinformatics and Systems Biology

University of California San Diego, 2026

Professor Trey Ideker, Chair

Professor Prashant Mali, Co-Chair

Aging is accompanied by widespread molecular changes, yet the relationships among these

changes — and their ultimate causes — remain incompletely understood. This dissertation

viil



investigates the epigenetic and genomic alterations that accumulate during mammalian aging, their
mechanistic origins, and potential strategies for intervention.

First, 1 characterize the landscape of epigenetic aging across multiple layers of the
epigenome. Through comprehensive analysis of six histone modifications and DNA methylation
in >1,000 humans and mice, I demonstrate that age-related epigenetic changes are not isolated
phenomena but rather reflect a coordinated remodeling process. Epigenetic changes across all
layers converge upon a common set of genes, enabling the construction of a "pan-epigenetic" clock
capable of predicting age from any epigenetic layer across species.

Second, I establish that somatic mutations and epigenetic change are intimately coupled:
mutations coincide with extensive remodeling of the surrounding methylome, and mutation-based
age predictions mirror those derived from DNA methylation. These findings suggest that the
progressive accumulation of somatic mutations may drive the epigenetic drift observed during
aging.

Third, I identify the DREAM complex (Dp, Rb-like-1, E2f, And MuvB) as a key regulator
of somatic mutation and aging. DREAM transcriptionally represses DNA repair pathways, and I
show that DREAM activity predicts somatic mutation rates, lifespan across 92 mammalian species,
and Alzheimer's disease risk. Notably, genetic disruption of DREAM in mice reduces mutation
accumulation in vivo.

Together, these studies connect epigenetic aging, somatic mutation, and the transcriptional
regulation of DNA repair — offering new perspectives on both the mechanisms of aging and

opportunities for intervention.

X
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™ Check for updates

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 an analysis of multimodal
data from 9,331 human individuals, we found that CpG mutations indeed
coincide with changes in methylation, not only at the mutated site but

with pervasive remodeling of the methylome out to +10 kilobases. This
one-to-many mapping allows mutation-based predictions of age that

agree with epigenetic clocks, including which individuals are aging more
rapidly or slowly 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
changesin methylation observed over the course of life.

Practically since the elucidation of the DNA double helix, it has been
postulated that progressive damage to this fundamental structureis the
cause of aging'”. The primary support for this theory relates to somatic
mutations, which accumulate in the genomes of most tissues and spe-
cies throughout life?*. Such accumulation has been associated with
multiple characteristics of old age, including immune dysfunction®,
neurodegeneration®’ and cancer®.

Aging hasalsobeen associated with other major types of molecular
changes beyond DNA mutations, leading to a debate on which of these
aging ‘hallmarks’ are fundamental causes™". In particular, much recent
attention has been given to associations of age with DNA methyla-
tion, 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'*'*. DNA methylation patterns have
been found to change regularly over the course of life, prompting the
creation of statistical models termed ‘epigenetic clocks’, which attempt

1718

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 and time to death'” %,
Such observations have bolstered epigenetic theories of aging, which
propose that progressive remodeling of the epigenome leads to aging
phenotypes through the dysregulation of gene expression, cellular
functionand senescence” *°. However, the degree to which epigenetic
changes are direct causes of aging remains unclear.

Despite the separate interestin DNA mutations and DNA methyla-
tion as theories of aging, the relationship between the two processes
isnot wellunderstood. One recent study reported that somatic muta-
tions in DNA-binding sites for ten-eleven translocation methylcytosine
dioxygenase 1(TET1), the primary enzyme involved in the removal of
methylation marks®, are associated with local hypermethylation”.
Another demonstrated an association among 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

'Program in Bioinformatics and Systems Biology, University of California, San Diego, La Jolla, CA, USA. *California Pacific Medical Center Research
Institute, San Francisco, CA, USA. *Department of Epidemiology and Biostatistics, University of California, San Francisco, San Francisco, CA, USA.
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linking common polymorphisms to methylation levels of specific
CpG sites™".

Anintrinsic biochemical connection between DNA mutation and
methylation occursat S-methylcytosine residues™’*?, which spontane-
ously deaminate over time to yield thymine™. A prerequisite for this
mutational event is cytosine methylation, relating somatic mutation
to prior epigenetic modification of DNA. Conversely, a prerequisite for
DNA methylationis the presence of a CpG site, which may be eliminated
by prior somatic mutation. Given this interdependence, we considered
thatthe separate links that have been established between DNA muta-
tion and aging and between DNA methylation and aging might each
reflect acommon underlying process whereby methylation potenti-
ates mutation and/or mutation potentiates changes in methylation.

To explore this hypothesis, we set out to comprehensively examine
therelationship 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 (Extended Data Fig. 1a). Based on
these findings, we use somatic mutations as a surrogate for epigenetic
marksin measures of aging, indicating the degree to which epigenetic
agingis explained by somatic mutations (Extended Data Fig.1b). These
results areinitially demonstrated in cancer cohorts, which have by far
the greatest numbers of individuals with matched DNA mutation and
methylation profiles. We then show that our findings extrapolate to
normal tissues drawn from the same patients.

Results

Genome-wide hypomethylation of mutated CpG sites

To study the connections between somatic mutations and DNA meth-
ylation marks, we first analyzed 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 3 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 muta-
tions (typically comparing the tumor DNA sequence to that in whole
blood; Methods). These data had been complemented by methylation
profiling of the same tissues using the Illumina Infinium HumanMeth-
ylation450 BeadChip, which provides methylation fraction readouts
(the fraction of DNA reads that are methylated) for approximately
450,000 CpG sites across the entire genome™. To facilitate the valida-
tion of our findings in a nontumor context, we additionally obtained
somatic mutation (n = 111) and DNA methylation (n = 187) profiles from
normal, noncancerous tissues fromasubset of these same individuals
(Methods).

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 and Extended Data Fig. 2a-d). Consistent with
previous reports™”, CpG sites were the most frequently mutated dinu-
cleotide, accounting for 13.5% of all somatic mutations across the
genome (Fig. 1a). The vast majority of these were C > T transitions
(82.3%; Extended Data Fig. 2e) occurring at CpGsites that tended tobe
more heavily methylated than average (Extended Data Fig. 2f).

We next asked whether individuals harboring amutated CpGsite
exhibit lower detected levels of methylation at that site compared to
nonmutated individuals (Fig. 1b). 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 detected methylation in individuals with a mutation at a CpG site
compared to nonmutated individuals at the same site (Mann-Whitney
P=3.90 x10%; Fig. 1c and Methods), with the decrease of detected

methylation related to the frequency of reads with the mutant allele
(Pearson’sr=-0.17, P=2.08 x 10"**; Fig. 1d and Extended DataFig. 2g).
These results support a model in which CpG mutations occur primar-
ily at hypermethylated sites (due to the spontaneous deamination
of methylcytosine) and can become fixed in the genome of daughter
cells, causing a decrease in observed methylation corresponding 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. Anillustrative example was the C > T mutation at
base pair 56,642,556 of chromosome 16 in the individual TCGA-GV-A3Ql
(Fig. 2a). CpG sites adjacent to this somatic mutation were strikingly
hypermethylated in this individual, with such hypermethylation
extending over acontiguous region more than 30 kilobases (kb) down-
stream. This effect encompassed the metallothionein 2A gene (MT2A) as
well as additional metallothionein family members (MTIE and MTIM),
for which methylation-linked repression has been associated with
metastasis in multiple cancer types™ .

Tomovebeyond anecdotal observations, we devised ageneral test
forwhether somatic mutations are associated withremodeled methyla-
tionatsurrounding CpGs. We computed a quantity we called AMF,, the
median change in methylation fraction observed for CpGs withina win-
dow of +w kb near a mutated site, comparing the mutated individual to
matched nonmutated individuals (Fig. 2b and Methods). Examination
of AMF,, values at increasing distances from mutated sites revealed
significantly greater methylation change at these sites compared to
randomly chosen nonmutated sites, with this effect extending for up
to +10 kb (Fig. 3a and Methods). Calculating the methylation change
across this entire +10-kb range, we observed that AMF,,,, tended
toward substantially more extreme values than expected at random
(n=2,600 mutated sites with sufficient nearby CpGs, P <10'?*; Fig. 3b),
with mutated loci more than four times as likely to have an extreme
decrease in nearby methylation (AMF ,,;, of <—0.3; Fig. 3¢). Mutated
loci were also enriched for nearby methylation increases (similar to
the exampleinFig. 2a), albeit more weakly (Fig. 3c). This phenomenon
was observed inall tissue types for which we had data (Extended Data
Fig.3a).Overall,15.5% of mutated sites had amore extremely positive or
negative AMF,,,, than expected (against a reference of random control
sites, |zscore| > 1.96; Methods).

Deeper explorations showed that the methylation increases and
decreases (1) have adirection of change that depends onlocal CpG den-
sity (thatis, whether they areinside CpGislands'’; Fig. 3d and Extended
DataFig.3d), (2) are specific to the genomic context, enriched for being
mutations to CpG sites (Fig. 3d) in intergenic regions (Extended Data
Fig.3e,f),and (3) increase with the fraction of DNA in the sample harbor-
ing the mutation (Fig. 3e and Extended Data Fig. 3g). Innoncancerous
tissues, methylation disturbances were found surrounding 8.0% of
somatic mutations (|zscore| > 1.96 compared to random control sites;
Methods and Extended Data Fig. 4a), each extending for, on average,
+1kb from the site of mutation (Extended Data Fig. 4b). This decreased
frequency and shorter range of effect may be attributed to the lower
mutated allele frequency (MAF) of somatic mutations in normal tissues
compared to tumor tissues (mean +s.d. MAF: normal = 0.10 + 0.013,
tumor = 0.83 + 0.24). These results indicate that our earlier observa-
tions were not anecdotal, but CpG mutations are generally associated
with an atypical methylation patternin 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 ina manner often associated

Nature Aging
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Fig. 1| Frequency and methylation status of CpG mutation events.

a, Percentage of genome-wide somatic mutations classified as CpG (n = 467,079
mutations) or non-CpG (n=2,990,796 mutations). Expected percentages were
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 (nonmutated CpGsite, gray) and those where a mutation
has occurred in at least one individual (mutated CpG site, red; bottom) and

the remaining individuals are nonmutated (blue; top). ¢, Distribution of CpG
methylation values for the categories of CpG sites from b. The methylation
fractions of mutated individuals (red) and nonmutated individuals (blue)
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are shown for the 1,000 CpG sites with the highest MAF (corresponding to

MAF > 0.53; Methods). d, Methylation change between mutated and nonmutated
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 nonmutated 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
violinrepresent the interquartile range. The two-sided Pvalue was calculated
based on the exact distribution of Pearson’s rmodeled as a beta function. MAF,
mutantallele fraction.

withage”. However, we considered that the one-to-many relationship
revealed by our previous analysis (Fig. 3), by which asingle CpG muta-
tion maps to a broad profile of methylation changes in the surround-
ing DNA, might bridge this apparent gap between sporadic mutation
accumulation and consistent methylation change. Accordingly, we
compared two procedures for predicting human chronological age:
the first using an individual’s profile of CpG methylation values, as in
previous epigenetic aging models (methylation clock), and the sec-
ond using their profile of somatic mutations, including the counts of
somatic mutations within 10 kb of each of these same CpGs (mutation
clock; Methods and Fig. 4a). Evaluating these models using a nested
cross-validation procedure (Methods), we found that the methylation
clock predicted age with anaccuracy of r= 0.83 (Pearson’s correlation),
whereas the mutation clock had an accuracy of r= 0.67 (Fig. 4b,c). When
predictions were examined within each tissue, both the mutation and
methylation models were most accurate at predicting age in brain
samples and least accurate in kidney and bone samples (Extended
Data Fig. 5a).

Beyond their accuracies of age prediction, we found that the two
clocks agreed significantly in several other key aspects. First, the pre-
dictions from both models were highly correlated across individuals
(Pearson’sr=0.74), and this relationship persisted even after control-
ling for calendar age (partial correlation = 0.45, P=1.48 x 10 %; Fig. 4d

and Methods). For example, for individuals predicted by mutations to
belyearolderthantheir calendar age, the methylation clock yielded
a corresponding overprediction of 0.75 + 0.53 years (mean +s.d.).
This same agreement in over-/underprediction of each individual
(similarity in model residuals) was observed when comparing the
mutation clock to previously published methylation clocks (Fig. 4e
and Extended Data Fig. 6a,b)""'*?", Second, CpG sites for which the sur-
rounding mutation burden was most associated with age also tended
to have the most age-associated methylation values, as highlighted
by the 80-fold greater-than-expected overlap among the top 1% of
age-associated sites of each kind (Fig. 4f and Methods). One exam-
ple was CpG site cg19236454 (chr19:42,799,926), for which the local
mutation burden progressively increased with age (+10 kb, r = 0.18),
whereas the methylation of this site was progressively lost (r=-0.18;
Fig. 4g). This overlap demonstrates a local coupling of age-related
mutation accumulation and methylation change, independent of
any clock or model.

To confirm that the synchronization between the mutation and
methylation clocks is not unique to tumor tissues, we applied the
same modeling procedure to normal tissues (n = 111 somatic mutation
profiles, n =187 methylation profiles). We found that models trained
to predict chronological age from the mutation and methylation
profiles of these normal tissues (1) were predictive of age (Pearson’s

Nature Aging
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a, Example mutated site where the individual TCGA-GV-A3Ql has a C > T mutation
atchrl6:56,642,556 of the hgl9 human genome. Top, ideogram of chromosome
16, with ared bar indicating the location of the mutated site. The first underlying
track shows hgl9 base-pair coordinates, the second the documented genes in
theregion (encoding five metallothionein factors) and the third the locations

of CpG sites measured on the lllumina 450k methylation array (vertical bars).
Bottom, heatmap of CpG methylation fractions. Rows are samples (1 mutated, 28
matched), and columns are the measured CpGs within a +50-kb window proximal
to the mutation (n = 62 CpGsites). Color corresponds to the methylation fraction
of each CpG. The mutated sample row and mutated site column are labeled
inred, with the mutation eventindicated by a lightning bolt. b, Calculation of
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the change in methylation fraction (AMF) with reference to a specific mutated
site. Left, heatmap of methylation fractions of the mutated site and CpGs in the
surrounding window, replicated from a. Right, heatmap of the 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). Matched background samples were defined as those without

any somatic mutations in the window and that were of the same tissue type

and approximate age (+5 years) as the mutated sample. UCSC, University of
California, Santa Cruz.

r: mutation clock = 0.74, methylation clock = 0.92; Extended Data
Fig. 5b), (2) agreed in the age prediction of the same individuals as
clocks trained on tumor data (Pearson’s r of normal versus tumor
predicted age: mutation clocks = 0.79, methylation clocks = 0.89;
Extended Data Fig. 5¢,d) and (3) continued to exhibit an association
between mutation and methylation age (partial correlation of normal
clocks = 0.48, P=0.0018; Methods and Extended Data Fig. Se-g).
Thus, mutation and methylation profiles were synchronized with
respect to predictions of age (Fig. 4h), both globally (throughout
the genome) and locally surrounding individual CpG sites, in normal
and tumor tissues.

