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Ageing is a poorly understood natural phenomenon, charac-
terized by an age-progressive decline in intrinsic physiologi-
cal function1,2. The high variation in disease and functional 

impairment risk among same-age individuals shows that biological 
age is uncoupled from chronological age3–5. Some individuals age 
at faster rates than others, and little is known about the causes of 
this inter-individual variance in biological ageing rates6,7. To this 
end, researchers have been attempting to develop biomarkers of 
ageing4,8. Age estimators based on DNA methylation, also known 
as epigenetic clocks (ECs), are arguably the most accurate molecu-
lar estimators of age3,9–12. An EC is usually defined as a penalized 
regression, where chronological age is regressed on methylation 
levels of individual cytosines13. The EC has been successfully used 
to study human ageing and is becoming increasingly used to study 
ageing in other species14–20.

Age-adjusted estimates of epigenetic age (or epigenetic age 
acceleration) are associated with a host of age-related conditions 
and stress factors, such as cumulative lifetime stress21, smoking 
habits22,23, all-cause mortality24–28 and age-related conditions/dis-
eases13,26,29,30. These associations suggest that epigenetic age is an 
indicator of biological age5,31. In fact, measures of epigenetic age-
ing rates are associated with longevity at the individual level as well 
as across mammalian species6,17. Several studies have presented 
evidence that long-lived species age more slowly at an epigenetic 
level19,20,31–33. The link between epigenetic ageing and biological  

ageing is further reinforced by the observation that treatments 
known to increase lifespan significantly slow the EC15,17.

Longevity is related to body size, but some species have longer 
lifespans than expected based on their body size34,35. Many of these 
long-lived species are able to engage in bouts of torpor36,37. Torpor 
may slow ageing because it is characterized by a dramatic decrease in 
gene expression and metabolic rate38–46. During hibernation, torpor 
bouts are interspersed by short periods of euthermy (<24 h), when 
gene expression occurs and metabolism fully recovers41,47. Some of 
the physiological stresses from the cyclic transition between deep 
torpor and euthermy are similar to the ones experienced by the age-
ing body (for example, oxidative stress), and promote responses in 
cellular signalling pathways that are essential for both longevity and 
torpor survival36,46. Thus, the cellular and molecular stress responses 
associated with torpor–arousal cycles and the long hypometabolic 
periods may suppress aging36,46.

We test the hypothesis that ageing is reduced during hiberna-
tion, which we refer to as the ‘hibernation–ageing hypothesis’. 
Specifically, a species that engages in torpor may periodically 
‘suspend’ ageing, as has been previously suggested36,48,49. With this 
rationale, we predict that epigenetic ageing is faster during the 
active season and slower during hibernation. We test this predic-
tion in yellow-bellied marmots (Marmota flaviventer), which spend  
7–8 months per year hibernating50. Torpor bouts represent 88.6% 
of the yellow-bellied marmot hibernation period, resulting in an 
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average energy saving of 83.3% when compared with the energetic 
expenditure of a euthermic adult50,51.

Results
We estimated epigenetic age from 149 blood samples collected 
throughout the life of 73 females using two approaches: the epi-
genetic clock (EC) and the epigenetic pacemaker (EPM). The 
epigenetic ageing models developed with the EC and the EPM 
approaches were both highly accurate (Fig. 1), showing high cor-
relations between epigenetic and chronological age (Pearson cor-
relation coefficient r = 0.98 and 0.92, respectively). The EC model 
had a median absolute error of 0.381 years and a median relative 
absolute error of 0.084 years, while the EPM model had a median 
absolute error of 0.899 years and a median relative absolute error of 
0.145 years.

Because the effects of season on epigenetic ageing may be non-
linear and potentially cyclical, we used generalized additive mixed 
models (GAMMs) to test the hibernation–ageing hypothesis. The 
GAMM that best explained epigenetic ageing calculated from both 
EPM and EC (Akaike information criterion (ΔAIC) > 2) had the 
fixed effects of chronological age (cubic spline function) and day of 
year (cyclic cubic spline function), and random effect of individual 
identity. Day of year ranged from 1 to 365, with 1 representing 1 May 
and 365 representing 30 April. Details on the model selection results 
can be found in Supplementary Table 4. For the EC epigenetic age, 
this model explained 96.5% of the variation (adjusted R2) and had a 
residual variance of 0.362. The random effect of individual identity 
had no intercept variance. The age spline was significant (effective 
degrees of freedom (e.d.f.) = 3.19, F = 1,278, P < 0.0001) and the 
cyclic spline for day of year was not significant (P = 1). Details of 
this model are described in Supplementary Table 5.

The GAMM fitted to the EPM epigenetic state data explained 
95.5% of the variation and had a residual variance of 0.294. Both 
smooth terms significantly influenced marmot epigenetic state 
(P < 0.005; Table 1). The effects of chronological age and day of year 
result in a particular pattern of epigenetic state change (Fig. 2a), 
where epigenetic state changes more rapidly during the marmots’ 
active season. The partial effect of day of year on epigenetic state 
shows an increase in epigenetic state during the active season and 
suggests a reversal of such changes during hibernation (Fig. 2b). 
Moreover, the rate of epigenetic state increase is the highest in the 
mid-point of the active season. The partial effect of chronological 
age shows that the epigenetic state increases at a higher rate until 
females reach two years old, followed by a deceleration as individu-
als become older (Fig. 2c).

