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1  |  INTRODUC TION

Age is a key characteristic for any organism, with numerous bio-
logical processes from immune maturation to reproduction being 

age related (Georgountzou & Papadopoulos, 2017). Yet, measuring 
age in wild individuals can be challenging as date of birth is often 
unknown. Classic methods for assessing age in wild animals are 
often inaccurate (e.g. body size) or destructive (e.g. eye lens weight), 
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Abstract
Age is a key parameter in population ecology, with a myriad of biological processes 
changing with age as organisms develop in early life then later senesce. As age is 
often hard to accurately measure with non-lethal methods, epigenetic methods of age 
estimation (epigenetic clocks) have become a popular tool in animal ecology and are 
often developed or calibrated using captive animals of known age. However, studies 
typically rely on invasive blood or tissue samples, which limit their application in more 
sensitive or elusive species. Moreover, few studies have directly assessed how meth-
ylation patterns and epigenetic age estimates compare across environmental contexts 
(e.g. captive or laboratory-based vs. wild animals). Here, we built a targeted epige-
netic clock from laboratory house mice (strain C57BL/6, Mus musculus) using DNA 
from non-invasive faecal samples, and then used it to estimate age in a population of 
wild mice (Mus musculus domesticus) of unknown age. This laboratory mouse-derived 
epigenetic clock accurately predicted adult wild mice to be older than juveniles and 
showed that wild mice typically increased in epigenetic age over time, but with wide 
variation in epigenetic ageing rate among individuals. Our results also suggested that, 
for a given body mass, wild mice had higher methylation across targeted CpG sites 
than laboratory mice (and consistently higher epigenetic age estimates as a result), 
even among the smallest, juvenile mice. This suggests wild and laboratory mice may 
display different CpG methylation levels from very early in life and indicates caution is 
needed when developing epigenetic clocks on laboratory animals and applying them 
in the wild.
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raising ethical concerns and preventing longitudinal studies. An 
alternative approach for measuring the age of wild individuals re-
lies on the measurement of epigenetic marks in particular genomic 
regions. Specifically, at some CpG sites (cytosines followed by a 
guanine; Moore et  al.,  2013), the proportion of methylated cyto-
sines appears to change linearly with age. DNA methylation can 
influence biological ageing through various molecular mechanisms, 
including repression of chromatin state and promotor silencing 
among others (Moore et al., 2013). Together these CpG sites with 
age-related methylation patterns can be used to derive an ‘epigen-
etic clock’. An epigenetic clock, trained using samples from individ-
uals of known age, can then be used to predict age in individuals 
of unknown age. Such epigenetic clocks can provide a more accu-
rate estimate of chronological age among wild animals than visible 
characteristics (Larison et al., 2021; Mayne et al., 2022). Epigenetic 
clocks have now been developed for a wide range of animal spe-
cies including baboons, chimpanzees, humpback whales, wolves, 
green turtles and zebras (Anderson et al., 2021; Bors et al., 2021; 
De Paoli-Iseppi et  al., 2017; Fairfield et  al., 2021; Ito et  al., 2018; 
Jarman et al., 2015; Larison et al., 2021; Mayne et al., 2022; Pinho 
et  al.,  2022; Polanowski et  al.,  2014; Sullivan et  al.,  2022; Tangili 
et al., 2023; Thompson et al., 2017; Wilkinson et al., 2021; Wright 
et al., 2018), as well as plants (Gardner et al., 2023).

Alongside measuring chronological age, epigenetic clocks 
also appear to capture signals of biological age, typically consid-
ered to reflect the accumulated damage and functional decline in 
cells, tissues and organs (Yousefzadeh et  al.,  2021). Accelerated 
epigenetic ageing has been linked to various communicable and 
non-communicable diseases in both humans and laboratory mice 
(Ambatipudi et  al.,  2017; Cao et  al.,  2022; Harvanek et  al.,  2021; 
Joyce et al., 2021; Morales Berstein et al., 2022; Peng et al., 2019). 
Insights have also come from the wild: high social rank is associ-
ated with accelerated epigenetic ageing in wild baboons (Anderson 
et al., 2021), and hibernation slows down ageing in marmots and bats 
(Pinho et al., 2022; Sullivan et al., 2022). Thus, the use of epigenetic 
clocks may provide a means of estimating chronological age among 
wild animals while simultaneously providing insight into biological 
ageing in natural settings.