Discussion

In this study, we 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 across the genome; Fig. 1a and Extended Data Fig. 2e,f) exhibita
decrease in detected methylation at thatsite (Fig. 1c,d). Atalargerscale,
such mutated sites coincide with sweeping methylation changes across
numerous CpGs within the surrounding genomic region (Figs. 2 and
3a-c).Plausibly as aresult of this larger-scale relationship, individuals
whose mutations indicate increased genomic age also tend to have
older methylomes (Fig. 4d,h and Extended Data Fig. 5g).

Nature Aging



Analysis https://doi.org/10.1038/s43587-024-00794-x
a b
ke -~ *okk ek g 25 4
T T —@- Mutated ik @ vutated
G - MAD: P=1.96 x 10
*x | NS' Random 20 4 - Random
0.070 NS Z 154
%
£ &
w 10 4
Z 0065 -
]
3
3 y
£ 0060 -
-0.4
0055 @————@— @
=8 &
5
6
0.050 - E
2 4+
10° 10' 10° 10° 10* 10° 10° 5
Distance of window center from mutated site (bp) % 21 i e
L= T T T T T T T
-0.4 -03 -0.2 -01 o 01 02 03 0.4
AMF‘Okh
d _ e
o § 10 .
o8
€8 s 0.6 Pearson’s r = 0143
g P=579x107 2
£ 2
Cw 6
t3 05
0+ 4
T 2 £
R 2 NS NS 2 0
g _]f_ = 04
g, I I 1 2
- ; : H
- 2 03
2 o
2o £ $
25
é Sﬁ 8 0.2 |
£ 2 g
sy
= =
59 4 01 -
T '
e 2 NS NS 3
N (D . NS Ns | =11 | =]
8 ol [ T 1 o - : 3 .
Mutation site: CpG CpG Non-CpG Non-CpG (0, 0.25) (0.25, 0.50] (0.50, 0.75] (0.75,1.00]
In CpG island: 8 (/] 8 (/] MAF

Fig. 3| Magnitude and extent of methylation changes near somatic mutations.
a, Absolute AMF,,,, as the window center is moved away from the mutated site
(n=2,600, red). This quantity is also shown for nonmutated random control sites
(n=260,000, blue) (Methods). Points indicate the mean value, and error bars
denote the 95% confidence interval. A significant difference in the distribution

of absolute AMF,, values (two-sided t test) is marked (***P < 0.001, **P < 0.01).
Other comparisons are nonsignificant (NS, P> 0.05). b, 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 the same tissue

type within +5 years of age) and one or more measured CpGs within the window.
Random control sites include n = 260,000 nonmutated sites (Methods). The
same was found when controlling for the initial methylation state of mutated
and random loci (Extended Data Fig. 3b,c). The Pvalue is shown for a two-sided
Mann-Whitney test for a difference in median absolute deviation (MAD) of

AMF ,,, between the mutated and nonmutated random control loci. ¢, Line plot
depicting the fold enrichment for mutated over nonmutated sites as a function
of AMF,,,,,. Fold enrichment is the ratio of the probability of observing a given

# mutated reads/# total reads (per site per sample)

AMF,,,,, for mutated sites versus the probability of that AMF,,,,, for nonmutated
control sites. AMF,,, is divided into equally spaced bins from -0.4 to 0.4.

d, Enrichment of extreme AMF,,,,,, values at CpG sites and CpG islands. Top versus
bottom bar charts show the 25% of mutations with the most positive versus most
negative AMF,,, valuesina (n = 650 mutations each). The enrichment of these
mutations (bars, y axis) was considered for different types of sites, depending
onwhether the site is a CpG and/or falls within a CpG island (x-axis categories).
Enrichment was compared to the genomic baseline (Methods), with significance
determined by a one-sided binomial test. Significant enrichment (P < 0.001) is
marked with asterisks (***) and nonsignificant (P > 0.01) with ‘NS’ CpG islands
are defined as genomic regions with 2200 bp, 250% GC contentand a high CpG
occurrence. e, Boxplot of the absolute AMF,,,, value as a function of the MAF.
The plotincludes all mutated sites with =15 matched samples and one or more
measured CpGs within 10 kb (n = 3,880 mutated loci). The two-sided Pvalue
was calculated based on the exact distribution of Pearson’s rmodeled as a beta
function. The central line represents the median; the edges of the box represent
theinterquartile range; the whiskers indicate 1.5 times the interquartile range;
and the points represent all AMF,,,,, values outside these ranges.

A fundamental tension addressed in this study is that two indi-
viduals 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 (that s, clonality of the mutant cell
population; Fig. 3e). Consistent with these findings, we see that, within
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Fig.4|A iation g mutation age, methylation age and chronological ageresidual), and the 20% (n = 320) of individuals with the oldest mutation age for

age. a, Methylation clock: the methylation fractions of CpGs are used in agradient
boosted tree model to predict chronological age. Mutation clock: the count

of mutations around the same CpGs are used in an identical model to predict
chronological age. Both models incorporate similar covariates and whole-genome
features (Methods). b, Scatter plot of human individuals, showing age predictions
from the mutation model versus their chronological age. The plotincludes
n=1,601individuals with samples from five tissues (Methods). ¢, Similar to b but
showing age predictions from the methylation rather than mutation model for
the same individuals. d, Violin plots of the methylation age residual versus the
mutation age residual (Methods). The plotincludes the same individualsasinb
and c. Pearson’s rrefers to the correlation between the methylation age residual
and the mutation age residual (that is, partial correlation, P=1.48 x 10 %, two-
sided Pvalue calculated based on the exact distribution of Pearson’s rmodeled
asabeta function). The central line of the inner boxplot represents the median;
the edges of the box represent the interquartile range; and the whiskers represent
1.5times the interquartile range. e, Distribution of methylation age residuals for
thesame individuals asinband ¢, computed according to each of four previous
methylation clocks. ‘This study’ refers to the methylation clock showninc¢
(Methods). For each clock, the 20% (n = 320) of individuals with the youngest
mutation age for their chronological age are shownin alighter color (low mutation

their chronological age are shown inadarker color (high mutation age residual).
The asterisks (***) indicate a significant (P < 10™) difference in distribution
between the low and high mutation residual age groups, based on a two-sided
Mann-Whitney Utest. f, Bar plot depicting the ratio of observed versus expected
overlap between sets of age-associated CpG sites. For the same individuals and
CpGsites asinc, the CpGs with maximal (top 1%, 5% and 10%) Pearson’s correlation
between local mutation burden (+10 kb) and age and between methylation
fractionand age were chosen. The intersection (overlap) between these sets was
compared to the expected intersection assuming random selection (Methods).
Significant enrichment based on a two-sided binomial test (P < 10°*, Bonferroni
corrected) is marked with asterisks (***). g, Mean mutation burden (left y axis) or
mean methylation fraction (right y axis) plotted versus chronological age (x axis)
for CpG site cg19236454. Data were from brain (LGG, low grade-glioma)

samples, considering individuals with a nonzero mutation burden (+10 kb)

atthis site (n = 67). Pearson’s correlation with chronological age: mutation
burden = 0.18, methylation = —0.18. Error bars denote the standard error.

h, Diagram summarizing the relationships among three measures of age:
mutation, methylation and chronological time. The variance explained was
calculated as the squared Pearson’s correlation between each pair of measures for
thesameindividuals asinband c. MAE, mean absolute error.

individuals of the same calendar age, mutation and methylation clocks
agree on which individuals are aging faster or slower (Fig. 4d,e), and
somatic mutations explain more than 50% of the variation in methyla-
tionage acrossindividuals (Fig.4d,h). Notably, this relationship canbe

observed directly, without relying on predictive modeling, in the colo-
calization of age-associated mutation and methylationssites (Fig. 4f,g).

The mechanisms by which a CpG mutation affects its methylation
state, or conversely by which CpG methylation potentiates its own
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mutation, are already established. The prior methylation of a CpG
makes a subsequent somatic mutation more likely due to methylcy-
tosine deamination™. In turn, when either nucleotide of a 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, itis conceivable that either methylation or
mutation, or neither, could be the primary causal agent. The observed
association between somatic mutation and local hypermethylation
(Fig.3b) may occur ifhypermethylation creates an environment prone
to methylcytosine deamination events, giving rise to rare somatic
mutations embedded within hypermethylated regions. However, this
model does not explain the frequently observed co-occurrences of
mutations with neighboring hypomethylation throughout the genome
(Fig.3b), as hypomethylation should decrease, not increase, the local
probability of mutation.

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 plau-
sibly 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 TETI, a
demethylase, leading to local gains of methylation”. More broadly, it
is well known that germline DNA sequence variants govern the meth-
ylation patterns of many CpG sites, affecting as many as 40% of CpGs
throughout the genome (i.e. the effect underlying methyl quantitative
trait loci)*’. Somatic mutations in these sequences may yield effects
on methylation analogous to those observed for inherited variants.

Athird possibility is that mutation and methylation events are not
causal of each other but both are downstream of some earlier event.
Onesuch event might relate to the repair of DNA double-strand breaks,
which have been demonstrated to resultin both somatic mutations and
methylation changes near the site of repair*®*’. Here, the mutation
and methylation changes would be indicative of an earlier repair of
double-strand breaks, an activity recently suggested to cause epige-
neticaging”. Similarly, the formation of 8-hydroxyguanine lesions has
been associated with both somatic mutation and loss of methylation
in the surrounding DNA™.

Regardless, understanding the causality among mutations, meth-
ylation and aging has important implications for how we seek to pre-
vent 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.

Some limitations of this study are as follows. First, most of the
samples we analyzed came from tumor biopsies, as the current large
human datasets measuring both somatic mutations and methylation
pertain to cancer patients. While analyses of normal tissues fromasub-
set of these same individuals supported the findings in tumor tissues
(Extended Data Figs. 5 and 7), the relevance of these findings to nor-
mative aging should be further examined in larger datasets of normal
individuals and tissues by, for example, applying mutational clocks to
independent datasets. This limitation notwithstanding, we note that
mutation burdensin cancerous and normal tissues are similar®*°, and
most mutations found in tumors are believed to represent normal
mutational processes unrelated to cancer’". Second, most of the
somatic mutations we analyzed were derived from exome sequenc-
ing, limiting our conclusions regarding the association of mutations
with age and methylation to those regions. Third, our analysis was
cross-sectional rather thanlongitudinal, with each individual measured
at a single time point only. In the future, a longitudinal study design
could greatly inform the actual order of events. Fourth, methylation
values were assessed using Illumina 450k technology, which scores the
methylation fractions of approximately 450,000 defined CpG sites
through bisulfite conversion of unmethylated cytosines (to thymines)

and subsequentoligonucleotide hybridization™. For CpGs at which the
cytosine has been mutated (for example, to TpG), the technology will
read out this mutation event as a loss of methylation, whether or not
a concomitant loss of methylation has occurred. Finally, 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***’, 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®*“°.

Methods

Data access and preprocessing

We obtained paired DNA methylation (Illumina 450k array) and somatic
mutation data from two public consortia: TCGA* ** and PCAWG™.
Relevantto TCGA, we used the Pan-Can cohort (http://xena.ucsc.edu/),
whichincludes 8,680 samples from 33 cancer types with both Illumina
450k methylation data and somatic mutation calls. Inaddition to these
tumor samples, we generated somatic mutation profiles from normal,
noncancerous tissues of 111 TCGA individuals (see ‘Somatic muta-
tion identification’ in the Methods) and obtained DNA methylation
profiles from normal tissues of 187 TCGA individuals (40 individuals
had both normal somatic mutation and normal DNA methylation
profiles). Data from the PCAWG consortium (https://xenabrowser.
net/datapages/?hub=https://pcawg.xenahubs.net:443) include 651
samples from three cancer types with both Illumina 450k methylation
array dataand 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 ssites for TCGA and 326,749 CpG sites for PCAWG (Extended Data
Fig.2a-d).Second, we removed samples for which the mean methyla-
tion fraction (over all remaining CpGs) was more than 3 s.d. outside
its expected (mean) value over all samples. Third, each sample was
quantile normalized.

Somatic mutation identification

Inaddition to the somatic mutations called by the TCGA consortiumin
tumor tissues™ (n = 8,860 individuals), we identified somatic mutations
inthe normal tissues of individuals from TCGA who had DNA sequenc-
ing carried out in three locations: tumor, tumor-adjacent tissue and
blood (n =111). We called somatic mutations using Mutect2 (ref. 67)
by comparing the tumor-adjacent DNA sequence to the blood DNA
sequence in each individual. Mutect2 was run with default parameters
following the tumor versus normal somatic mutation calling pipeline
described by the Genome Analysis Toolkit (GATK) but treating the
tumor-adjacent DNA sequence as the ‘tumor’ sample and the blood
DNA sequence as the ‘normal’sample (thatis, reference) (https://gatk.
broadinstitute.org/hc/en-us/articles/360035531132--How-to-Call-som
atic-mutations-using-GATK4-Mutect2).Inso doing, we identified vari-
ants presentin the tumor-adjacent tissue that were not presentin the
blood of the same individual, indicating their somatic origin. The ger-
mline resources provided by the GATK were used to filter out common
germline mutations®. Mutations at loci with coverage of fewer than 50
reads in either the tumor-adjacent or blood sample were discarded.

Characterizing CpG mutation frequency

Based on the University of California, Santa Cruz, hgl9 human genome
annotations®®, the number of nucleotides that comprise CpG residues
equals 2 bp x 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 muta-
tions are not (Fig. 1a). 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
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tothe Cresiduein the first position. This convention was used to record
the frequency of each dinucleotide sequence resulting from a CpG
mutation (Extended Data Fig. 2e). For these cumulative analyses relat-
ing to the overall frequency of CpG mutation (Fig. 1a and Extended
DataFig. 2e,f), the PCAWG samples were used exclusively as they have
whole-genome sequences, encompassing all CpG sites, rather than
exome sequences only.

Characterizing methylation at mutated CpG sites

The methylation status of two categories of CpG sites was compared:
‘nonmutated sites’, where no mutation was observed in any individ-
ual, and ‘mutated sites’, where at least one individual had a mutation
(Fig.1b).For CpGsites of the first category (265,399 nonmutated sites),
the distribution of methylation fractions was plotted (Fig. 1c). 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 nonmutated individuals (Fig. 1c). For analyses of
methylation associated with mutated CpGsites (Fig. 1c,d), tumor TCGA
samples were used exclusively as there were many more occurrences
of CpG mutations in this dataset due to its much larger sample size.
We note that the effect of a CpG mutation on the overall methylation
fraction of a tissue can be masked by nonmutated cells of that tissue
having higher-than-expected methylation levels—this is a possible
explanation for the rare increases in methylation observed at mutated
CpG sites and the modest association between MAF and methylation
change (Fig. 1d).