To complement these results, we subsampled our data to the 
11 individuals trapped in consecutive years, with a minimum of 2 
samples in one year and 1 sample in the other year. From this sub-
set, we estimated the rate of EPM epigenetic ageing per individual 
during the active and hibernation seasons. The measures of epi-
genetic ageing per day during the active season were significantly  

higher than during hibernation (Fig. 3, χ2 = 5.132, degrees of 
freedom (d.f.) = 1, P = 0.024). We observed similar trends for the 
average change in methylation levels across all 31,388 CpG sites 
from the mammalian array, suggesting that seasons affect meth-
ylation levels at the epigenome level and may not be restricted 
to age-related sites (Supplementary Information). In this regard, 
hibernation may influence not only epigenetic ageing but also 
other biological processes.

Simulations. We performed two simulation approaches to esti-
mate the type-1 error and the power to detect a hibernation– 
ageing effect in our GAMMs given the limitations of our sample 
collection. Specifically, samples could only be collected during the 
active season, instead of throughout the year. Our earliest sample 
was collected on 27 April and the latest on 20 August. From the 
1,000 GAMMs fitted to data simulated with a seasonal effect, 
75.9% found a significant effect of seasons, indicating high power 
to detect a seasonal effect given the simulated parameters and our 
data structure. From the 1,000 GAMMs fitted to data simulated 
with no seasonal effect, 6.2% had a significant season effect, indi-
cating a slightly higher type-1 error than expected (5%). Based on 
this result from the simulations with no seasonal effect, we calcu-
lated a new critical value for the probability that respects the 5% 
type-1 error rate by estimating the 0.05 quantile of the P-value dis-
tribution from a null model. The 0.05 quantile was 0.0399, which 
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Fig. 1 | epigenetic ageing models for a wild population of yellow-bellied 
marmots. The epigenetic clock (a) and the epigenetic pacemaker (b). 
Points represent samples from individuals of known age at the sampling 
moment (observed age) and the y axis represents the epigenetic age 
calculated by each model. Trend lines were developed by fitting cubic 
splines. Buffers illustrate the 95% confidence intervals.

Table 1 | output from the GAMM using epigenetic states (or epigenetic ages) estimated from ePM models as dependent variable

estimate Standard error t value P value e.d.f. Reference d.f. F Random effect (animal iD)

intercept 5.53 0.09 63.22 <0.0001 0.329

Residual 0.294

Smooth term: agea 
(cubic spline)

<0.0001 7.15 7.15 339.20

Smooth term: dateb 
(cyclic spline)

0.002 1.39 8.00 3.27

aIndividual chronological age in years calculated from the first time an individual emerged from their mother’s burrow to the date they were captured. bDay of the year (values varied from 1 to 365, with 1 
representing 1 May and 365 representing 30 April). t value is derived from the t statistic used in the GAMM to test for the significance of linear terms in the model.
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can be taken as the critical value with which to estimate the sig-
nificance of a seasonal effect. In our second approach, we simu-
lated 1,000 datasets with permuted (randomly assigned) days of 
the year and observed a significant seasonal effect for 6.7% of the 
GAMMs. The adjusted P-value threshold based on this result was 
0.0416. The P value for seasonal effects on the marmot data is 0.002  
(Table 1) and therefore is considered significant. From both 
approaches, we concluded that our results were neither driven by 
our sampling nor by statistical artefact.

Age-related CpGs. In the epigenome-wide association stud-
ies (EWAS) of chronological age, the methylation level of 6,364 
CpGs was significantly (P < 10−5) associated with chronological 
age (Supplementary Table 6). In the generalized additive models 
(GAMs) per site (Supplementary Table 7), the age effect (cubic 
smoother spline) was significant in 6,303 sites, which largely over-
lapped with EWAS of age (Fig. 4d). Significance thresholds were 
set to 1 × 10−5 due to a compromise between the Bonferroni cor-
rection and the Benjamini–Hochberg false-detection rate (FDR). 
The Bonferroni threshold from our data was 1.6e−06 and selected 
5,317 sites from the GAM (age effect) and 5,440 from the EWAS. 
The Benjamini–Hochberg FDR is a less conservative FDR correc-
tion and selected 14,117 sites from the GAM (age effect) and 13,575 
from the EWAS. The threshold used is strict particularly because 
methylation levels are highly correlated among CpGs, and thus the 
analyses per site are not independent. Haghani et al.52 identified 55 
co-methylation modules in the mammalian array, which would lead 
to a threshold of P < 0.001 with a Bonferroni correction.

From the 5,841 sites that overlapped between the EWAS and the 
age effect (GAMs), 66% (3,827 sites) had e.d.f. values larger than  
2 for the age effect in the GAMs. The e.d.f. measures the complexity 
of the curve, and these results suggest that many CpG sites have a 
nonlinear relationship with chronological age (examples in Extended 
Data Fig. 1). Top age-related CpGs in both EWAS and GAMs were 
located on NR2F1 and EVX2 downstream regions (Fig. 4a,b).  