Previous studies using epigenetic clocks have focused on humans 
(Ambatipudi et  al.,  2017; Cao et  al.,  2022; Harvanek et  al.,  2021; 
Joyce et al., 2021; Morales Berstein et al., 2022; Peng et al., 2019), 
laboratory (Han et  al.,  2018; Kerepesi et  al.,  2022) or wild ani-
mals (Anderson et al., 2021; De Paoli-Iseppi et al., 2017; Lemaître 
et al., 2022; Polanowski et al., 2014; Prado et al., 2021). A number 
of studies have also included both wild and captive (e.g. from a zoo) 
individuals (Fairfield et al., 2021; Ito et al., 2018; Mayne et al., 2022; 
Robeck et  al.,  2021; Wilkinson et  al.,  2021). However, a compari-
son of wild and laboratory individuals has not been previously con-
ducted. Comparing epigenetic age and ageing between laboratory 
and wild individuals of the same species could help us understand 
drivers of biological ageing and its variability in individuals from con-
trasting genetic and environmental backgrounds.

Here, we build an epigenetic clock using samples from labo-
ratory mice (Mus musculus) and use this laboratory-based clock 
to predict age in house mice (M. musculus domesticus) from a wild 
population. Our aims were threefold: (1) to see whether we could 
develop an epigenetic clock from laboratory-based animals capa-
ble of accurately capturing differences in chronological age within 
a wild population, (2) to compare estimates of epigenetic age in 
laboratory compared to wild mice of a given size and to gain insight 
into biological ageing in laboratory versus wild settings and (3) to 
assess the extent of variability in biological (epigenetic) ageing rate 
among wild mice. We used faecal samples as a source of DNA, to 
develop a non-invasive method that allows longitudinal sampling 
without ethical or logistical limitations on sampling frequency and 
allows epigenetic age estimates to be made in contexts where an-
imal capture or handling are impossible. To our knowledge, this is 
the first epigenetic clock built with faecal samples. Our results not 
only show the potential of such an approach, but also indicate sub-
stantial differences in DNA methylation levels between an inbred 
laboratory population and an outbred wild population, even from 
very early in life.

2  |  MATERIAL S AND METHODS

2.1  |  Sample collection

A total of 137 faecal samples were collected from 65 individual 
M. musculus C57BL/6 laboratory mice (30 females, 35 males) 
from two animal facilities. The samples were collected in May–
November 2021 at the Biomedical Services Building, Oxford, UK 
(animal facility A) and King's College, London, UK (animal facility 
B). The chronological age of the mice varied from 7 to 339 days, 
covering approximately the first third of expected C57BL/6 life 
span (30–32 months; Schultz et al., 2020). The mice were kept in 
standard housing and were not subject to any interventions be-
fore or during sampling. During sample collection, body mass was 
recorded for mice from animal facility B but not for mice from 
animal facility A. However, body mass is tightly correlated with 
age among juvenile house mice (JAX, 2022a, 2022b; Spangenberg 
et  al.,  2014), allowing accurate estimation of mass from age. As 
such, we estimated body mass for 25 mice under 7 weeks of age 
from animal facility A [for older mice from this facility (n = 8) body 
mass was not estimated and consequently samples from those 
mice were not included in analyses involving body mass]. Body 
mass estimation was done based on Spangenberg et al. (2014) for 
7- to 20-day-old pups and The Jackson Laboratory C57BL/6 body 
mass references for 3- to 7-week-old pups (JAX, 2022a, 2022b). 
For the latter age group, estimation was done separately for fe-
males and males using the Jackson Laboratory sex-specific data 
(JAX, 2022a, 2022b). To collect faecal samples, mice were briefly 
placed on a sterile surface until defecation. Faecal pellets were 
collected in a sterile manner, immediately preserved in DNA/
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RNA Shield (Zymo Research, Irvine, CA, USA) and stored frozen at 
−80°C until further processing (up to ≤12 months).