Calculating mutation-associated methylation change

Somatic mutation events were defined as site-sample pairs for which
the nucleotide present at that site in that particular sample assumed a
different (A, C, G, T) value thanin the matched normal tissue (typically
whole blood from the same sample). For each mutation event, the
genomic ‘locus’ was defined as a +w-kb window (upstream and down-
stream) proximal to the mutated site. Matched background samples
were defined as those without any somatic mutations in this window
and that were of the same tissue type and approximate age (+5 years)
as the mutated sample (Figs. 2 and 3). Using these definitions, we cal-
culated AMF,, the median normalized change in methylation fraction
m,;at each measured CpG site k in the +w-kb window surrounding
mutated site { in mutated sample relative to matched background
samples b € background:

AMF; ; = mediangewindow(iw) (Mk,; — Mediansepackground (M)

Window (i, w) = {CpG sites within + w from site i}

We calculated AMF in +10-kb windows for each mutation eventin
the PCAWG data, where the mutation was a single base-pair substitu-
tion; there were at least 15 viable matched background samples; there
was no other mutation within +10 kb of the mutation in the mutated
or matched background samples; the MAF was >0.8; and there was at
least one CpG site within 10 kb of the mutated base (Fig. 3b,c). For the
normal tissue TCGA data, we calculated AMF in £1-kb windows ateach
mutation event, where the mutation was a single base-pair substitu-
tion; there were atleast 10 viable matched background samples; there
was no other mutation within +10 kb of the mutation in the mutated
or matched background samples; and there was at least one CpG site
within 1 kb of the mutated base (Extended Data Fig. 4a-c). These cri-
teria left 2,600 and 463 mutation events for the tumor PCAWG and
normal TCGA datasets, respectively. Random control events were
chosento create abackground distribution of AMF values at genomic
loci lacking somatic mutations in any sample. For each true muta-
tion event, we randomly chose 100 nonmutated 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 +1
or+10 kb (for normal TCGA or tumor PCAWG, respectively). To control
for theinitial methylation state, we repeated this analysis by selecting
random control sites with a methylation profile matched (in terms of
the median methylation fraction of comparison sites) to that of the
matched samples of each true mutation event (Extended Data Fig. 3b,c).
To quantify the frequency at which mutated sites had AMF values that
were more extreme than expected, we calculated the zscore of the
AMF values at each mutated site relative to the distribution of AMF at
all random control sites.

Extent of mutation-associated methylation remodeling

To investigate the extent of methylation remodeling associated with
asomatic mutation, we computed AMF in a1-kb window atincreasing
distances (up to 1 Mb) from each mutated and random control site.
Then, we aligned these AMF ;, values by their linear genomic distance
from their respective mutated site to observe the marginal methylation
change at each distance (Fig. 3a and Extended Data Fig. 4c).

CpG and CGl enrichment

The genomic background rate of CpG islands (CGls) and CpGs was
calculated based on the hg19 annotation®”’® (https://hgdownload.soe.
ucsc.edu/goldenPath/hgl9/database/cpglslandExt.txt.gz). The fre-
quency of CpGs in CGls was based on previously published statistics™.
Tounderstand whether mutation type (CpG or non-CpG) and location
(CGl 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 AMF,,,,). A
one-sided binomial statistic was used to test for an increase in muta-
tion frequency above the genomic background rate of each mutation
type (Fig. 3d).

Clock datasets and features

The tumor tissue samples used for all clock-related analyses were from
the LGG (low-grade glioma; brain), GBM (glioblastoma multiforme;
brain 2), SARC (sarcoma; bone), KIRP (kidney renal papillary cell car-
cinoma; kidney) or THCA (thyroid carcinoma; thyroid) cancer typesin
TCGA (n=1,601individuals). Samples from normal tissues were chosen
from these same tissue types as the tumor samples when available
(n:thyroid =23 individuals and kidney = 27 individuals), with the addi-
tion of two other tissue types chosen owing to their available sample
size (n: colon = 34 individuals and liver = 27 individuals). Somatic muta-
tions in documented cancer genes’', as well as mutations within the
25 genes having the highest mutation frequency for that tissue type,
were removed to mitigate the influence of driving cancer geneson the
analysis. Samples with a mutation burden greater than 3 s.d. from the
mean mutation burden of that tissue were discarded. 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 clocks were 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 muta-
tions at the 100,000 CpG sites described above. A separate model
was trained for the tumor (n=1,601) and normal (n =111) samples
because of the different rates of mutation accumulation and muta-
tional patterns, as described in previous literature™”. The features
used todescribe anindividual sample were (1) the counts of all somatic
mutations within £10 kb of each CpG site (‘mutation burden’; Fig. 4a),
(2) the one-hot-encoded tissue type, (3) the genome-wide mutation
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burden, summing the MAFs across all 100,000 CpG sites, and (4) the
mutation burden associated with each possible trinucleotide context
(forexample, CCT > CTTor TCT > TTT). To assess the influence of the
whole-genome features (3 and 4), we also constructed models with
only local mutation counts and tissue type (Extended Data Fig. 7).
When the genome-wide features were removed from the models, the
performance of the methylation clocks was unchanged (tumor: Pear-
son’sr=0.83; normal: Pearson’sr = 0.92; Extended DataFig.7a,b); the
mutation clocks remained significantly predictive of age (tumor: Pear-
son’sr=0.53,P=1.54 x10™"; normal: Pearson’sr=0.73,P=9.8 x10™°%;
Extended Data Fig. 7a,b); and the two measures continued to agree in
the over-/underprediction of age in the same individuals (tumor: partial
correlation =0.51, P= 6.66 x 107'%; normal: partial correlation = 0.52,
P=5.32x10"%; Extended Data Fig. 7c,d). For the tumor tissues, the
accuracy of age prediction was assessed using nested cross-validation,
inwhich 64% of samples were used for model training, 16% for hyperpa-
rameter tuning and 20% for testing, with this entire procedure repeated
over five folds (Fig. 4b and Extended Data Figs. 5 and 7). As relatively
few normal tissue samples were available (n =111), we assessed the
performance of the normal tissue mutation clock only on the normal
samples for which we had both mutation and methylation profiles
(n=40)tomaximize the number of samples used in training while not
reducing the number with calculable mutation and methylation ages.
Here, we conducted a similar nested cross-validation procedure in
which, in each fold, we held out 20% of the normal samples with both
datatypes fortesting (n = 8 samples each fold) and performed training
and hyperparameter tuning on the remaining samples (n = 71samples
with only mutation dataand n = 32 samples with both data types). Fol-
lowing hyperparameter tuning, the number of features selected for use
in the trained tumor mutation clock model ranged from1,189t01,293
withamean of1,237.2 across folds and from 307 to 344 with amean of
322 across folds for the normal tissue mutation clock.

Methylation clock

The methylation clock was also based on an XGBoost Regressor model,
withidentical parameters’ as for the mutation clock described above.
A separate model was trained for the tumor (n=1,601) and normal
(n=187)samples. The definition of features was also closely matched,
focusing on the same 100,000 CpG sites but using methylation rather
than mutation data. In particular, the 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 all100,000 CpGsites (Fig. 4a,c and Extended Data Fig. 5). Mod-
els without the global feature were also constructed for comparison
(Extended Data Fig. 7). 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 usein the
trained tumor methylation clock ranged from 5,131t0 5,221 withamean
of 5,171.8 across cross-validation folds and from 1,987 to 2,139 with a
mean of 2,051 for the normal methylation clock.

Application of existing clocks

The Hannum, Horvath and PhenoAge clocks were refitted to the TCGA
pan-cancer dataset. This step was necessary as some CpG sites included
inthese clocks did not have methylation values passing quality controls
(see ‘Data access and preprocessing’ in the Methods). The remain-
ing 66%, 63% and 61% of features were used in the refitted Hannum,
Horvath and PhenoAge clocks, respectively. Briefly, the CpGs used in
these clocks were obtained from the respective publications'”*?, and
an elastic-netregression model” with default parameters was trained
on these features to predict the chronological age of TCGA samples.
Nested fivefold cross-validation was used to assess the performance
of each of the previously published clocks before refitting (Extended
Data Fig. 6a) and all clocks (including the clock trained in this study)

after beingrefitted to the TCGA data (Extended Data Fig. 6b). For each
sample, the residual of each methylation clock was compared to the
residual of the mutation clock (Fig. 4e).

Local association of methylation, mutation burden and age
Across the 1,601 individuals and 100,000 CpG loci used in the tumor
mutation and methylation clocks, we compared the association
between the methylation fraction of each CpG site, its mutation bur-
deninthe surrounding 20 kb and the chronological age of the samples
(Fig. 4f). First, we calculated the Pearson’s correlation coefficient
between chronological age and the quantile-normalized methylation
fraction and mutation burden (+10 kb) at each CpG locus. Second, we
selected the1%, 5% and 10% of CpG sites with the largest methylation—
age correlation and mutation burden-age correlation and counted the
number of CpGs shared between these groups. Third, we compared
this overlap to the expected rate of overlap assuming random selection
fromthe100,000 original CpGs. A two-sided binomial test was applied
to assess statistical significance.

Statistics and reproducibility

All analyses were performed in the Python 3.10 and R 3.6.1 environ-
ments. Data analysis was conducted using Pandas 1.5.3, SciPy 1.10.0,
Pingouin 0.5.3 and Statsmodels 0.13.5. Data were visualized with
Seaborn 0.12.1and Matplotlib 3.7.1. No statistical method was used to
predetermine samplesizes. The experiments were not randomized, and
the investigators were not blinded to allocation during experiments
and outcome assessment. Samples with a mean methylation fraction
(across all CpG sites) greater than 3 s.d. from the mean methylation
fraction of all samples together were excluded from the analyses. Spe-
cific statistical approaches used are noted in the respective Methods
sections and figure captions.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All data analyzed were from The Cancer Genome Atlas Pan-Can
cohort™ ** (http://xena.ucsc.edu/) and the Pan-Cancer Analysis of
Whole Genomes*® (https://xenabrowser.net/datapages/?hub=https://
pcawg.xenahubs.net:443). Datacanbeaccessed from the provided links
and are described further in the respective publications (https://doi.
org/10.1038/ng.2764, https://doi.org/10.1038/541586-020-1969-6)*.
Data to replicate the figures in this manuscript can be found on fig-
share (‘Somatic mutation as an explanation for epigenetic aging (Koch
etal.2024)’, https://figshare.com/projects/Somatic_mutation_as_an_
explanation_for_epigenetic_aging_Koch_et_al 2024 /224232)”. The
panel of normal and gnomAD resources used for filtering the somatic
mutation calls can be accessed by downloading Mutect2 (https://gatk.
broadinstitute.org/hc/en-us/articles/360037593851-Mutect2). A file
containing Illumina 450k array CpG locations and characteristics
can be accessed on the Illumina website (https://webdata.illumina.
com/downloads/productfiles/humanmethylation450/humanmeth-
ylation450_ 15017482 v1-2.csv). The hgl9 genome annotation can be
accessed through the University of California, Santa Cruz, website
(https://hgdownload.soe.ucsc.edu/goldenPath/hgl9/database/cpg-
IslandExt.txt.gz).

Code availability
All custom algorithms and analysis code are in the GitHub repository
at https://github.com/zanekoch/MutationsAndMethylationAging/.
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Chapter 2 CHARACTERIZE PAN-EPIGENETIC ALTERATIONS ACROSS SPECIES

Abstract

Epigenetic remodeling is a hallmark of aging, yet which epigenetic layers are most affected
during aging — and the extent to which they are interrelated — is not well understood. Here, we
perform a comprehensive analysis of epigenetic aging encompassing 6 histone marks and DNA
methylation measured across 12 tissues from >1,000 humans and mice. We identify a synchronized
pattern of age-related changes across these epigenetic layers, with all changes converging upon a
common set of genes. Notably, an epigenetic clock based on these genes can accurately predict
age using data from any layer (Spearman p: 0.70 in humans, 0.81 in mice). Applying this “pan-
epigenetic” clock, we observe that histone modification and DNA methylation profiles agree in
prediction of which individuals are aging more rapidly or slowly. These results demonstrate that
epigenetic modifications are subject to coordinated remodeling over the lifespan, offering a unified

view of epigenetic aging.

Introduction

Among the hallmarks of aging, considerable attention has been devoted to the study of
epigenetic alterations, particularly changes in DNA methylation patterns [1]. Across the human
lifespan, thousands of cytosine-guanine dinucleotides (CpGs) undergo systematic gains or losses
of methylation [2-5]. These widespread shifts have enabled the development of robust
methylation-based age predictors, termed “epigenetic clocks,” [5-9] which have been used
pervasively in clinical and forensic applications [10-12]. Remarkably, these age-related
methylation changes are highly conserved across diverse tissues and species [13], such that a single

epigenetic clock can predict the age of over 100 distinct mammalian species [14].
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DNA methylation (DNAm) represents only one facet of the epigenome, however. Another
major class of epigenetic mark relates to chemical modifications of histones [15], which regulate
chromatin structure, DNA accessibility, and gene expression. The number of distinct types of
histone marks is vast and includes histone methylation, acetylation, and phosphorylation at
multiple sites — some of which have known functions while many others remain incompletely
understood [16]. For instance, monomethylation of lysine 4 of histone 3 (H3K4mel) commonly
marks enhancers poised for activation [17], whereas H3K27me3 1is associated with
heterochromatic domains and transcriptional repression [18]. The occupancy of particular histone
marks across the genome has been extensively investigated via chromatin immunoprecipitation
sequencing (ChIP-seq), which uses DNA sequencing to read out the genomic regions that co-
precipitate with a particular modified histone [19]. The combined influence of histone
modifications and DNA methylation ultimately determines chromatin accessibility — the physical
openness of chromatin to transcription factors and regulatory proteins [20].

Recent studies suggest that age-related changes occur not only in CpG methylation [21—
23], but in some of these other epigenetic layers including histone modifications [24-27] and
chromatin accessibility [28,29]. Such multifaceted change aligns with the concept that the various
epigenetic processes form a tightly interconnected regulatory network, whereby alterations in one
layer could reverberate through others [30]. Outside of the aging field, general studies of histone
marks and DNA methylation have shown that these layers exert reciprocal effects on one another
[30], driven by direct physical interactions and the shared regulatory activity of DNA
methyltransferases and histone-modifying enzymes [31,32]. In studies of aging, however, each
type of epigenetic mark has been typically analyzed in isolation, without relation to other

epigenetic layers.
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Here, we explore to what extent the lifetime changes seen in DNA methylation and histone
modifications are interrelated. By analyzing epigenetic profiles from hundreds of humans and
mice, we observe that the different epigenetic layers show coordinated changes during aging, with
changes in all layers converging on a common set of genes. We find that an epigenetic clock based
on these genes can predict age using data from any epigenetic layer, with predictions from each

layer agreeing in which individuals are aging more slowly or more rapidly.