The promoters of EN1 and HOXD10 were also hypermethylated 
with age. Age-related sites uniquely identified by GAMs were proxi-
mal to FAM172A intron (hypermethylated), and hypomethylated in 
both the CSNK1D 3′ untranslated region and HNRNPC intron.

The significant CpGs were located in both genic and intergenic 
regions relative to transcriptional start sites (Extended Data Fig. 2). 
Compared with the background, we observed a higher proportion 
located at promoter regions, where most CpGs were hypermethyl-
ated with age (Extended Data Fig. 2). From the 3,914 CpGs used 
in the enrichment analysis, 396 were located in promoter regions 
and 87% of those were hypermethylated with age. DNA methylation 
(DNAm) ageing in marmots was proximal to polycomb repressor 
complex targets (PRC2, EED) with H3K27ME3 marks (Extended 
Data Fig. 3), which is a consistent observed pattern in all mam-
mals53. The enriched pathways were largely associated with develop-
ment, cell differentiation and homoeostasis. CpG-site annotations 
and detailed enrichment results are available in the supplementary 
material (Supplementary Tables 8–10).

Season-related CpGs. The seasonal effect in the GAMs per site, 
measured with a cyclic cubic spline function of day of the year, was 
significantly associated with methylation in 47 CpG sites proximal 
to 37 genes. Most of the season-related CpGs were also associated 
with age (Fig. 4d). Some of the most significant CpGs for both 
season and age effects in the GAMs are proximal to FILIP1 exon, 
ARHGEF12 intron, ZNF521 intron, JARID2 exon and AHDC1 
intron (Fig. 4c). The most significant CpGs for the season effect 
alone are proximal to AHDC1 intron, MAZ exon, CTNNA1 exon, 
AUTS2 intron and EFNA5 exon (Fig. 4c). The AHDC1 intron 
seems to be an interesting region for further exploration because it 
is proximal to sites solely affected by season, sites only related with 
age and those influenced by both. Mutations in AHDC1 are impli-
cated in obstructive sleep apnoea54, so this gene may play a role 
in sleep processes and potentially hibernation. Since the seasonal 
effect size is smaller and more nonlinear than the age effect (Fig. 2),  
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Fig. 2 | visualization of the GAMM with epigenetic states generated from 
the ePM model using CpG sites highly correlated to chronological age 
(absolute r > 0.7). a, Changes in the epigenetic state (or epigenetic age) as 
individuals age. Points are actual data, while lines are the predictions from 
the model. b, Predictions generated with the partial effect of date of year 
(cyclic cubic smoother spline) on epigenetic state. The black horizontal bar 
represents when samples were collected and most of the marmot active 
season. c, Predictions generated with the partial effect of chronological 
age (cubic smoother spline) on epigenetic state. Buffers illustrate the 95% 
confidence intervals.
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Fig. 3 | epigenetic ageing rate during the active and hibernation seasons 
of 11 yellow-bellied marmots with samples collected in consecutive years. 
Epigenetic ageing rates were calculated using the epigenetic ages from the 
EPM model. The points represent the rate of epigenetic ageing calculated 
for each individual. The individuals with negative rates of epigenetic ageing 
and the individual with the highest rate during the active season are all 
old females (details in Supplementary Information). The box includes 
the rate values in between the first and third quartiles (the 25th and 75th 
percentiles), the horizontal black line represents the median and the 
whiskers extend from the box to the largest or lowest value no further than 
1.5 times the distance between the first and third quartiles.
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our power to identify sufficient season CpGs for enrichment analy-
sis was limited by our sample size and no biological function was 
considered significant.

Discussion
Acquiring chronological-age data from wildlife is a daunting task, 
but age data have fundamental applications to behavioural ecology, 
evolutionary biology and animal conservation7,55. Epigenetic ageing 
models promise to inform age estimates and facilitate ageing research 
in wild and non-model organisms14,18,55. We present new epigenetic 
ageing models for marmots, an excellent animal model to study 
hibernation. We applied a validated platform for measuring methyla-
tion levels (mammalian methylation array56) to a unique collection 
of tissues—blood samples from known-age, free-living animals—to 
investigate how ageing is affected by active-hibernation cycles.

The EPM results showed a rapid change in epigenetic age until 
marmots reached two years old, their age of sexual maturity57,58. 
After reaching adulthood, change in epigenetic age was more lin-
ear and slower, which is similar to the pattern observed in humans 
older than 20 years59. The pattern observed in marmot epigenetic 
ageing is consistent with the notion that methylation remodelling is 
associated with key physiological milestones33. A logarithmic rela-
tionship between methylation change rate and chronological age 
may be a shared trait in mammals, and such a relationship has been 
described for multiple human tissues9,59,60 and some species, includ-
ing dogs33 and mice15.

With regard to active and hibernation seasons, the EC model 
was unable to capture seasonal effects because it uses a penalized 
regression to relate the dependent variable (chronological age) to 
cytosines. The EPM is better equipped to detect nonlinear and 
potentially cyclic patterns because it estimates the epigenetic state 
by minimizing the error between estimated and measured methyla-
tion levels59,61, which allows for a nonlinear relationship of methyla-
tion levels with chronological age. Since ageing rate is not constant 
throughout an individual’s lifespan62,63, the EPM is possibly more 
influenced by factors associated with biological aging61.