Wild house mouse (M. musculus domesticus) sampling was con-
ducted in April–May 2019, July 2019, September–October 2019, 
August–September 2020 and April–May 2021 on Skokholm Island, 
Wales, UK. Mice were trapped overnight using small galvanized 
metal Sherman live traps baited with peanuts and non-absorbent 
cotton wool for bedding and with a spray of sesame oil outside 
the trap as a lure. Across each of two broad sampling areas (one 
near the coast and one in the island interior, named ‘Quarry’ and 
‘Observatory’ respectively), on each trapping night 150 traps were 
set at dusk and checked at dawn. To prevent cross-contamination, 
any traps showing signs of mouse presence were washed and ster-
ilized before being reset using bleach solution (including at least a 
60-min soak in 20% bleach solution) to destroy bacterial cells and 
DNA. All newly captured mice were permanently identified by sub-
cutaneous injection of a passive integrated transponder (PIT) tag. 
Upon each capture, each mouse was either tagged or identified (if a 
recapture), aged, sexed and measured before being released within 
3 m of its trapping point. Sex was determined using anogenital dis-
tance and reproductive state. Reproductive state was recorded as 
either non-perforate, perforate, suspected pregnant or lactating for 
females, and testes abdominal, small or large for males. At each cap-
ture, body mass was recorded. Mice were placed in a small cotton 
bag for weighing to the nearest 0.1 g, and in a transparent plastic bag 
for measurement of body length (measured as snout-vent length, 
SVL, from the tip of the nose to the base of the tail, with mice gently 
straightened before measuring). Reproductive state was classified 
as active or inactive, with females being reproductively active when 
either pregnant, lactating or perforate, and males being reproduc-
tively active when testes were visibly descended (classed as small or 
large). Age was roughly classified to one of three age groups using 
body mass and reproductive state. Reproductively inactive mice 
weighing ≤15.0 g were classified as juveniles, mice >20.0 g of body 
mass were classified as adults regardless of reproductive state and 
mice falling between these two categories (reproductively active 
mice ≤15.0 g of body mass, as well as all mice weighing 15.1–20.0 g) 
were classed as sub-adults.

Faecal samples were collected from traps in a sterile manner 
(shortly after mice were removed  from traps the following day), 
preserved in DNA/RNA Shield and stored in a −20°C freezer until 
the end of fieldwork (maximum 6 weeks after sample collection). At 
this point they were returned to the laboratory frozen and stored at 
−80°C until DNA extraction (up to 17 months later). A total of 215 
samples were selected from all collected samples (>900) for further 
processing, by first selecting a longitudinal dataset (mice sampled 
≥2 times; total of 54 individuals) with as much variation as possi-
ble in morphometric variables (age, body mass, sex and reproduc-
tive status), as well as environmental variables (sampling season 
and sampling area) and then supplementing this with additional 
(equally variable) cross-sectional samples (one sample per animal) to 
increase the number of individuals for cross-sectional analyses up 
to 130. Variation in variables was achieved by randomly selecting 

approximately equal numbers of samples across categories, e.g. 
across juvenile, sub-adult and adult mice.

2.2  |  DNA extraction, bisulphite conversion and 
PCR amplification

DNA was extracted from faecal samples using the ZymoBIOMICS 
DNA MiniPrep Kit according to the manufacturer's protocol (Zymo 
Research, Irvine, CA, USA). DNA was then bisulphite-converted 
using the Zymo EZ DNA Methylation-Gold Kit to convert un-
methylated cytosines to uracil and then thymine (Zymo Research, 
Irvine, CA, USA). PCR amplification was conducted for five genes 
previously reported to correlate with chronological age in M. mus-
culus: Prima1, Hsf4, Kcns1, Gm9312 and Gm7325 (Han et al., 2018). 
Amplification was conducted using the PyroMark PCR Kit accord-
ing to manufacturer's instructions and primers for the five genes 
(Qiagen, Hilden, Germany; Table S2; Han et al., 2018). PCR condi-
tions were as follows: 15 min initial denaturation at 95°C, 50 cycles 
of 30 sec denaturation at 58°C, 30 sec primer annealing at 58°C and 
30 sec extension at 72°C, followed by a 10-minute final extension 
at 72°C. Amplification success was confirmed using gel electropho-
resis. PCR was repeated with the same conditions for any reaction 
that did not produce a band on the gel. The five amplicons (PCR 
products) were pooled for each sample by combining all PCR prod-
ucts per sample. DNA was quantified with Qubit Fluorometer High 
Sensitivity dsDNA kit and normalized to 6.25 ng/μL (Thermo Fisher 
Scientific, Waltham, MA, USA).