Results

Epigenetic layers show coordinated changes during aging

To characterize epigenetic change during aging, we collected histone modification (ChIP-
seq) and DNA methylation (whole-genome bisulfite sequencing; WGBS) profiles from nine
previous studies [33—41]. These 3,491 profiles were drawn from 482 humans and 523 mice with
each individual donor contributing profiles from one or more of seven epigenetic layers across up
to twelve tissues (average 3.5 profiles per donor; Supplementary Fig. 1). Human donors ranged
from cord blood and fetal samples to older adults (0 — 85 years old), while mouse donors spanned
from approximately one week of age to 35 months, collectively covering a broad range of
developmental and aging time points in both species. Each histone profile reflected the proportion
of cells bearing that particular histone modification at each genomic locus. For DNAm, each
profile encoded the percent of cells in the measured tissue for which each CpG was methylated.
To harmonize features across studies, all measured sites within the same gene body were pooled
and their signal averaged to produce a single continuous value per epigenetic layer per gene

(Fig. 1a, Methods).
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Correlating the epigenetic signal in each gene with age, we found that certain epigenetic
layers exhibited more age-related change than others. For H3K27me3, we observed a significant
association of the occupancy of this epigenetic mark with age for 86.3% of human genes, whereas
for H3K9me3, a significant age-association was seen for only 0.1% of genes
(Supplementary Fig. 2a-b). Nevertheless, there was a clear coordination between the age-related
changes among epigenetic layers, with repressive marks H3K27me3, H3K9me3, and DNA
methylation aligned in their direction of change, and activating marks (H3K36me3, H3K4mel)
exhibiting an opposing pattern (Fig. 1b-c¢). Unexpectedly, while H3K27ac and H3K4me3 had
been largely associated with the activation of transcription, in our aging study they showed a
modest but significant trend in the same direction as the repressive marks (Fig. 1¢). Overall, we
found that for 14 of the 21 possible pairs of layers, the direction of age-related change in one layer
anticipated that of another (Fig.1d-i, Supplementary Fig. 3a-d). For instance, DNA
hypomethylation tended to arise at genes that simultaneously lost H3K9me3, whereas genes
accruing H3K9me3 tended to become hypermethylated (Fig. 1d). In contrast, H3K4mel and
DNAm exhibited the opposite relationship, with an increased deposition of one associating with a
loss of the other (Fig. 1e). Collectively, these age-related changes shifted each epigenetic layer
towards a more disordered, higher-entropy state, as has been observed previously for DNA

methylation[5] (Supplementary Fig. 2c¢).

Changes in all epigenetic layers converge upon a common set of genes

We found that the genes exhibiting the strongest associations with age were largely
consistent across epigenetic layers (Fig. 2a). For example, the genes for which DNA methylation

state was most correlated with age were highly likely to be the same genes for which H3K9me3

17


http://paperpile.com/b/p5iGSY/e44Nf
https://docs.google.com/document/d/1RQSyn7cqsAg0fNYdp2-kjYw4yU7gZ54DLeQdGWGGRzg/edit?pli=1#sup_interaction
https://docs.google.com/document/d/1RQSyn7cqsAg0fNYdp2-kjYw4yU7gZ54DLeQdGWGGRzg/edit?pli=1#fig_model_free
https://docs.google.com/document/d/1RQSyn7cqsAg0fNYdp2-kjYw4yU7gZ54DLeQdGWGGRzg/edit?pli=1#fig_model_free
http://paperpile.com/b/p5iGSY/d9BqI
http://paperpile.com/b/p5iGSY/G6k2d

occupancy was correlated with age (29-fold enrichment, p = 2 x 107°%; Fig. 2a). This same
convergence among epigenetic layers was seen in mice (Fig. 2b) involving largely the same genes
as in humans (Fig. 2¢). In both species, the strongest coordination was seen for H3K4me3 and
H3K27ac, although nearly all epigenetic layers showed significant convergence on a common set
of genes. At a false discovery rate (FDR) of 20%, a total of 88 genes exhibited age-related changes
across all seven epigenetic layers (Fig. 2d).

Genes exhibiting the greatest epigenetic repression with age — those that accumulated
repressive marks and lost activating marks — were highly enriched for developmental functions
related to HOX gene expression and organ formation (Fig. 2e, Methods). Such genes included
SOX1, WNT10B, and HOXBS. In contrast, genes with the greatest epigenetic activation with age
were related to MAP kinase signalling pathways (Fig. 2f), including MAP2K2 and MTURN.

Taken together, these analyses (Figure 1, 2) indicated that aging is accompanied by a
coordinated shift in histone modifications and DNA methylation, with both activating and
repressive marks changing together at shared genomic loci. While the direction of change varied
by epigenetic mark, the loci that underwent the largest modifications during aging were conserved
across species, suggestive of an intertwined “pan-epigenetic” process that unfolds over the

lifespan.

Comparison of epigenetic layers in quantitative “clock” prediction of age

Having identified core genes at which aging reflects coordinated changes across epigenetic
layers, we next asked whether these various layers are equally predictive of age. To address this
question, we trained a collection of "single-layer" clocks, each designed to estimate age using

genes as input features, with values of each gene drawn from one particular epigenetic layer
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(Fig. 3a). Of the seven layers, H3K36me3 and H3K9me3 were omitted from clock-related
analyses due to sparse coverage in mice, yielding a total of five epigenetic clock models
(Supplementary Fig. 1¢). Using a cross-validation procedure to assess these models (Methods),
we found that the prediction accuracy varied by epigenetic layer (lowest p: H3K4mel = 0.62;
highest p: DNAm = 0.91, Supplementary Fig. 4a-c). Training single-mark clocks for increasing
numbers of donors revealed that some marks had a greater age-prediction capacity than others,
even when the number of training donors was matched (Supplementary Fig. 4d). As the training
sample size increased, H3K27me3 and DNAm showed the most rapid improvements in model
performance (scaling rate: H3K27me3 = 0.123, DNAm = 0.122; Supplementary Fig. 4d,
Methods), while H3K4mel showed the slowest (H3K4mel scaling rate = 0.058). On the other
hand, each of these single-layer clocks exhibited similar performance whether applied to humans
or mice (Supplementary Fig. 4a-c), suggesting that, like DNA methylation [13,14], histone
modifications follow an evolutionary conserved trajectory of change during aging.

We next compared the results of the single-layer clocks to a "pan-epigenetic" clock
designed to predict donor age from any of the five epigenetic layers analyzed (Fig. 3a, Methods).
This model had an architecture identical to the single-mark clocks but was trained using profiles
from all epigenetic layers. This pan-epigenetic clock accurately predicted age in both humans
(Spearman p = 0.70; Fig. 3b) and mice (Spearman p = 0.81, Fig. 3¢) from any epigenetic mark
(Fig. 3d). Notably, the performance of the pan-epigenetic clock closely matched that of the
separate single-layer clocks in each species (Spearman p = 0.90, p = 3.4 x 107%4; Fig. 3e) and tissue
(Spearman p =0.98, p=3.1 x 107%; Fig. 3f). When we randomized all profiles from one epigenetic
layer during training, the model largely retained the ability to estimate the age of non-randomized,

held-out donors using that particular layer (Fig. 3g, Methods). These results demonstrated that the
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aging signals contained within each epigenetic layer are similar enough to be effectively

represented by a single model, with each layer reinforcing predictions from others.

Different epigenetic layers exhibit synchronized aging rates

If there is a coordinated process driving epigenetic change across layers, individuals
appearing older/younger than their chronological ages according to one layer would likewise
appear older/younger according to other layers. To test this hypothesis, we applied the pan-
epigenetic clock to donors profiled for all five epigenetic modifications (n = 109 human donors).
We found that the degree of over- or under-prediction of chronological age was indeed
synchronized across layers (Fig. 4a-d, Methods). For instance, for individuals whose H3K27ac
profile indicated that they were 1 year older than their chronological age, their H3K4me3 profile
produced an overprediction of 0.5 £ 0.1 years (mean =+ s.d., Fig. 4a). This synchronization of the
rate of epigenetic change between modifications was not limited to associations within histone
marks, with DNAm patterns also yielding age predictions that were significantly associated with
those of histone marks (Fig. 4¢,d).

Reduced methylation age is strongly promoted by chronic caloric restriction [42] (CR),
which has long been known to extend lifespan in many species [43]. We thus evaluated whether
this intervention would likewise slow the progression of age-related changes across the various
layers of the epigenome. Applying the pan-epigenetic clock to tissues from C57BL/6 mice fed a
CR or control diet [33,35], we found that every layer tended to produce younger age predictions
in CR mice, but that these reductions reached statistical significance for only DNAm and

H3K4mel (Fig. 4e-f). Ages inferred from DNAm and H3K4mel profiles of CR mice were on
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average 4.1 and 0.7 months younger than their chronological ages, respectively. Thus, CR appears

to exert a youth-preserving influence on multiple layers of the epigenome.

Discussion

Collectively, our results support three general findings regarding the links between the
multiple epigenetic marks and age. First, epigenetic layers in both humans and mice follow a
shared trajectory of age-related change — converging on the same genomic loci and advancing at
synchronized rates (Figures 1, 2). Second, this coherence allows a single pan-epigenetic clock to
predict chronological age from any layer in either species (Figure 3). Third, within each
individual, the epigenetic age inferred from one mark is echoed by similar age predictions based
on every other mark (Figure 4).

Recent evidence points to extensive interaction among epigenetic regulatory enzymes
[44]. Such crosstalk provides a potential molecular explanation underlying the coordination of
age-related changes we observed across epigenetic layers. For instance, DNA methyltransferase 1
(DNMT1) selectively methylates loci marked by H3K9me3 [45] — aligning with our finding of
age-associated DNAm gains at regions with increasing H3K9me3 (Fig. 1d, g). Similarly, physical
interaction between the histone acetyltransferase p300 and the SET1 family of methyltransferases
promotes cooperative H3K4me3 and H3K27ac deposition [46], which is likewise reflected in our
results (Fig. 1e, h). Notably, the positive correlation between H3K27ac and DNA methylation
during aging is counter-intuitive, given that H3K27ac is canonically associated with
transcriptional activation while DNA methylation at promoters is generally repressive; one
possible interpretation is that H3K27ac does not directly promote DNA methylation, but rather

that both marks are independently recruited to the same genomic loci as part of a coordinated,
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multi-layer epigenetic remodeling program during aging, potentially driven by shared upstream
regulators or chromatin states. Age-related changes impacting one epigenetic layer may
reverberate through the entire epigenetic network, advancing epigenetic age across all layers.
Conversely, a therapeutic intervention that rejuvenates a single epigenetic layer could possibly
restore youthful epigenetic states throughout multiple layers of the epigenome, similar to the effect
we observed in calorically restricted mice (Fig. 4e-f).

As to what are the initial causes of the observed pan-epigenetic alterations, two main
theories have emerged. The first, a developmental or “pseudo-programmatic” model [47], posits
that aging represents a continuation of the epigenetic trajectories established during development.
This view is supported by the remarkable conservation of age-associated epigenetic shifts across
species and the enrichment of these changes for developmental genes [13,14,48]. These patterns
are supported by the present results, in which repressive epigenetic marks converge on genes
governing development, in both mice and humans (Supplementary Fig. 4a). The second theory
— the stochastic drift model — suggests that aging-associated epigenetic alterations arise from the
random accumulation of molecular errors and damage-induced changes throughout the
epigenome. Supporting this theory, computational simulations have demonstrated that much of
the epigenetic change seen during aging can be explained by the random accumulation of
epigenetic alterations [49,50], which may result from DNA damaging events [51,52]. Our
observation of increasing entropy across all layers of the epigenome during aging
(Supplementary Fig. 2¢) dovetails with this second model as well. The two different theories are
not strictly incompatible [53], such that epigenetic aging may arise from both inherited
developmental programs and the accumulation of molecular noise, with the epigenetic crosstalk

reported here amplifying alterations from either source (Fig. 1).
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Some limitations of this study are as follows. First, our results are based on cross-sectional
data: future studies applying longitudinal profiling will be essential to disentangle true age-related
changes from cohort effects. Second, while this study has expanded the palette of epigenetic marks
associated with aging, it is not exhaustive in this respect — inclusion of additional modifications
and histone variants could refine the observed synchrony. Third, despite stringent batch correction
(Methods), differences in the ChIP-seq and WGBS protocols among the studies from which we
drew data may affect our results. Fourth, relative-age scaling relies on imperfect maximum
lifespan estimates which may limit comparability of aging trajectories across species. Fifth,
because the cohort spans a wide age range that includes infant and juvenile donors, the epigenetic
changes captured by our models likely reflect a combination of developmental and aging processes

rather than aging alone.

Online Methods

Histone modification processing. ChlIP-seq narrowPeak files were gathered from six

public datasets — ENCODE, BLUEPRINT, CEEHRC, Signal et al. 2024, Yang et al. 2023, and
Hillje et al. 2022. The locations of autosomal gene bodies in humans and mice were retrieved from
the Ensembl v109 catalogue [54]. Then, for each histone profile separately, the mean narrowPeak
score of all peaks overlapping a given gene was taken as the epigenetic value of that gene, while
genes without any overlapping peaks in that sample were assigned a value of zero. Mouse gene
identifiers were converted to their one-to-one human orthologs via pybiomart [55], placing every
profile in a common human-gene coordinate system. Genes with no overlapping peaks in any
sample were discarded. This procedure yielded gene-level histone modification profiles aligned

between species.
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DNA methylation processing. Whole-genome bisulfite sequencing files were obtained

from six public datasets — ENCODE, BLUEPRINT, CEEHRC, Stubbs et al. 2017, Meer et al.
2018, and Petkovich et al. 2017. CpG sites were intersected with autosomal gene bodies defined
in Ensembl v109 via pybedtools [56]. For each sample, the mean methylation fraction of all CpGs
falling within a given gene was recorded. Genes lacking overlapping CpGs were assigned a value
of zero. Mouse gene identifiers were mapped to their one-to-one human orthologs using pybiomart
[55], placing every methylome on the same human-gene coordinate system.

Integration and normalization of epigenetic layers. Gene-level histone mark and DNA

methylation datasets were first scaled separately. Within each {dataset x epigenetic-mark}
stratum: (1) epigenetic signal values were min—max normalised to the interval [0, 1] and (2) ,
missing values (<0.5% of all values) were imputed as the mean across all other samples. Next, all
datasets, including both histone marks and DNA methylation, were combined. Genes for which
epigenetic values were present in all datasets were retained (n = 17,602). To mitigate inter-study
batch effects, the combined matrix was processed with the empirical-Bayes method from
pyComBat[57,58], using “dataset” as the batch factor and leaving biological covariates
unmodelled. The resulting batch-corrected matrix served as the input for all downstream analyses.

Calculating epigenome entropy. Gene-level epigenetic signal intensities from the batch-

corrected matrix were used to compute Shannon entropy. For each sample, absolute signal
intensities across the 17,602 genes were normalized to sum to one, yielding a discrete probability
distribution. Shannon entropy was then calculated as:

H =32 pixlog, ()
In this calculation p; denotes the normalized value of gene i; genes with zero value were omitted

from the calculation.
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Overlap of age-associated regions across epigenetic layers and species. Within the batch-

corrected matrix, gene-wise associations between chronological age and epigenetic values were
quantified separately for every {species X epigenetic-mark} stratum using Spearman correlation.
Ranking the correlation values by their unsigned magnitude, pairwise overlaps among the 1,000
genes with the strongest age association was computed for all histone-mark combinations within
each species (Fig. 1d-e). The expected overlap under random expectation was taken to be:

2
N top

Expected overlap = Ny, X [ C

Where Ngo, = 1,000 genes and G = 17,602 (the total number of genes). Fold enrichment was
calculated as the observed divided by expected overlap. Statistical significance was assessed with
two-sided binomial tests followed by Bonferroni correction. Concordance between human and
mouse age-associated genes was evaluated analogously (Fig. 1f).