According to both analyses that used EPM-estimated epigenetic 
age, biological ageing slows during hibernation. Specifically, the 
clear delay in epigenetic state changes during hibernation supports 
our hibernation–ageing hypothesis. Interestingly, this hypothesis 
does not seem to hold for individuals before sexual maturity. Even 
though we observed a non-significant interaction between chrono-
logical age and day of year, our model predictions indicated a weaker 
deceleration in ageing during hibernation for individuals in their 
first and second years of life (Fig. 2a). Compared with adults, young 
marmots may enter hibernation weeks later64–66, spend less time 
torpid during hibernation and have higher daily mass loss in deep 
torpor50. Indeed, thermoregulatory support from adults increases 
overwinter survival of young alpine marmots67–69. Thus, a weaker 
effect of slowed ageing during hibernation in younger animals may 
be explained by their later hibernation start date in addition to an 
overall higher metabolic rate during hibernation.
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The seasonal trends observed in marmot ageing probably occur 
in other species because molecular and physiological changes during 
hibernation are similar among mammals36,41,47,70. Some indications 
that hibernation slows ageing exist: Turkish hamsters (Mesocricetus 
brandti) that spent more time hibernating lived longer71; black bears 
with shorter hibernation length had higher telomere attrition72 and 
Djungarian hamsters (Phodopus sungorus) frequently using daily 
torpor had longer relative telomere length (RTL)49. RTL was shorter 
in edible48 and garden73 dormice (Glis glis and Eliomys quercinus) 
that spent more time euthermic during hibernation. However, RTL 
measured across the active season was elongated in adult edible 
dormice48 and did not change in garden dormice73, which is con-
flicting with the assumption that individuals would age when active. 
The relationship of RTL with chronological age is not always nega-
tive74–76, and RTL may be more associated with cell senescence than 
cell aging77,78.

Some of the physiological stresses experienced by individu-
als during hibernation are similar to those observed with ageing, 
and therefore the molecular and physiological responses required 
for an individual to successfully hibernate may prevent aging36,46. 
Additionally, hibernation combines conditions known to promote 
longevity36,46,79, such as food deprivation (calorie restriction80–82), low 
body temperature79,83–85 and reduced metabolic rates46. Conceivably, 
these factors may also be associated with the slower marmot ageing 
observed in the beginning and end of their active season (Fig. 2b). 
Marmots in early spring and late fall have limited calorie intake66,86, 
reduced overall activity86–88 and lower metabolic rate89 than during 
summer. This variation in epigenetic ageing rate within the active 
season may occur in other mammals. For instance, free-living arctic 
ground squirrels begin dropping body temperature 45 days before 
hibernation90, 13-lined ground squirrels drop food consumption by 
55% before hibernation91 and some species exhibit short and shal-
low torpor bouts before and after hibernation92.

DNAm ageing in marmots was related to genes involved in sev-
eral developmental and differentiation processes, as has been seen in 
other mammals17,19,55,93. This common enrichment across mammals 
implies an evolutionary conservation in the biological processes 
underpinning ageing. This inference has been further reinforced 
by a recent study developing ECs capable of accurately predicting 
chronological age in distantly related species and, in theory, in any 
mammalian species53. These ‘universal clocks’ for eutherians can be 
used in any tissue sample and are developed from CpG sites located 
in conserved genomic regions across mammals56.

Seasonally dynamic methylation levels were identified in 47 CpG 
sites. Although few CpGs were identified in our analysis per site, the 
effect of season was detected by the EPM algorithm, which repre-
sents methylation changes in all sites correlated (absolute r > 0.7) 
with chronological age59,61. Thus, seasonality probably influences 
many more CpGs in common with ageing than we were able to 
detect. Nevertheless, many of the top season-related sites were prox-
imal to genes with circannual patterns in other species. For instance, 
AUTS2 is differentially expressed across seasons and within hiber-
nation in brown adipose tissue of 13-lined ground squirrels94 and 
its proximal CpGs are differentially methylated in blood and liver 
throughout the reproductive season of great tits95. JARID2 is dif-
ferentially expressed within hibernation in the cerebral cortex of 
13-lined ground squirrels96 and seasonally expressed in human 
peripheral blood mononuclear cells97. RUFY3 is differentially 
expressed between active and hyperphagia phases in the subcutane-
ous adipose tissue of grizzly bears98 and is close to season-related 
CpGs in great tits99. Methylation levels of sites close to FILIP1, 
AHDC1, ARHGEF12, ZNF521, CTNNA1 and AUTS2 vary sea-
sonally in great tits99. ARHGEF12 is also upregulated in songbirds 
exhibiting migratory behaviour100. The expression of these genes 
may thus be of some importance to species with seasonal behaviour, 
including in hibernating and non-hibernating species.

In sum, we observed a substantial deceleration in epigenetic age-
ing during hibernation. While hibernation may increase longevity 
by protecting individuals from predators and diseases37, we suggest 
that the biological processes involved in hibernation are impor-
tant contributors to the long lifespan seen in most hibernators. A 
mechanistic understanding of the anti-ageing properties of hiber-
nation will be further advanced by the exploration of the intra- and 
inter-specific variation in torpor use (for example, length and fre-
quency of torpor–arousal cycles50,101–104) and the many survival strat-
egies associated with metabolic rate depression (for example, anoxia 
and freeze tolerance47,105,106). Since metabolic depression is reached 
through similar molecular and biochemical patterns across the ani-
mal kingdom107, ageing may be moulded by these life history traits 
by similar evolutionary pathways. Longevity is a key component of 
individual fitness, therefore improved understanding of the path-
ways linking hibernation and ageing has multiple potential applica-
tions, including for species unable to enter torpor. In addition to 
the potential biomedical36,46 and space exploration108 implications, 
studying torpor in multiple species can provide new insights into 
the mechanisms of ageing and the reasons for variation in biological 
ageing rates among individuals and species.

Methods
All samples were collected as part of a long-term study of a free-living population 
of yellow-bellied marmots in the Gunnison National Forest, Colorado (USA), 
where marmots were captured and blood samples collected biweekly during their 
active season (May to August109). Data and samples were collected under the 
University of California, Los Angeles (UCLA) Institutional Animal Care and Use 
protocol (2001-191-01, renewed annually) and with permission from Colorado 
Parks and Wildlife (TR917, renewed annually). Individuals were monitored 
throughout their lives, and chronological age was calculated based on the date 
at which juveniles first emerged from their natal burrows. We only used female 
samples because precise age for most adult males is unavailable since males are 
typically immigrants born elsewhere57,110. We selected 160 blood samples from 78 
females with varying ages.

Genomic DNA was extracted with Qiagen DNeasy blood and tissue kit and 
quantified with Qubit. DNAm profiling was performed with the custom Illumina 
chip HorvathMammalMethylChip40 (ref. 56). This array, referred to as mammalian 
methylation array, profiles 36,000 CpG sites in conserved genomic regions across 
mammals. From all probes, 31,388 mapped uniquely to CpG sites (and their 
respective flanking regions) in the yellow-bellied marmot assembly (GenBank 
assembly accession: GCA_003676075.2). We used the SeSaMe normalization 
method to estimate methylation levels (β values) for each CpG site111.

We used two different unsupervised hierarchical clustering procedures 
to identify technical outliers. The first clustering procedure was based on 
imputed single nucleotide polymorphisms (SNPs). Toward this end, we used 
MethylToSNP v.0.99.0 (ref. 112) to identify CpG sites that corresponded to 
SNPs. The SNP data were used for unsupervised hierarchical clustering based 
on Euclidean distances. Branches (clusters) of the cluster tree corresponded 
to multiple samples from the same animal. This allowed us to identify a small 
plate map error probably caused by human pipetting error. To err on the side 
of caution, we removed putative plate map errors from the dataset. Second, 
we carried out average linkage hierarchical clustering based on the inter-array 
correlation to identify technical outliers due to an insufficient amount of DNA. 
The DNAm profiling from 149 samples passed quality control. These samples 
were collected from 73 females (1 to 8 samples per individual) with ages varying 
from 0.01 to 12.04 years.

Two model approaches were used to study epigenetic ageing in marmots: the 
epigenetic clock9,10 and the epigenetic pacemaker59–61,113. Both models are described 
below.

Epigenetic clock. Under the EC, a linear correlation with age is determined by 
attempting to fit a single coefficient to each CpG site. We fitted a generalized linear 
model with elastic-net penalization114 to the chronological-age and β-value datasets 
using the glmnet v.4.0-2 package in R115. α was set to 0.5, which assigns ridge and 
lasso penalties with the same weight. The elastic-net penalization limits the impact 
of collinearity and shrinks irrelevant coefficients to zero. This method estimates 
coefficients that minimize the mean squared error between chronological and 
predicted ages and performs an automatic selection of CpG sites for age prediction. 
We applied a 10-fold cross validation to select the model with lowest error based on 
the training set. Predicted ages were scored for samples not included in the training 
set of the model. In this respect, the predicted age was estimated for groups of 
~14 samples, resulting in 11 EC models using a total of 360 sites (Supplementary 
Table 1). We also report the coefficient per site, intercept and λ (the regularization 
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parameter value with minimum mean cross-validated error) from the EC using all 
data as the training set (Supplementary Table 2).

Epigenetic pacemaker. While ECs are used to estimate the age of a sample 
based on weighted sums of methylation values, the EPM models the dynamics 
of methylation across the genome. To accomplish this, it models each individual 
CpG site as a linear function of an underlying epigenetic state of an individual. 
This epigenetic state changes with time in a nonlinear fashion and can therefore 
be used to identify periods with variable rates of methylation changes throughout 
lifespan. The EPM assumes that the relative increase/decrease in rate of 
methylation levels among sites remains constant, but the absolute rates can be 
modified when rates at all sites change in synchrony59,61,113. The optimum values 
of methylation change rate and initial methylation level per site, as well as the 
epigenetic state per sample, are calculated through iterations implemented in a 
fast conditional expectation maximization algorithm116 to minimize the residual 
sum of squares error between known and estimated methylation levels (β values). 
Thus, the epigenetic state is an estimate of age that, given the methylation rates 
and initial methylation levels for each site, minimizes the differences between 
known and estimated methylation levels in a specific sample for all sites included 
in the model. We selected sites to use in the EPM v.0.0.3 based on the absolute 
Pearson correlation coefficients (r) between chronological age and methylation 
levels per site59,61. All sites with absolute r > 0.7 were included, which resulted in 
309 sites. A 10-fold cross validation was used to estimate epigenetic states. We 
report the rate and intercept values per site from the EPM using all data as the 
training set (Supplementary Table 3).