Interaction between age-related changes among epigenetic layers. For each pair of

epigenetic layers 4 and B: (1) the 1,000 genes with the strongest positive (age-increasing set) or
negative (age-decreasing set) age-association (Spearman p) in layer A were selected; (2) the
distribution of Spearman p’s in layer B was extracted for the genes in the age-increasing and age-
decreasing sets of layer 4; (3) the median difference in Spearman p’s between these sets (age-
increasing — age-decreasing) was calculated; and (4) a two-sided Mann—Whitney U test was used
to assess if there existed statistical significance of medians between the distribution of Spearman
p values in the age-increasing vs. age decreasing sets. These p values were Bonferroni-corrected
across all (7 choose 2 =) 21 comparisons (a = 0.05). A significant median difference signified
cross-talk between epigenetic layers, with positive values indicating that genes gaining signal in
layer A with age also tend to gain signal in layer B, whereas negative values denoted opposing
trends (Fig. 1g-i, Supplementary Fig. 3a-d).
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Enrichment analyses. Genes showing the strongest age-associated epigenetic repression

were defined by taking the intersection of the top 1,000 most positively age-associated genes
according to each repressive mark (H3K27me3, H3K9me3, DNAm) and the top 1,000 most most
negatively age-associated genes according to each activating mark (H3K27ac, H3K36me3,
H3K4mel, H3K4me3) in each species (n = 778 genes). The converse was done to define the most
epigenetically activated genes with age (n = 427 genes). Enrichments of these genes for Gene
Ontology Biological Process and Reactome pathways were measured using the Enrichr API via
the gseapy [59] package, testing against the “GO_Biological Process 2023” and
“Reactome Pathways 2024” libraries, respectively. The universe for each test comprised all
genes quantified in the age—correlation analysis. For each gene set (repressed or activated), terms
containing fewer than two genes or with Benjamini—Hochberg—adjusted p-value > 0.05 were
excluded. The Combined Score from Enrichr (log p x z-score) was used as the enrichment metric.

Representation of chronological age. Developmental and aging time points were aligned

between humans and mice by representing the age of each donor as a percentage of the maximum
lifespan of its respective species, as described by Lu et al. 2023 [14]. Briefly, each donor’s age (in
years) was divided by the species-specific maximum lifespan reported in GenAge [60] (120 years
for humans; 4 years for mice) to obtain a unitless relative age between 0 and 1. These values were
then transformed with the negative log—log transformation:

chronological age
maximum lifespan

Scaled age = —log(—log(

The reverse transformation was used to present values in units of years in all figures.
Clock dataset. Epigenetic profiles originating from cell lines, sex-specific tissues (prostate,
breast or other reproductive organs), placenta and any tissue represented by < 50 libraries were

excluded from both model training and evaluation. Calorically restricted samples (n = 298 mice)
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were likewise withheld from model fitting but retained for subsequent inference. Due to their
limited representation in mice (Supplementary Fig. 1¢), H3K36me3 and H3K9me3 profiles were
omitted from all clock construction steps, leaving five epigenetic layers (H3K4me3, H3K27ac,
H3K27me3, H3K4mel, and DNA-methylation). The resulting dataset comprised 2,598 profiles
from 1,005 unique donors.

Single-layer clock training. Five independent gradient boosted decision-tree regressors

[61] were fit — one for each epigenetic layer (H3K4me3, H3K27ac, H3K27me3, H3K4mel and
DNA-methylation) — to predict the age of mouse and human samples. Models used the 17,602
genes retained after layer integration as predictors (see “Integration and normalization of
epigenetic layers”); no additional covariates were included. Training employed stratified ten-fold
cross-validation in which the number of profiles from donors of each age quintile was balanced
across folds, while ensuring that all profiles from the same donor resided in a single fold. Default
XGBoost hyper-parameters were used, and performance was computed over the five held-out
folds.

Pan-epigenetic clock training. The pan-epigenetic clock was likewise an XGBoost model,

trained in an identical way to the single-layer clocks. The same feature set and samples were used.
However, instead of samples from each epigenetic layer being trained on and predicted by separate
clocks, a single model was trained over all profiles.

Permutation analysis of cross-layer learning. To determine whether the pan-epigenetic

clock leverages shared aging information across layers, we retrained the model five times, each
time randomly permuting one epigenetic layer while leaving all others intact. For every sample
belonging to the layer under permutation, we independently randomized the gene-level signal

values among genes within that sample; this preserves the distribution of intensities but destroys
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the correspondence between each gene and its true value. The scrambled matrix was used only in
the training folds, whereas the held-out folds retained the original, non-scrambled values, for
prediction. Using an identical model and cross-validation process, a clock was fit to each permuted
dataset and then its performance was assessed based on its prediction of the non-permuted, held-
out samples.

Scaling rate of age-prediction. Using donors from the CEEHRC, ENCODE, and

BLUEPRINT datasets who had been profiled for multiple epigenetic marks (n = 219 donors),
single-layer clocks were trained on training cohorts of varying size. For each mark, we repeatedly
(ten times) sampled 20 —200 donors in 20-donor increments without replacement, trained a
single-layer clock on each training set exactly as described above, and recorded the age-prediction
accuracy (Spearman p). The scaling rate for a given epigenetic layer was taken as the slope of a
zero-intercept ordinary-least-squares regression of these Spearman p values on the logio-
transformed number of training donors. The log transformation was used as the scaling rate was
nonlinear.

Software. All analyses were performed in Python 3.10. Data analysis was conducted using
Pandas 1.5.3, SciPy 1.10.0, Pingouin 0.5.3 and Statsmodels 0.13.5. Data were visualized with

Seaborn 0.12.1 and Matplotlib 3.7.1.

Data availability

Data can be accessed through the respective publications: Canadian Epigenetics,
Environment and Health Research Consortium (CEEHRC) [41], ENCODE [40], Blueprint [39],
Signal et al. 2024 [38], Yang et al. 2023 [37], Stubbs et al. 2017 [36], Hillje et al. 2022 [35], Meer

et al. 2018 [34], Petkovich et al. 2017 [33].
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Code availability

All custom algorithms and analysis code is in the GitHub repository at

https://github.com/zanekoch/pan-epigenetic-age-prediction.
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Figure 5

a) Workflow for generating gene-level epigenetic features. The mean signal value within each
gene region for profiles from human and mouse donors was calculated, batch corrected, and
normalized across profiles to create a feature matrix.

b) Heatmap of the association (Spearman’s p) between the signal of each epigenetic layer and age
across 17,602 genes (n= 482 human donors). Genes (columns) are ordered by increasing DNA
methylation age-association and colored by the rank of association within each layer, with green
denoting the most negative correlations and orange the most positive.

¢) Heatmap of pairwise Spearman correlations (p) between gene-level age associations for each
epigenetic mark; all correlations were statistically significant (p < 1x107'°, two-sided Spearman
correlation test). Circle size and color representing the strength and direction of correlations.

d) Kernel density estimate (KDE) of Spearman’s p between DNA methylation and age for all
genes (grey) versus the 1,000 genes with the most positive (light color) or most negative (dark
color) H3K9me3 age associations. P-value was calculated based on a two-sided Mann—Whitney
U (MWU) test comparing the distribution DNAm age-association values between the sets of
positively and negatively H3K9me3 age-associated genes.

¢) Similar to (d), but stratifying H3K4mel age-associations based on DNAm levels.

f) Similar to (d), but stratifying H3K4me3 age-associations based on H3K27ac levels.

g-i), For each focal mark — DNAm (g), H3K4mel (h), and H3K4me3 (i) — genes were ranked by
their Spearman age-association (p) according to each of the other epigenetic layers (x-axis) and
split into the 1,000 most positively and 1,000 most negatively associated. Bars show the median
difference in p of the focal mark between these two gene sets. P values (two-sided Mann—Whitney
U test) are shown above each bar; “n.s.” denotes p > 0.05.
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Figure 6

a) Upset plot showing the fold enrichment for the overlap between the top 1,000 most age-
associated human genes (absolute Spearman’s p) for each pair of epigenetic marks compared to
random expectation (n =482 human donors, Methods). (*) indicates p < 0.005 based on a two-
sided binomial test.

b) Similar to (a), but for age-associations calculated in mice (n = 523 mouse donors).

¢) Bar plot depicting the fold enrichment of the top 1,000 age-associated genes for each epigenetic
mark between mice and humans. (*) indicates p < 5.0 x 1073¢ based on a two-sided binomial test.
d) Nested circles representing the number of genes found to be significantly associated with age
in all seven epigenetic layers at three different FDR thresholds (n = 482 human donors). The radius
of each circle is proportional to logio of the number of genes represented by that circle.

e) Gene Ontology Biological Process enrichment scores for genes showing the strongest epigenetic
repression (teal bars, left of zero) versus activation (magenta bars, right of zero) with age.
Processes are ordered by enrichment score on the x-axis, with increased enrichment indicated by
values far from zero. Representative genes contributing to each term are listed alongside each bar.
f) Reactome pathway enrichment plotted as in (e).
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Figure 7

a) Two complementary age-prediction strategies pursued in this study: five “single-mark” clocks
trained to predict age with a single epigenetic modification (left) versus a unified “pan-epigenetic”
clock trained to predict from any of the five marks (right). Donor ages are represented as a
percentage of the species’ maximum lifespan.

b) Scatter plot of predicted versus actual age for human donors (n =482 donors, n = 2,029 profiles)
using the pan-epigenetic clock. Each point represents an individual donor and error bars the
standard deviation of age predictions across samples from each tissue profiled in that donor.
Predictions based on different epigenetic marks are shown in different colors.

¢) Similar to (b) but for mouse donors (n =523 mice, n = 569 profiles).

d) Radar plot comparing the predictive performance (Spearman p) of the pan-epigenetic clock on
samples of each epigenetic modification and species (human: orange polygon, n = 482 donors;
mouse: grey polygon, n = 523 donors).

e) Scatter plot comparing the predictive performance of the single-mark clocks to that of the pan-
epigenetic clock. Each point represents the Spearman correlation between predicted and actual age
for a particular epigenetic mark (indicated by color, same as panel b) in a particular species
(indicated by shape).

f) Spearman correlation between predicted and actual age in each tissue (human: n = 482 donors;
mouse: n = 523 donors). Bars denote the Spearman p across all epigenetic mark types based upon
the pan-epigenetic clock (solid bars) and the single-mark clocks (hatched bars).

g) Heatmap showing the effect of permutation on predictive accuracy of the pan-epigenetic clock.
Each circle denotes the percent change in age-prediction performance (relative to un-permuted)
using the epigenetic mark on the y-axis when the epigenetic mark on the x-axis is randomized
before model training (Methods).
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Figure 8

a) Violin plots comparing age prediction residuals between H3K27ac and H3K4me3 (n = 109
human donors). p, Spearman correlation between the two residuals. P-value denotes significance
calculated by modeling Spearman p’s as a Student’s t distribution. Inner box plots denote median
and interquartile range.

b) Similar to (a), but comparing H3K27me3 and H3K4mel.

¢) Similar to (a), but comparing DNAm and H3K4me3.

d) Correlation matrix illustrating the relationship between age prediction residuals (i.e., partial
correlation; Methods) from the pan-epigenetic clock across five epigenetic modifications (n =109
human donors), with circle size and color representing the strength and direction of Spearman
correlations.

e) Box plots depicting the pan-epigenetic age residuals (in months) from the DNAm of mice under
standard (n = 175 mice) versus caloric restriction (n = 32 mice) diets. Points indicate individual
mice. P value calculated using a two-sided Mann—Whitney U test.

f) Similar to (e), but age predictions made using histone marks (n = 62 CR mice; n = 29 control
fed mice).
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Chapter 3 TEST DREAM COMPLEX ACTIVITY AS A DETERMINANT OF GENOMIC

AGING RATE

Abstract

The DREAM complex has emerged as a central repressor of DNA repair, raising questions
as to whether such repression exerts long-term effects on human health. Here we establish that
DREAM activity significantly impacts lifetime somatic mutation burden, and that such effects are
linked to altered lifespan and age-related disease pathology. First, joint profiling of DREAM
activity and somatic mutations across a single-cell atlas of 21 mouse tissues shows that cellular
niches with lower DREAM activity have decreased mutation rates. Second, DREAM activity
predicts the varied lifespans observed across 92 mammals, with low activity marking longer-lived
species. Third, reduced DREAM activity in Alzheimer’s patients predicts late disease onset and
decreased risk for severe neuropathology. Finally, we show DREAM knockout protects against
mutation accumulation in vivo, reducing single-base substitutions by 4.2% and insertion/deletions

by 19.6% in brains of mice. These findings position DREAM as a key regulator of aging.

Introduction

To protect against the constant barrage of DNA lesions arising from endogenous cellular
processes and exogenous damaging agents, organisms have evolved an extensive network of DNA
repair mechanisms [1]. These mechanisms are especially effective in long-lived species, which
exhibit increased resistance to cellular stresses [2,3], decreased somatic mutation rates [4,5], and
more efficient DNA repair [6]. Elevated DNA repair activity is also present in reproductive

(germline) tissues, yielding mutation rates that are up to 100-fold lower than in the soma [7-9].
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Genomic studies in centenarians have found strong enrichments for specific genetic variants that
activate DNA repair genes [10—12]; conversely, genomic instability is a common feature of nearly
all progeroid diseases [13,14] and has been reported to engender numerous phenotypes of old age
including neuroinflammation [15], type 2 diabetes [16], kidney dysfunction [17,18], and
Alzheimer’s disease (AD) [19-22]. This prioritization of DNA repair in long-lived species,
reproductive tissues, and centenarians underscores the importance of genomic integrity to
longevity and raises questions about how such differences in DNA repair arise.

Recently, a protein complex known as DREAM has been shown to transcriptionally repress
DNA repair pathways in somatic cells, where these pathways are not necessary for reproductive
success [23]. The DREAM complex (named for its subcomponents, Dp, Rb-like-1, E2f, And
MuvB) was originally characterized as a repressor of the cell cycle [24]. It forms as cells enter
quiescence (GO phase), when MuvB is phosphorylated by the dual-specificity tyrosine-regulated
kinase 1A (DYRKIA) [25], leading to DREAM formation and the repression of numerous target
genes [26,27]. To later exit quiescence, the components of the DREAM complex are prompted to
dissociate by the phosphorylation of p130 (RBL2) by cyclin-dependent kinases [24,28], lifting
repression of DREAM targets [26]. Following these cell-cycle studies, the direct targets of the
DREAM complex have been shown to include many genes functioning in DNA damage response
(DDR) [23,29]. Disruption of DREAM in nematode worms, progeroid mice, or human cells
produces resistance to DNA damaging agents [23], whereas cells with an extra copy of DYRKI1A
— and thus greater DREAM activity [30] — show increased levels of YH2AX, a marker of DNA
damage [31].