Hibernation–ageing hypothesis. We performed model selection based on the 
Akaike information criterion for GAMMs fitted to the EPM- or the EC-estimated 
epigenetic-age datasets. For each epigenetic-age dataset, eight GAMMs with 
different fixed effects were compared: (1) chronological age and day of year; (2) the 
interaction between chronological age and day of year; (3) cubic spline function 
for chronological age and day of year; (4) chronological age and a cubic spline 
function for day of year; (5) chronological age and a cyclic cubic spline function 
for day of year; (6) cubic spline function for chronological age and a cubic spline 
function for day of year; (7) cubic spline function for chronological age and a cyclic 
cubic spline function for day of year and (8) the interaction (using tensor product 
interaction) between a cubic spline function for chronological age and a cyclic 
cubic spline function for day of year. Individual identity was added as a random 
effect in all models. Day of year ranged from 1 to 365, with 1 representing 1 May 
and 365 representing 30 April.

We used two simulation approaches to estimate the type-1 error and the power 
to detect a hibernation–ageing effect given the limitations of our sample collection. 
Specifically, blood samples could only be collected during the active season, instead 
of throughout the year. Our earliest sample was collected on 27 April and the  
latest on 20 August. In our first approach, we simulated two traits (Extended Data  
Fig. 4): (1) a trait that increases linearly with age independently of the season and 
(2) a trait that increases during the summer but not during the winter. The daily 
rate of increase for the first trait was set at 0.004, to simulate data with a similar 
range to the observed EPM data. For the second trait, the rate of increase was set to  
0 during winter (16 September to 17 April, days 139–352 using 1 May as reference). 
The simulation assumed that the active season was 150 days long starting on  
18 April (day 353) and finishing on 15 Sept (day 138). The rate of increase during 
the active season was set as 0.0164 (0.004/365 × 150) so that the annual rate 
of increase was similar between the two simulated traits. Our simulation was 
parametrized using among-individual and residual variance from the EPM.  
We performed these simulations using field data (day of sample collection, age 
in days, birth date and number of samples) and estimated the significance of the 
seasonal effect with the GAMM that best explained the marmot data (model 
selection described above). We repeated this procedure 1,000 times for both traits. 
The proportion of simulations on trait 1 (no seasonal effect) that were significant 
indicated our type-1 error. The proportion of simulations on trait 2 (seasonal 
effect) that were significant was an indication of the power to detect this effect.  
In the second approach, we simulated 1,000 datasets where day of year was 
randomly shuffled. The type-1 error was estimated as the proportion of simulations 
with significant seasonal effects in the GAMMs.

We evaluated GAMMs by checking convergence, concurvity between fixed 
effects and the autocorrelation of deviance residuals. We also checked model 
fit by plotting response versus fitted values and visually inspected qq plots and 
histograms of deviance residuals, plots of deviance residuals with fitted values 
and plots of deviance residuals with explanatory variables. GAMMs were fitted 
and checked using the gamm4 R package v.0.2-6 (ref. 117). All analysis and figures 
were developed in R v.3.6.3 (ref. 118) in RStudio v.1.2.5033 (ref. 119), python v.3.7.4 
(ref. 120), Jupyter notebook v.6.0.3 (ref. 121), ggplot2 v.3.3.0.9 (ref. 122) and ggpubr 
v.0.2.5 (ref. 123).

To complement the results from the GAMMs, we subsampled our data for the 
individuals with samples collected in consecutive years. We further restricted this 
subset for the cases where two or more samples were collected in one year (that 
is, active season intervals) and at least one other sample in the other year (that 
is, hibernation intervals). To measure the active EPM epigenetic ageing rate, we 

subtracted the EPM epigenetic age of the earliest sample from the latest sample 
in the active season, and divided by the number of days in between the sampling 
dates. To measure hibernation EPM epigenetic ageing rate, we subtracted the EPM 
epigenetic age of the latest sample before hibernation from the EPM epigenetic 
age from the first sample collected after hibernation, divided by the number of 
days between the collection events. The significance of the difference between the 
epigenetic ageing rate during the active and hibernation seasons was estimated 
with Kruskal–Wallis rank sum test.

Influence of chronological age and seasons on methylation levels per CpG site. 
We performed additional analyses to identify which CpG sites were associated with 
age and seasonality. We fitted a GAM per CpG site with the mgcv R package v.1.8 
(ref. 124), where methylation level was the dependent variable. The independent 
variables were a cubic spline function for chronological age and a cyclic cubic 
spline function for day of year.

Since EWAS have been more commonly used to identify CpG sites related to 
chronological age, we performed a linear regression per CpG site with lmerTest 
v.3.1-3 (ref. 125). Each model had methylation level as dependent variable and 
chronological age as independent variable.