Collectively, these recent results have extended the role of DREAM from repression of cell

cycle to repression of DDR and its associated functions. Here we seek to determine if the DREAM
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complex not only governs the cell cycle and DNA repair but also hallmarks of aging and longevity
(Fig. 1a). We find that, at the cellular level, DREAM activity associates with somatic mutation
rate; across species, DREAM activity inversely correlates with maximum lifespan; in humans,
diminished DREAM activity predicts later and less severe Alzheimer’s disease pathology; and in
mice, induced DREAM deficiency slows the rate of somatic mutation.

Results
Transcriptional readout of DREAM repressor activity

We selected genes with regulatory regions previously shown to be bound by multiple
components of the DREAM complex through protein-DNA interactions [23,24] (n = 328 genes).
The expression of these DREAM-target genes was used to score DREAM complex activity
(Methods), signed such that low expression corresponds to high DREAM activity (Fig. 1a-b).

The utility of this DREAM activity score was underscored by several observations. First,
in human tissues this score was tightly associated with the protein abundance and modification
status of the DREAM-subunits MuvB and p107/p130, whose phosphorylation status controls
DREAM assembly [28] (Pearson r = 0.70, p = 6.8 x 10715, n = 160 human individuals,
Supplementary Fig. 1a-b, Methods). Second, the score successfully distinguished cells treated
with DREAM complex inhibitors [23], harmine or INDY, from those of control cells (Fig. 1¢).
Third, gene expression analysis of nematode worms with a mutation in /in-52, which causes
defects in DREAM complex assembly, yielded an activity score that was markedly lower than that
of wild-type worms [23] (Fig. 1d). Fourth, increased DREAM activity was associated with lower
expression of the proliferative marker MKI167 [32] across cell types (Spearman p =—0.56, p =4.37
x 107!, n =120 cell types, Supplementary Fig. 1¢) and tissues (Spearman p = —-0.45, p=0.03, n

= 23 tissues, Supplementary Fig. 1d) — as would be expected given the DREAM complex’s role
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as a negative regulator of the cell cycle [24,26]. Collectively, these results suggested that the
DREAM activity score is an informative and specific metric for quantifying the repressive activity

of the DREAM complex.

DREAM activity associates with somatic mutation rate in single cells

We used this DREAM activity measure to study the connection between DREAM and
somatic mutation. For this purpose we analyzed the Tabula Muris Senis dataset (TMS,
Supplementary Table 1) [33], which includes full-length RNA sequencing [34] of single cells
collected from 21 organs in 18 C57BL/6JN mice at young (3 months), middle (18 months), and
old (24 months) age. DREAM activity was scored in the single-cell RNA-seq data of each of
110,824 cells, revealing a broad range of values that varied significantly across organs and
individual mice, and decreased with age (Supplementary Fig. 2a-c).

Somatic mutations were called from the same scRNA-seq data, leveraging a previous
analysis [33] (Methods). Here we observed that the overall burden of somatic mutations increased
with age in nearly every tissue (Fig. 2a), corresponding to rates of mutation ranging from a low of
0.0025 mutations/kb/month (tongue) to a high of 0.0045 (kidney).

Notably, in the vast majority of tissues, cells with high DREAM activity had significantly
greater mutation burdens than those exhibiting low activity (Fig. 2b-e, Supplementary Fig. 2d-
e). For example, kidney cells in the top quintile of DREAM activity, showed a 2.4-fold increase
in somatic mutations per kb compared to cells in the bottom quintile (p = 3.3 x 10#°, n = 180 cells
per quintile, two-sided Mann-Whitney U test). This positive association between DREAM activity
and mutation burden was observed not only at the tissue level but also within individual cell types

within a tissue. For instance, liver hepatocytes with greater DREAM activity had significantly

47



greater mutation burdens at each age (Fig. 2f), and this was the case for the majority of cell types
(Fig. 2g) and tissues (Fig.2h) even when correcting for cell proliferation rate
(Supplementary Fig. 2f-g). In contrast to DREAM target genes, the expression levels of randomly
chosen gene sets were not significantly associated with mutation burden (cell types: p = 2.6 x 10~

32 tissue types: p = 4.86 x 107'4; Fig. 2g-h, Methods).

DREAM activity predicts lifespan and mutation rate across 92 species

To relate these results to lifespan, we scored DREAM activity in the transcriptomes of 92

mammalian species, broadly spanning six taxonomic orders [35] (~3 individuals X 3 tissues per
species, n = 803 samples, Methods, Fig. 3a). Comparing DREAM activity scores to the maximum

lifespan of each species, we observed a strong inverse relationship (Fig. 3b). Negative associations
were observed across all tissues profiled (Fig. 3¢) and became even stronger after controlling for
the adult weight (AW) of each species (Spearman p: liver = —0.59, p = 6.23 x 10724; brain = —0.46,
p = 1.26 x 10713; kidney = —0.30, p = 6.23 x 107%; Fig. 3d, Supplementary Fig. 3a-b).
Furthermore, DREAM activity levels tended to be coordinated across all tissues within a species
(Fig. 3e).

Comparing the DREAM activity of liver, brain, and kidney tissues to previous
measurements of species-specific somatic mutation rates [4] (n = 11 species), we found that
DREAM complex activity in the liver and brain was positively correlated with somatic mutation
rate across species (Liver: p=0.61, p = 6.0 x 107; Brain: p = 0.49, p = 0.008; Kidney: p = -0.31,
p=0.12; Fig. 3f, Supplementary Fig. 3c-g, Methods). Further linking DREAM complex activity
to species-specific DNA repair capacity, we observed that fibroblasts from species with lower

DREAM complex activity exhibited greater resistance to various stress-inducing agents including
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the mitochondrial respiration inhibitor rotenone; the oxidative damage inducing agents cadmium
and paraquat; the alkylating agent methyl methanesulfonate (MMS); UV radiation; and heat (n =
37 cell lines from 6 species [2], Supplementary Fig. 4a-h, Methods). These results indicated that
the amount of DREAM complex activity within a species is associated with the lifespan of that

species, as well as its somatic mutation rate and resistance to DNA damage.

Low DREAM activity protects survival on a high-fat diet

A high-fat diet has been shown to shorten lifespan and induce genomic instability in
multiple species [36-38], associated with an increased burden of oxidative damage and rate of
somatic mutation [39]. Using a large cohort of mice from 50 distinct inbred strains [40] (n = 882
mice, Supplementary Fig. Sa), half fed a high-fat diet (HFD; 60% calories from fat) and half fed
a regular chow diet (CD; 6% calories from fat), we investigated whether strains with lower
DREAM activity were protected from the harms of HFD leading to extended survival.

For each strain and diet, 70% of mice (n = 612 mice) were followed to measure lifespan,
while the remaining 30% were sacrificed and transcriptionally profiled to score DREAM activity
(n = 270 mouse livers). Lifespan and DREAM activity varied greatly across strains (median
lifespan: 704 + 147 days, mean + std; Methods), with HFD mice having markedly shorter lifespans
than CD mice (median survival: HFD = 640 days, CD = 730 days; Supplementary Fig. Sb-f).
Notably, strains with lower DREAM activity had extended survival on the HFD compared to those
with higher DREAM activity (median survival: lowest 20% DREAM activity = 678 days, highest
20% DREAM activity = 578 days; Fig. 4a-b). Controlling for sequencing depth and physiological
factors — including weight, weight gain on diet, and blood lipid levels (Supplementary Fig. S5g,

Methods) — a one standard deviation increase in DREAM activity was associated with a 36%
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increase in risk of death for HFD mice (Hazard ratio = 1.36, p = 9.0 x 104; Fig. 4b). When fed the
CD, there was no significant difference in survival associated with DREAM activity (Hazard ratio
=0.93, p=0.27; Fig. 4b, Supplementary Fig. Sh).

We considered whether the association between DREAM activity and lifespan in the HFD
mice could be confounded by effects of the high-fat diet itself, whereby the diet increased DREAM
activity while decreasing lifespan. However, this interpretation was contradicted by the
observation that the DREAM complex activity of a strain when fed the CD was indicative of the
survival of mice of the same strain when fed the HFD (Spearman p = —0.55, p = 0.002; Fig. 4c¢);
that is, higher CD DREAM activity predicted shortened survival when challenged by the HFD.
Collectively, these findings suggested that inherent differences in DREAM activity determine
resilience to HFD-induced stress, with lower DREAM activity conferring a survival advantage

under metabolic challenge.

DREAM activity is linked to neuropathy and Alzheimer’s disease

We next moved from mice to human samples to test the relevance of our results to diseases
associated with human aging. For this purpose, we applied the SComatic [41] method to identify
somatic single nucleotide substitution mutations in 803,122 single cells profiled using single-cell
RNA sequencing by the Tabula Sapiens [42] and Seattle Alzheimer's Disease Brain Cell Atlas
(SEA-AD [43]) consortia (Fig. 5a, Methods). Cells had been drawn from 11 tissues of 90 human
individuals, including 80 with Alzheimer’s Disease and 10 without disease, with donors ranging
from 33 to 102 years of age (85.2 + 13.5 years, mean =+ std). Somatic mutations accumulated in
tissues at varying rates: from approximately 5 per cell per year in bladder and lung cells, to 10 in

brain cells (Fig. Sb), and 22 in fat cells (Fig. 5S¢, Supplementary Fig. 6a-f). Notably, we observed
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that human cells with the highest DREAM activity in each tissue obtained somatic mutations at
substantially greater rates than the cells with the lowest DREAM activity (Fig. 5d), replicating the
results we found in mice (Fig. 2).

Neuropathological data had been collected at the time of death for Alzheimer’s diseased
individuals (n = 80). We found that increased Braak score (a measure of tau pathology),
Alzheimer’s Disease Neuropathologic Change score (ADNC, a composite measure of amyloid
plaques, neurofibrillary tangles, and neuritic plaques), and somatic mutation burden were all
associated with greater DREAM activity (Fig. Se, Methods). In an independent dataset of post-
mortem brains from individuals with neurodegeneration (Religious Orders Study/Memory and
Aging Project, ROSMAP [44], n = 1,101 individuals), elevated DREAM activity was associated
with earlier AD diagnosis (Fig. 5f). Controlling for covariates, a one standard-deviation increase
in DREAM activity corresponded to a 21% increase in the risk of AD at a given age (HR = 1.21,
p=0.01, Fig. 5g). Unlike DREAM-target genes, the expression of randomly selected sets of genes
did not exhibit a significant association with AD diagnosis risk (mean HR = 1.0,
Supplementary Fig. 6h-i). We also considered that reverse causation was possible: the longer an
individual had AD before death, the lower their DREAM activity would become. However,
DREAM activity was not associated with the duration of AD before death (Supplementary Fig.
6j).

These results indicated that DREAM activity is associated with human dysfunction at
multiple biological scales: somatic mutations at the genomic level, neuropathology at the cellular

level, and Alzheimer’s disease at the organismal level.
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DREAM loss of function reduces mutation accumulation in vivo

Finally, we tested whether DREAM activity is a causal driver of mutation accumulation in
vivo by preventing DREAM complex assembly in mice and quantifying lifetime somatic mutation
burden. We analyzed formalin-fixed (FFPE) brains from DREAM loss-of-function (LoF) [45]
mice (n=4, pl07°® p130~") and littermate controls (n = 5; p107°P p13071, Fig. 6a). At 8 weeks
of age, both groups had received tamoxifen, preventing DREAM assembly only in the DREAM
LoF mice, while littermate controls retained intact DREAM function [45]. Brain tissue was
collected after natural death and profiled for somatic mutations using single-molecule duplex
sequencing (UDSeq, Methods).

Controlling for covariates, we found that DREAM LoF mice exhibited a 4.2% reduction in
single-base substitution (SBS) mutations per cell compared to controls (Fig. 6b, Methods). Across
samples, the operative mutational signatures — distinctive mutation patterns that reflect the
underlying source of somatic mutations [46] — were SBS1, SBS5, SBS30, as well as the
characteristic mutational signature of formalin fixation [47]. SBS1 reflects spontaneous
deamination of 5-methylcytosine and SBSS5 is a ubiquitous clock-like process of uncertain origin
— both are classical age-related signatures — whereas SBS30 is linked to base-excision repair
defects [48]. The proportion of mutations attributed to each mutational signature was not
significantly different between groups, suggesting that loss of DREAM reduces overall
mutagenesis rather than selectively altering a single repair pathway (Fig. 6¢c-d).

We observed that DREAM loss-of-function also conferred protection from insertion and
deletion mutations (ID). Relative to controls, DREAM LoF mice had 19.6% fewer ID mutations

(Fig. 6e-f). The ID mutational spectra also shifted: the prevalence of the ID21 mutational signature
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— 2-4 bp deletions in double-repeats — was significantly reduced in DREAM LoF brains, whereas
ID23 — 1 bp deletions at homopolymer runs — was increased (Fig. 6g). Together, these results
indicated that loss of DREAM activity reduces the lifetime accrual of somatic mutations, spanning

multiple mutation types and mutational processes.
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Discussion

Collectively, our results suggest that the DREAM complex plays a pivotal role in
modulating the rate of DNA damage accumulation, thereby shaping organismal lifespan and the
onset of aging-related pathologies (Fig. 6h). Consistent with a causal role, genetic disruption of
DREAM assembly protects mice from somatic mutation, directly linking DREAM activity to
mutation accumulation in vivo (Fig. 6). These results corroborate, and may help explain, previous
research demonstrating that long-lived species and centenarians possess mechanisms enhancing
genomic stability [6,10—12].

The simplest interpretation of our findings is that when the DREAM complex represses
DNA repair, DNA damage tends to remain unresolved leading to somatic mutation and other
consequences. Some of our experimental data indeed support this model: for instance, loss of
DREAM reduced both SBS and ID mutation rates and reshaped the ID mutational spectrum (Fig.
6, reducing signature ID21 [49]) consistent with enhanced repair of replication-slippage
intermediates. Furthermore, DREAM target genes include those involved in nearly every major
DNA repair pathway [23,24], including MUTYH, NEIL3, and POLD1 (base excision repair
[50,51]); RADS1, XRCC2, and BRCA2 (homologous recombination [52]); XRCC4, PARG, and
MREI11 (non-homologous end joining [53]); and POLQ, PCNA, and USP1 (translesion synthesis
[54]). Simultaneously, unrepaired lesions can give rise to mutations by multiple mechanisms —
such as cytosine deamination in the case of UV-induced cyclobutane pyrimidine dimers [55],
mispairing of oxidized bases during DNA replication [56,57], and error-prone translesion synthesis
at replication forks stalled by DNA damage [58]. Taken together, these observations suggest that

by reducing the expression of DNA repair factors, the DREAM complex allows DNA damage to
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persist, thereby increasing the likelihood that unrepaired lesions will be converted into permanent
mutations through replication or error-prone repair processes.

Long-lived species exhibit a range of adaptations thought to underlie their extended
lifespans, including enhanced DNA repair capacities [2], reduced somatic mutation rates [4,5],
altered metabolic rates [59], and larger body sizes [60]. We observed an inverse association
between DREAM complex activity and species lifespan (Fig. 3), which may be either a cause or
result of such adaptations. By permitting increased expression of DNA repair genes, reduced
DREAM activity in long-lived species could plausibly enhance DNA repair and decrease somatic
mutation rates. This idea aligns with reports of elevated expression of DNA repair genes in long-
lived species [61,62], although structural modifications to the repair factors themselves have also
been implicated in such heightened repair capabilities [6]. Alternatively, reduced DREAM activity
may be a downstream effect of other adaptations that more directly confer extended longevity.
Although the observed relationship between DREAM activity and lifespan does not appear to be
confounded by species size (Fig.3d, Supplementary Fig. 3a-b), the possibility of other
confounding factors, such as lower metabolic rate — or additional, yet unidentified mechanisms —
warrants further investigation.

Within species, we found that elevated DREAM activity was associated with both the
decreased survival of mice fed a high-fat diet (Fig. 4) and earlier onset of AD in humans (Fig. 5),
a pattern potentially explained by heightened genomic damage. Indeed, high DREAM activity
correlated with greater somatic mutation burdens and more severe neuropathology, aligning with
prior evidence implicating DNA damage in age-related diseases [63—65] in general and in

Alzheimer’s disease [66,67] in particular. Nevertheless, we cannot exclude the possibility that in
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these cases DREAM activity is merely a marker of other processes that drive morbidity and
mortality, rather than a direct cause.

Extrapolating from these findings, DREAM inhibition could represent a new therapeutic
approach to prevent or mitigate DNA damage-driven conditions, including aging. Compounds
which disrupt DREAM complex formation [23,68,69] have already shown beneficial effects in
model organisms — reducing oxidative stress [70], preserving bone density [71], enhancing insulin
sensitivity [72,73], and improving cognitive function [74]. Our results suggest that the
upregulation of DNA repair brought about by these DREAM inhibiting compounds may underlie
their therapeutic benefits. While some of these compounds are in early development for human
neurological disorders [75,76], the link between DREAM activity and DNA repair explored here
points to a broader opportunity to use DREAM-modulating therapies to slow or prevent age-related

pathologies in humans.
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Methods

scRNA-seq processing. Each scRNA-seq dataset was processed separately using Scanpy

[77]. First, any cell with fewer than 200 detected genes or more than 10,000,000 total read counts
was removed. Second, any gene detected in fewer than three cells was discarded (using the Scanpy
functions “filter cells’ and “filter genes’). Third, the total read count within each cell was
normalized to 10,000 (‘normalize per cell’), log-scaled (‘loglp’), and then scaled to have a value
between zero and ten (“scale”).

Calculation of DREAM activity. DREAM-regulated genes (n = 328 genes) were defined

as genes with promoters concurrently bound by at least 3 core DREAM complex subunits in a
ChIP-seq experiment targeting LIN9, LIN54, p130, and E2F4 in quiescent human cells [24]. The
Single Sample Gene-Set Enrichment (ssGSEA [78]) of the expression of these genes was
calculated in each RNA-seq or scRNA-seq sample. For datasets in which the expression of one or
more DREAM regulated genes was not detected, the remaining genes were used in the ssGSEA
calculation. The ssGSEA “normalized enrichment score” was regressed against the number of
expressed genes and total count of reads in each cell/sample, to correct for technical variation
arising from sequencing depth [79]. The residuals from this regression (i.e., the normalized
enrichment score corrected for sequencing depth) were inverted and scaled to be positive, making
higher scores correspond to greater DREAM activity (i.e., lower expression of DREAM-regulated
genes). The resulting value was termed “DREAM activity” (Fig. 1).

Proteomic DREAM activity validation. Matched transcriptomic and proteomic data from

the Clinical Proteomic Tumor Analysis Consortium (CPTAC) [80] were used to compare the
transcriptomic DREAM activity score with the abundance and phosphorylation state of LIN52 and

pl07 (RBL1). A total of 160 individuals were included from the clear cell renal cell carcinoma
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(ccRCC) and head and neck squamous cell carcinoma (HNSCC) cohorts; samples in which the
DREAM components were not detected were excluded. Multivariate linear regression was

performed using the model:

DREAM activity ~ tissue type + LIN52 + p107 + LINS52s,g pnosphoryiation

+ 4 10 7phosphorylati0n

where p107,p05phorytation Was the mean phosphorylation across 17 detected phospho-sites on

pl07.

Identification of somatic mutations in sScRNA-seq. For the Tabula Sapiens [42] and SEA-

AD [81] sc/snRNA-seq datasets, SComatic [41] was applied with default parameters to identify
somatic single nucleotide substitution mutations. In brief, first somatic mutations in each “pseudo-
bulked” cell type in each individual were identified, treating variants present in more than one cell
type as germline. Second, somatic mutations in each individual cell were identified and filtered to
include only variants also identified at the “pseudo-bulk” level of the respective cell type. Third,
the count of somatic mutations in each cell was divided by the number of basepairs from which
mutations were called in that cell — due to there being sufficient coverage at these loci — to define
the somatic mutation rate per base pair. Cells without sufficient coverage for mutation
identification in greater than 10 kb were discarded. The approximate number of somatic mutations
per cell was then calculated by multiplying the somatic mutation rate per base pair by the
approximate number of base pairs in the haploid human genome (3.0 x 10°). Finally, the somatic
mutation rate per cell per year was calculated by dividing the number of somatic mutations per

cell by the age of the donor of that cell. For the Tabula Muris Senis dataset, somatic mutations had
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been identified by the original publication [33], and we simply scaled these somatic mutation

burdens to be relative to the number of bases from which mutations were called.

Somatic mutation rate validation. The somatic mutation rate per kb per month, estimated

from scRNA-seq in mouse skin cells (Fig. 2), was compared with a previous estimate of somatic
mutation rates in mouse fibroblasts [7] obtained using the single-cell multiple displacement
amplification (SCMDA) DNA-sequencing method [82]. Milholland et al. [7] found there to be
approximately 4.4 x 10”7 somatic mutations per bp in a 5 day old mouse. We converted this
estimate to be in units of mutations/kb/month, using the average month length of 30.44 days, and
found our estimate of 0.0030 mutations/kb/month to be remarkably similar to this previous

estimate of 0.0027 mutations/kb/month.

4.4x10~7 mutations __ 30.437 days _ 1,000 bp
= 0.0027
5days X 1bp 1 month 1kb

We also compared the mutation rates we identified from human sc/snRNA-sequencing
(Fig. 5) to previous estimates based on DNA sequencing of the same or similar cell types as those
considered in our analyses. This included seven estimates of mutation rates in immune cells
[83,84], three in neurons [83,85], and one in each of muscle satellite cells, skin fibroblasts, and
cells from the bladder urothelium [83]. DNA- and RNA-based mutation estimates were generally
consistent though the rates we now observed were marginally lower (Supplementary Fig. 6b-f).
This difference in mutation rates may reflect that RNA, unlike previous measures from DNA, is
primarily derived from coding sequences which have reduced somatic mutation rates relative to

non-coding sequences due to increased mismatch and transcription-coupled repair [8,86—88].
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Generation of random background distributions. To serve as background distributions for

the association of DREAM activity with somatic mutation rate (Fig. 2g-h), species maximum
lifespan (Fig. 4¢), and age at AD onset (Supplementary Fig. 6h-i), the association between the
expression of random gene sets and these measures was calculated. In each dataset, 500 — 1,000
sets of genes were randomly selected, with replacement, from all genes detected in that dataset.
The number of genes in each of these random sets was defined to be the same as the number of
DREAM regulated genes detected in that dataset (n = 249 for the TMS mouse scRNA-seq, n =
308 for the cross-species RNA-seq dataset, and n = 322 for the ROSMAP human brain RNA-seq).
The “activity” of these random gene sets was then calculated by treating these genes as if they
were DREAM regulated genes and applying the process that was used to calculate DREAM
activity (i.e., ssGSEA followed by sequencing depth correction and inversion, see the ‘Calculation
of DREAM activity’ methods section). Finally, the activity of these random gene sets was
compared to the respective measures of interest and the strength of that association was contrasted
to that of DREAM activity and the measure of interest.

Comparison of lifespan across species. Cross-species comparisons of DREAM activity,

maximum lifespan, adult weight, and somatic mutation rate were conducted using a dataset of gene
expression data (RNA-seq) collected from 3 tissues (brain, liver, kidney) of 92 different species
[35] (n = ~3 samples per species per tissue, n = 803 total samples). We first calculated a
representative DREAM activity for each species in each tissue by averaging the DREAM activity
scores of all individuals of a given species in a tissue. Species with fewer than two sampled
individuals in a given tissue were discarded from comparisons considering that tissue; taxonomic
orders with only a single sampled species were discarded. We examined the association of

DREAM activity with maximum lifespan (ML) using zero-intercept reduced major axis regression
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(RMA, implemented by the pylr2 regress2 function [89]), in each tissue separately (Fig. 4b, c).
Because body size can confound interspecies lifespan relationships [90], we conducted the same
DREAM vs. ML comparison but correcting for adult body weight (AW). To do so, we performed
an allometric regression of each trait (DREAM activity and ML) on logio-transformed AW and
compared the resulting residuals (i.e., partial regression of DREAM activity vs. ML with respect
to AW, Fig. 5d, Supplementary Fig. 3a-b). Finally, integrating a previously published estimate
of somatic mutation rates [4] for a subset of the same species, we performed analogous cross-
species comparisons of DREAM complex activity and somatic mutation rate, both with and
without adjusting for AW (Fig. 4f, Supplementary Fig. 3c-g).

Survival analysis of mouse strains. The Williams et al. [40] dataset consists of 50 distinct

strains of inbred mice split into two cohorts: the “Deeply Profiled Cohort,” which was profiled for
liver gene expression (RNA-seq), blood biomarkers, and the weight of different organs (n = 270
mice); and the “Lifespan Cohort,” which was followed to measure the lifespan of each strain (n =
612 mice). The DREAM activity of each mouse in the Deeply Profiled Cohort was calculated from
the liver RNA-seq. Four strains with highly variable DREAM activity scores across mice were
removed (standard deviation > 0.2). The Deeply Profiled Cohort was used to estimate strain-
specific covariates for use in a Cox proportional hazards model (lifelines CoxPHFitter [91]). This
model was fit to the survival data of the Lifespan Cohort to measure the association of lifespan
with diet (high fat vs. chow diet), DREAM activity, weight, clinical biomarkers, and weight change

(Fig. 4).
survival ~ diet X (DREAM activity + PClyeignt & blood tipias + S€q- depth + Aweight)

Covariates in the Cox model included: the mean DREAM activity value within each strain on each

diet; the mean sequencing depth in each strain, to account for any confounding of DREAM activity
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by differences in sequencing depth between strains; the first principal component (PC1, 25.2% of
variance explained, Supplementary Fig. 5g) from an analysis of normalized clinical biomarkers
and organ weights (variables listed in Supplementary Fig. 5g); diet group (chow or high fat diet);

and change in body weight since starting the respective diet.

Neuropathology vs. DREAM activity. Neurodegenerative pathology was compared with

DREAM complex activity using the SEA-AD [81] dataset, in which snRNA-seq was carried out
on 803,112 brain cells from 83 individuals. Neuropathological assessments, including Thal phase,
CERAD score, and Braak stage, had been conducted for each individual and integrated into an
overall AD neuropathological change score [92] (ADNC). Each variable was binarized into high
(Thal > 3, Cerad < 2, Braak > 4, ADNC > 2) versus low AD risk. Then, linear mixed effect
regression was used to test the association between each of these variables — in addition to APOE
4/4 genotype, age (scaled to units of decades), and the count of somatic mutations per cell (log2
scaled) — and DREAM activity (Fig. Se). These variables were treated as fixed effects, while the
individual identifier was modeled as a random effect, to account for the nested structure of the

data, with multiple cells sampled per individual.

Association of DREAM activity with age at AD diagnosis. The ROSMAP [44] (Religious
Orders Study and Rush Memory and Aging Project) dataset was used to investigate the association
of DREAM activity with the diagnosis of Alzheimer’s disease. In this study, RNA-sequencing
data were collected from multiple brain regions (dorsolateral prefrontal cortex, head of the caudate
nucleus, posterior cingulate cortex, temporal cortex, and frontal cortex) of deceased donors (mean
2.4 £ std 1.0 brain regions per individual, n = 1,105 individuals, n = 2,776 samples). A Cox
proportional hazard model (lifelines CoxPHFitter [91]) was fit to predict the age at AD diagnosis

of these individuals. Age at AD diagnosis was right-censored at 90 years to ensure masking of
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donor identity. The DREAM activity, number of APOE 4 alleles, sex, total RNA sequencing depth,
count of genes with detected expression, and the duration of time between death and tissue
procurement (post-mortem interval) were used as covariates in the model. DREAM activity scores
were Z-score normalized within each brain region and outliers were dropped (samples with
DREAM |Z| > 5). As there were multiple samples from each individual, the model was corrected
for intra-individual correlations through clustered variance adjustment (Fig. 5f-g).

DREAM deficient mice. We leveraged a previous study [45] which had engineered mice

with inactivated DREAM activity. In these mice, DREAM assembly was prevented by combining
a constitutive Rb/I missense allele (p107°P), which disrupts MuvB binding, with tamoxifen-
induced UBC-Cre-ERT?2 deletion of Rb/2. Because either p107 or p130 can scaffold DREAM, loss
of p130 in the p107°P background abolishes assembly of the complex [45]. Control mice were
Cre-negative. At 8 weeks of age, both groups were treated with tamoxifen — this activated the

deletion of gene encoding for p130 (Rbh/2) producing DREAM loss-of-function (LoF) mice
(p107PP p130~/-, n = 5), while the control mice retained intact DREAM activity due to Cre-
negativity (p107°P p130%f, n = 5). Brain tissue was obtained from these mice at death, formalin-

fixed, and paraffin-embedded.

Duplex sequencing (UDSeq) library preparation and sequencing. Formalin-fixed paraffin-

embedded (FFPE) mouse brain tissues (n = 10) were sectioned, stained with hematoxylin and
eosin, and punches containing sufficient nuclei were selected by microscopic inspection. Genomic
DNA was extracted using the QIAamp DNA FFPE Advanced Kit (Qiagen, cat. no. 56704)
according to the manufacturer’s instructions and quantified by Qubit, with 500 ng per sample
normalized to 5 ng/pl for library preparation. Genomic DNA was enzymatically fragmented using

the UltraShear system (M7634L) for 25 minutes, targeting an average fragment size of
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approximately 350 base pairs. The fragmented DNA was then processed using the UDSeq library
preparation workflow with the xGen™ cfDNA & FFPE DNA Library Preparation Kit. All steps
were performed on magnetic beads to minimize DNA loss during purification and enhance library
conversion efficiency. For final library construction, 0.175 femtomoles of UMI-ligated DNA were
amplified via 15 cycles of PCR to incorporate Illumina®-compatible dual index sequences. For
matched normal samples, 5 femtomoles of UMI-ligated DNA from the same source were amplified
using 10 PCR cycles. The resulting universal dual-indexed libraries were sequenced at the UCSD
IGM Genomics Center using a 25B flow cell on the NovaSeq X platform.