CpG-site enrichment analysis. Gene enrichment was performed with 
the Genomic Regions Enrichment of Annotations Tool v.3.0.0 (GREAT 
hypergeometric test126). GREAT analyses the potential cis-regulatory role of the 
non-coding regions with CpG sites of interest, and identifies which pathways are 
overrepresented in the data. To associate CpGs with genes, we used the ‘Basal plus 
extension’ association with a maximum window distance between the CpG and the 
genes of 50 kb. GREAT tests the observed distribution of CpG neighbouring genes 
against the expected number of sites associated with each pathway due to their 
representation in the mammalian array (background set). Since GREAT requires 
a high-quality annotation, we used the respective locations of the marmot sites on 
the human assembly (GRCh37), and therefore only used sites mapped to conserved 
genes between marmots and humans. The background set included 19,695 sites. 
Two datasets were analysed: sites associated with chronological age and with day 
of year. The alignment and annotation methods are described in the mammalian 
methylation array method paper56.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.
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Extended Data Fig. 1 | examples of CpG sites where methylation levels are non-linearly related with chronological age. Each plot includes the site 
identification in the Mammalian array and its location relative to the closest transcriptional start site. The CpG sites coordinates were estimated based 
on the alignment of Mammalian array probes to yellow-bellied marmot (Marmota flaviventer) genome assembly. Trend lines represent the GAM smooth 
function. R and p-values are based on the Pearson correlation of the CpGs’ methylation level and age in marmots.
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Extended Data Fig. 2 | location of CpG sites relative to the closest transcriptional start site. The CpG sites coordinates were estimated based on the 
alignment of Mammalian array probes to yellow-bellied marmot (Marmota flaviventer) genome assembly. A,B) CpGs associated with chronological 
age. C) CpGs associated with seasons (day of the year). D) Location of the Mammalian array probes mapped to the yellow-bellied marmot genome. The 
direction of associations with chronological age is highlighted (p < 10-5) with orange for hypermethylated and blue for hypomethylated sites. Note that the 
season effect is cyclical, and we show the direction of association with chronological age for the active season.
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Extended Data Fig. 3 | enrichment analysis of the top ageing-related CpGs in yellow bellied marmots (Marmota flaviventer). The analysis was done 
using the Genomic Regions Enrichment of Annotations Tool (GREAT). The gene level enrichment was done using human GRCh37 background. The 
background probes were limited to 19,695 probes that were mapped to the same gene in the marmot genome. The top 3 enriched datasets from each 
category (Canonical pathways, gene ontology, mouse phenotype, and upstream regulators) were selected and further filtered for significance at p < 10−3. 
Only terms with more than 5 foreground genes and at least 23 background genes were included.
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Extended Data Fig. 4 | visualization of the simulated patterns of epigenetic ageing. We simulated two traits: a linear trait (first row) that increases 
linearly with age independently of the season; and a seasonal trait (second row) that increases during the active season but not during the hibernation. 
For each trait we show the raw simulated data, the prediction from the GAMM fitted to the simulated data, and the predictions of the partial effects of 
chronological age and season from the model.
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Study description We tested the hypothesis that aging is suspended during hibernation in a well-studied population of yellow-bellied marmots 
(Marmota flaviventer), which spend 7-8 months per year hibernating. We used two approaches to estimate epigenetic age: the 
epigenetic clock and the epigenetic pacemaker. Variation in epigenetic age of 149 samples collected throughout the life of 73 
females was modeled using generalized additive mixed models (GAMM), where season (cyclic cubic spline) and chronological age 
(cubic spline) were fixed effects.

Research sample All samples were collected as part of a long-term study of a free-living population of yellow-bellied marmots in the Gunnison National 
Forest, Colorado (USA), where marmots were captured and blood samples collected biweekly during their active season (May to 
August). Individuals were monitored throughout their lives, and chronological age was calculated based on the date at which 
juveniles first emerged from their natal burrows. We only used female samples because precise age for most adult males is 
unavailable since males are typically immigrants born elsewhere. 

Sampling strategy We selected 160 blood samples from 78 females with varying ages. From these, DNA methylation profiling passed quality control for 
149 samples from 73 females with ages varying from 0.01 to 12.04 years. We used two simulations approaches to estimate the type 
1 error and the power to detect a hibernation-ageing effect given the limitations of our sample collection. Specifically, blood samples 
could only be collected during the active season, instead of throughout the year. Our earliest sample was collected on 27 April and 
the latest on 20 August. In our first approach, we simulated two traits (Figure S1): (1) a trait that increases linearly with age 
independently of the season; and (2) a trait that increases during the summer but not during the winter. The daily rate of increase for 
the first trait was set at 0.004, to simulate data with a similar range to the observed EPM data. For the second trait, the rate of 
increase was set to zero during winter (16 Sept to 17 April, days 139-352 using 1 May as reference). The simulation assumed that the 
active season was 150 days long starting on 18 April (day 353) and finishing on 15 Sept (day 138). The rate of increase during the 
active season was set as 0.0164 (0.004 / 365 * 150) so that the annual rate of increase was similar between the two simulated traits. 
Our simulation was parametrized using among-individual and residual variance from the EPM. We performed these simulations using 
field data (day of sample collection, age in days, birth date, and number of samples), and estimated the significance of the seasonal 
effect with the GAMM that best explained the marmot data (model selection described above). We repeated this procedure 1,000 
times for both traits. The proportion of simulations on trait 1 (no seasonal effect) that were significant indicated our type 1 error. The 
proportion of simulations on trait 2 (seasonal effect) that were significant was an indication of the power to detect this effect. In the 
second approach, we simulated 1,000 data sets where day of year was randomly shuffled. The type 1 error was estimated as the 
proportion of simulations with significant seasonal effects in the GAMMs.