Identification of somatic mutations in duplex sequencing data. Sequencing data were

downloaded and analyzed within the Triton Shared Computing Cluster at the San Diego

Supercomputer Center (https://doi.org/10.57873/T34W2R). Somatic mutation calling and

mutational burden analysis were performed using DupCaller 1 (v1.0.1) [93] on UDSeq data with
matched normal samples. Variant Call Format (VCF) files generated by DupCaller were used for
mutational profiling and signature assignment, following our previously established methodology
using the SigProfiler suite of tools. In particular, SigProfilerAssignment was run on the variant
call set, with the entire mouse COSMIC catalog and FFPE signature from Guo et al. 2022 [47]
FFPE signature as the input signatures. Mutations classified as FFPE artifacts were discarded and
remaining mutations were analyzed. For each sample, the raw mutation count in the sequenced
bases was extrapolated to estimate the number of mutations expected if the entire diploid genome
had been covered at sufficient depth, yielding a per-cell equivalent mutation burden (termed

“mutations per cell”).
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Analysis of UD-seq mutation calls. Negative binomial regression models were used to test

for a difference in frequency of single base substitutions and insertion/deletion mutations between

DREAM LoF and control mice. Models of three complexities were compared:

(Model 1) mutation count ~ DREAM status + genomic coverage + read families
Model 2) mutation count ~ DREAM status + genomic coverage + read families + age
) 9 9

(Model 3) mutation count ~ DREAM status + genomic coverage X read families + age

Model 3 showed the best fit across all mutation types as measured by log-likelihood
(Supplementary Fig. 7a-f) and was therefore used for all statistical comparisons of mutation
frequency. For comparisons of the proportional contribution of mutational processes, a binomial
model of the same form was used. One outlier sample — identified by having a Cook’s distance
[94] > 1 and total mutation count |Z-score| > 3 across both mutation classes — was removed
(Supplementary Fig. 7g-i).

Software. All analyses were performed in Python 3.10. Data analysis was conducted using
Pandas 1.5.3, SciPy 1.10.0, Pingouin 0.5.3, and Statsmodels 0.13.5. Data were visualized with
Seaborn 0.12.1 and Matplotlib 3.7.1. No statistical method was used to predetermine sample size,
the experiments were not randomized, and the investigators were not blinded to allocation during
experiments and outcome assessment. Specific statistical approaches used are noted in the
respective methods sections and figure captions.

Data availability

Raw UD-sequencing data can be accessed on the Sequence Read Archive (SRA) at
accession number [To be uploaded before publication]. Other data can be accessed through the

respective publications (see Supplementary Table 1).
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Code availability

All custom algorithms and analysis code are available in the GitHub repository at

https://eithub.com/zanekoch/dream proj.
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Figures

Figure 9

a) The DREAM transcriptional repressor complex is formed in GO following the phosphorylation
of MuvB by DYRKIA. Upon reentry to the cell cycle, the DREAM complex dissociates and
DREAM-target genes can be expressed. Here we explore the relationship between DREAM
activity and somatic mutation, as well as between DREAM activity and rate of aging.

b) Calculation of DREAM activity from target gene expression. Single sample gene set enrichment
analysis (ssGSEA) is used to summarize the mRNA expression values of all detected DREAM
complex target genes (columns, 328 DREAM-regulated genes) in each cell (rows). This ssGSEA
score is then normalized and corrected for sequencing depth to produce a per cell DREAM activity
score (Methods).

¢) U20S cells are exposed to a DREAM complex inhibitor (harmine, INDY') versus control
treatment (harmine control, INDY control). mRNA expression profiles are measured, from which
we compute DREAM activity. Bar heights indicate mean DREAM activity across samples (n = 4
biological replicates), error bars denote 95% confidence intervals, and p-values indicate the result
of two-sided t-tests.

d) Similar to (¢), but showing DREAM complex activity in wild type (WT) vs. lin-52(n771) mutant
C. elegans.
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Figure 10

a) Box plots of the distribution of somatic mutation burden across the cells of each tissue at each
age (n = 110,824 cells, n = 18 mice). Mutation burden is expressed as the mutation count per
callable kilobase (Methods). (***) and (n.s.) indicate p values calculated by modeling Spearman
p’s as a Student’s t distribution, yielding p < 5.0 X 10-19 and p > 0.01, respectively. BAT, GAT,
MAT, and SCAT abbreviate brown, gonadal, mesenteric, and subcutaneous adipose tissue,
respectively. Boxes show inter-quartile range (IQR) with median line; whiskers extend to 1.5 IQR.
b) The somatic mutation burden per kilobase in cells from 18 month old mice (n = 34,027 cells, n
= 4 mice) stratified by DREAM complex activity (highest vs. lowest 20% of DREAM complex
activities within each tissue). Error bars denote 95% confidence intervals. (*) indicates p < 0.0023
(Bonferroni corrected p-value) and (n.s.) indicates p > 0.0023, based on a two-sided Mann-
Whitney test.

¢) Uniform manifold approximation and projection (UMAP) of all cells of all age mice from the
first 12 tissue types in (b) (from the left, n = 42,508 cells, n = 18 mice), colored by cell type and
labeled with tissue of origin.

d) As in (c) but coloring cells by DREAM activity. Cells with the 50% lowest and 50% highest
DREAM activities for age and tissue type are colored orange and purple, respectively.

e) As in (d) but coloring cells by somatic mutation burden per kb. Cells with the 50% lowest and
50% highest somatic mutation burdens for their age and tissue type are colored green and pink,
respectively.

f) Violin plot of the somatic mutation burden in hepatocyte cells (n = 1,162 cells, n = 18 mice)
stratified by age and DREAM complex activity. (***) indicates a significant (p < 5.0 x 10-20)
Spearman correlation between DREAM complex activity and mutation burden within an age
group. Spearman p: 3 months = 0.16, 18 months = 0.30, and 24 months = 0.21.

g) Kernel density plot depicting the distribution of Spearman p’s computed in each cell type (n =
116 cell types, n = 34,027 cells from 18 month old mice, n = 4 mice) between somatic mutation
burden and gene-set activity scores (ssSGSEA, Methods). Purple: DREAM-regulated gene set (n =
248 genes). Gray: 500 random gene sets (n = 248 random genes per set). (***) indicates a
significant (p < 4.86 x 10-'%) difference in Spearman correlation values between groups based on
a two-sided Mann Whitney U test.

h) Similar to (g), but comparing somatic mutation burden and gene expression within tissue types
(n =21 tissue types, n = 34,027 cells from 18 month old mice, n = 4 mice, Methods).

70



Age (monihs)
Hepatocytes (n=1,421 cells)

a 2
B 0.25{ ,,, Age (months)
o e == 3
c . mm 18
g 0.20- e ek *HE PO ek e il . 24
3 i ek
£ 0151
o 0.3 wkk
T 0.104 £
=
E
© 0.05
®
£ 0.001
]
e a 1 (t \; ~¢ A s e
*‘d‘-\e‘l gPs Nag‘“ °\ee R e P@@ \_\qe ‘J\h ie\o\é\eg““ GP‘ d\z SOP' we? \f““%,ha“ “ﬂm e ~le\o\ 5“\‘;5‘\0@9@(@"
b g o @
= *
20.175]
§ 0.150 DREAM complex activity
50.1254 —e— Highest 20%
2 0.100 ——Lowest 20%
ot 1
% 0.0754
o 0.050
T 0.025
$0.0004 . . .
o < 3 3 2 ot o
GP“ q.\dg\a “xago_w;e\"“u%d \es\ .-__-,Q jee W (et OB ot g \,\eﬁ e ‘5““ “\;3\0‘“‘9«0 \,u“?(o(\g\; e .‘\;\‘J“‘“
o
e t\ Tissues (n = 34,027 cells, 18 months) e@
} d DREAM complex activity Mutation burden
ain=, ' ) s Highest 50% Highest 50%
‘ﬂﬁwlm ) - )S% . Lowest 50% V:L(Ing:sstt 50%
g9
£ DREAM complex activity . L
ol == Low E— 3
L0118 - M_edlum Gene sets
e High 2 21 @ DREAM regulated genes
B 0.150 e 1| == Random genes
= [
20425 a,l
£ 0.100 -06 -0.4 -0.2 0.0 02 04 06 08 10
-l% h Association between expression of gene-set and mutation burden (Spearman p)
T o075 ok
=1
E Dos0 é‘ ° Gene sets
ﬁ0.025 @ 49 gmm DREAM regulated genes
£ 0.000 8 2| mmm Random genes
& 0

-0.6 -0.4 -0.2 0.0 0z

0.4
Association between expression of gene-set and mutation burden (Spearman p)

06 08 1.0

71



Figure 11

a) Barplots indicating the average DREAM activity across tissues (liver, kidney, brain),
1/maximum lifespan, and logio adult weight in grams for each species (n = 92 species and 803
samples). Within each taxonomic order, species are sorted by decreasing average DREAM
complex activity.

b) Scatterplot of maximum lifespan vs. DREAM activity measured in the liver (n = 92 species and
241 samples, Methods). Points indicate the mean value of each species, while the orange curve
shows reduced major axis regression line fit to the actual values of all samples. The inner shaded
area indicates one standard deviation from the regression line and the outer the 95% confidence
interval.

¢) Barplots indicating the mean and 99% confidence interval of the Spearman correlation between
1/lifespan and average DREAM activity of each species, in each tissue, iteratively leaving one
species out (n = 92 species). (***) indicates p < 8.23 x 1024 based on a two-sided Mann-Whitney
test.

d) Scatterplot and reduced major axis regression depicting the average adult weight (AW) adjusted
DREAM activity and lifespan of the species in (a) (n = 92 species and 241 liver samples,
Methods). Both axes are shown on a logarithmic scale.

e) Heatmap of the Spearman correlation coefficients comparing DREAM activity scores between
each pair of tissues, across the species and samples in (a). All pairwise correlations are significant
(p < 0.0005).

f) Scatterplot and reduced major axis regression depicting the average AW adjusted DREAM
activity and somatic mutation rate (in the liver and colon, respectively) across species (n = 11
species, Methods).
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Figure 12

a) Kaplan-Meier survival curve of high fat diet (HFD)-fed mice belonging to strains with the
highest vs. lowest 20% of DREAM complex activities (purple vs. pink, n = 119 mice, n = 14
strains). The dark line and shaded area indicate the proportion of mice surviving to a particular age
and the 95% confidence interval of this survival estimate, respectively. Dashed lines indicate the
median survival of each group. P value calculated using a two-sided log-rank test.

b) Dot-and-whisker plot indicating the association of each variable on the y-axis with mouse
survival, for mice fed the HFD (green, n =299 mice) or chow diet (CD) (grey, n = 313 mice). Dots
and whiskers indicate the hazard ratio and 95% confidence intervals from a Cox proportional
hazard model (Methods). (***), (**), and (*) indicate p values, from a two-sided Wald test, of
less than 5.0 x 10, 0.005, and 0.05, respectively.

¢) Scatterplot of mean DREAM activity of each mouse strain on the CD (x axis), compared to the
change in survival when members of that strain are placed on the HFD. n = 29 strains profiled on
both diets; n = 10 mice per diet per strain on average. P value calculated by modeling Spearman
p’s as a Student’s t distribution.
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Figure 13

a) 90 human individuals (80 with AD or neurodegeneration and 10 cognitively normal) were
profiled for mRNA expression in single cells from 11 tissues (n = 803,122 total cells, 73% of cells
were from the brain) as well as neuropathology and cognitive function. Cell type and somatic
mutation profile of each cell were identified from the single-cell mRNA.

b) Scatter plot of the number of somatic mutations per haploid genome (Methods) identified in the
brain of each individual, compared to the age of that individual (n = 77 individuals with > 5,000
sequenced brain cells, n = 589,206 cells). Points and error bars indicate the mean and 95%
confidence interval across all cells from an individual. P value calculated by modeling Spearman
p’s as a Student’s t distribution.

¢) Barplot indicating the mean and 95% confidence interval of the number of somatic mutations
identified in each cell per year within each tissue type (normalized to haploid genome size, n =
803,122 cells, n = 90 individuals).

d) Number of somatic mutations in each cell (normalized to haploid genome size, n = 803,122
cells, n =90 individuals, Methods) stratified by DREAM complex activity (highest vs. lowest 20%
of DREAM activity scores within each tissue). Error bars denote 95% confidence intervals. (***),
(*), and (n.s.) indicate p values from a one-sided Mann-Whitney test of p < 5.0 x 10-17, p <0.005
(Bonferroni corrected p-value), and p > 0.005, respectively.

e) Association of cell or individual-level covariates with DREAM complex activity in neurons (n
= 486,912 neurons, n = 77 individuals). Dots and whiskers indicate the coefficient and 95%
confidence interval from linear mixed effects modelling (Methods). (***), (**), and (*) indicate
p values from a two-sided t-test of p < 5.0 x 103° p < 5.0 x 10, and p < 0.05, respectively.
Covariates with insignificant associations are shown in grey.

f) Kaplan-Meier survival curve comparing the age at AD diagnosis between individuals with the
top and bottom third of DREAM complex activities (purple vs. pink, n = 1,101 individuals). The
dark line and shaded area indicate the proportion of individuals without AD at a particular age and
the 95% confidence interval of this estimate, respectively. P value calculated using a two-sided
log-rank test.

g) Dot-and-whisker plot indicating the association of each variable on the y-axis with age at AD
diagnosis (n = 1,101 individuals). Dots and whiskers indicate the hazard ratio and 95% confidence
intervals from a Cox proportional hazard model (Methods). Asterisks indicate p values from a
two-sided Wald test; (***), p < 5.0 x 1071% and (**), p < 0.01. Covariates with insignificant
associations are shown in grey. Inset: Line plot of the predicted effect of different levels of
DREAM on age at AD diagnosis, holding other factors constant.
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Figure 14

a) Whole brain tissue slices were collected from control mice (p107°P p1307, n = 5) or DREAM
loss-of-function mice (LoF, p107°P p130~-, n = 4). Somatic mutations were identified via duplex
sequencing (UDseq) and somatic variant calling (DupCaller).

b) Single base substitution (SBS) mutations per (diploid) cell in each mouse. Points are
individuals; diamonds and whiskers denote the means and 95% confidence intervals (CI). P value
reflects the association between DREAM status and the count of SBS mutations per cell according
to a negative binomial regression model (Methods).

¢) Log-odds of each SBS signature in DREAM LoF vs. control mice. Error bars indicate 95% CI.
P values indicate significance of association between DREAM status and the proportion of
mutations assigned to each signature from a two-sided binomial model (Methods), with n.s.
corresponding to p > 0.05.

d-e) Proportional contributions of (d) SBS signatures and (e) ID signatures (colored stacked bars)
in each control or DREAM LoF mouse (x axis). The tissue preservation process (FFPE, formalin-
fixed paraffin-embedded) is associated with a distinct SBS mutational signature.

f) Similar to (b), but showing insertion/deletion (ID) mutations.

g) Similar to (c), but for insertion/deletion (ID) mutational signatures. (***) and (n.s.) indicate p
<5.0 x 10 and p > 0.05, respectively.

h) Model for the relationship between DREAM activity and aging phenotypes, in which higher
DREAM activity associates with a faster rate of genomic aging due to repression of DNA repair.
Consistent with this model, short lived species have higher DREAM activity than long lived
species, and individuals with higher DREAM complex activity have accelerated
neurodegeneration.
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