Data collection Since the data came from a long-term study, many generations of postdoctoral researchers, grad students, research assistants and 
undergrads have collected samples. Since 2002, Professor Daniel Blumstein has been the leader of the project, and all members of 
the field team are trained on animal trapping, sample collection and animal observation prior to starting field activities. 

Timing and spatial scale The samples used in this manuscript have been collected from 2004 to 2018. The free living yellow-bellied marmots in the Gunnison 
National Forest, Colorado (USA), are studied every year from May to August.

Data exclusions We selected 160 blood samples from 78 females with varying ages. We used two different unsupervised hierarchical clustering 
procedures to identify technical outliers. The first clustering procedure was based on imputed SNPs. Toward this end, we used 
MethylToSNP v.0.99.0 to identify CpG sites that corresponded to SNPs. The SNP data was used for unsupervised hierarchical 
clustering based on Euclidean distances. Branches (clusters) of the cluster tree corresponded to multiple samples from the same 
animal. This allowed us to identify a small platemap error probably caused by human pipetting error. To err on the side of caution we 
removed putative platemap errors from the data set. Second, we carried out average linkage hierarchical clustering based on the 
inter-array correlation to identify technical outliers due to an insufficient amount of DNA. The DNAm profiling from 149 samples 
passed quality control. These samples were collected from 73 females (1 to 8 samples per individual) with ages varying from 0.01 to 
12.04 years.
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Reproducibility All the DNA methylation data, detailed sample information, and code have been made available. 

Randomization The order in which blood samples have been extracted for DNA and analyzed with the methylation array have been randomized. 

Blinding DNA extraction and methylation array have been performed by individuals without knowledge about the samples.

Did the study involve field work? Yes No

Field work, collection and transport
Field conditions The study was performed in a highly seasonal environment, where marmots hibernate from 7 to 8 months per year. Individuals 

reside in either ‘up-valley’ or ‘down-valley’ colonies that differ by an elevational gradient of 165 m.

Location The wild population of yellow-bellied marmots is located in and around the Rocky Mountain Biological Laboratory (38°57’N, 106°
59’W; 2900 m elevation) in Colorado, USA.

Access & import/export The field site is located in a National Forest, and it is accessible by car, bike or foot. Data and samples were collected under the UCLA 
Institutional Animal Care and Use protocol (2001-191-01, renewed annually) and with permission from the Colorado Parks and 
Wildlife (TR917, renewed annually). 

Disturbance We prioritize animal wellbeing by minimizing the time individuals spend within traps, particularly in warm days. In areas close to trails 
used by park visitors, one member of the team monitors the traps to avoid any interaction between dogs and trapped animals. The 
traps are removed from animals' path when they are not being used.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Human research participants

Clinical data

Dual use research of concern

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Animals and other organisms
Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals The study did not involve laboratory animals.

Wild animals All samples were collected as part of a long-term study of a free-living population of yellow-bellied marmots (Marmota flaviventer). 
Trapping sessions occur biweekly from May to August (details in Blumstein et al., 2016). We trapped marmots with Tomahawk live 
traps (Tomahawk Live Trap Co., Tomahawk, WI) baited with Purina Omolene 100 Horse Feed (Purina Mills, LLC, Gray Summit, MO). 
All marmots are given two uniquely numbered metal ear tags (Monel self-piercing fish tags #3, National Band and Tag, Newport, KY, 
United States) for permanent identification and their dorsal pelage is marked with black Nyanzol fur dye to enable identification from 
afar (Blumstein 2013). We recorded individual sex, time and date of capture, and collected blood samples based on protocol 
approved by UCLA Institutional Animal Care and Use protocol (2001-191-01, renewed annually) and the Colorado Parks and Wildlife 
(TR917, renewed annually). Our goal was to minimize animal handling time. All handling was performed at the site of capture and no 
anesthesia was used, so animals were released shortly after handling. 
 
Weather permitting, we performed daily behavioral observations during times of peak activity (0700-1000, and 1600-1900 h; 
Armitage, 1962). Observers used binoculars and 15-45x spotting scopes (Blumstein et al., 2009; Yang et al., 2017) to record individual 
identity and location. 

Field-collected samples We used 149 blood samples from 73 females with ages varying from 0.01 to 12.04 years. Samples were collected at the capture site 
and animals were released shortly after sample collection.

Ethics oversight  UCLA Institutional Animal Care and Use protocol (2001-191-01, renewed annually) and Colorado Parks and Wildlife (TR917, renewed 
annually).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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