2.3  |  Sequencing, basecalling and demultiplexing

The Oxford Nanopore Technology (ONT) platform was used for li-
brary sequencing, and all ONT procedures were conducted according 
to manufacturer's instructions and ONT protocol NBA_9102_v109_
revl_09Jul2020 (Oxford Nanopore Technologies, Oxford, UK). 
Samples were processed in six batches. For each batch, we first used 
the ONT Ligation Sequencing Kit (SQK-LSK109) to repair and dA-tail 
the DNA ends, followed by ligation of sequencing adaptors to the 
prepared ends. We then barcoded pooled amplicons using the ONT 
Native Barcoding Expansion kit (EXP-NBD104 or EXP-NBD196) 
such that each sample had a unique barcode. Subsequently barcoded 
amplicons were combined into a single library (a total of six libraries 
were prepared as samples were processed in six batches). Libraries 
were sequenced individually. Approximately 15 ng of the prepared 
library was loaded onto a prepared ONT MinION Mk1B R9.4.1 flow 
cell and sequenced using the ONT MinKNOW software v21.10.4, 
resulting in a mean of 49,969 reads per sample. A negative control 
(where DNAse-free H2O was used instead of pooled amplicons at 
the start of Nanopore pipeline) was included in three sequencing 
runs and these generated a mean of 200 (range 17–519) reads. One 
flow cell was used twice and washed between runs with the ONT 
Flow Cell Wash kit (EXP-WSH003). Different barcodes were used 
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for negative controls across the two sequencing runs where the 
same flow cell was used to enable testing for carry-over of reads 
(only 17 potential carry-over reads were detected). Raw sequencing 
data were basecalled and demultiplexed using High Accuracy base-
calling on the ONT Guppy software v5.0.11. The basecalled FASTQ 
files were then run through the Apollo pipeline v0.1 (https://​github.​
com/​WildA​Nimal​Clocks/​apollo, https://​doi.​org/​10.​5281/​zenodo.​
8426692) to acquire methylation rates for each CpG site within the 
five genes (73 CpG sites in total, 4–27 CpG sites per gene). Apollo 
requires a minimum read count of 50 for reporting on a particular 
site. Using the alignment with the reference genes, target sites (cy-
tosines within CpGs) were identified in each read and determined as 
either methylated (cytosine) or unmethylated (uracil). The process 
was continued for each read, resulting in a proportion of methylated 
cytosines at each CpG site.

2.4  |  Analyses

The data were analysed and visualized in R v4.1.2 (R Core 
Team,  2023). The epigenetic clock was built using the cross-
sectional data of 50 samples from C57BL/6 mice housed in two 
facilities (Table  S1). Using CpG site-specific methylation rates, we 
used the package glmnet v4.1-3 (Friedman et al., 2010) to perform 
a cross-validated elastic net regularization using the cv.glmnet 
function with a LASSO model (mixing parameter alpha = 1) and a 
leave-one-out cross-validation (nfolds = nrow). From inspecting re-
lationships between methylation levels in CpG sites and body mass 
(Figures S1–S4), we expected only a subset of CpG sites to be rel-
evant for predicting age and thus the alpha parameter was set to 
1 (LASSO penalty). We further investigated the effect of different 
alpha values on model fit by varying alpha between 0 (ridge penalty) 
and 1 (LASSO penalty) at increments of 0.05 and selecting a value 
that maximized model fit (minimized the mean squared error). This 
analysis was run 10 times. This analysis did not suggest a strong 
lead candidate for alpha value; however, our initial alpha value of 
1 was among the strongest candidates and as such we proceeded 
with alpha = 1. We then fitted a final glmnet model using an optimal 
lambda value determined by the cross-validation (lambda = 0.913). 
Epigenetic age was then predicted based on the glmnet model using 
the predict() function. This clock was validated on an additional 15 
C57BL/6 mice from facility B. Using one sample per animal, we first 
measured the correlation between epigenetic age and chronologi-
cal age and assessed clock performance for estimating chronologi-
cal age of laboratory mice using mean absolute error (MAE; Tangili 
et al., 2023). We then ran a linear mixed effects model using lmer 
function from lme4 R package (Bates et al., 2015) to measure the in-
fluence of sex and sequencing batch on epigenetic age predictions. 
For this model we used two samples from each of 15 mice (30 sam-
ples in total) and included animal ID as a random factor.

The above-described epigenetic clock (Clock 1) was developed to 
test and showcase how accurate a faeces-based targeted epigenetic 
clock can be; however, as our aim was to develop a laboratory-based 

epigenetic clock that could be used to predict age in wild mice, we 
then built a second epigenetic clock (Clock 2) as described earlier 
but using only those CpG sites that (1) showed parallel trends in 
their methylation rates against body mass in laboratory and wild 
mice (i.e. ones that increased/decreased in methylation with body 
mass in both systems based on linear regression slope estimates 
quantifying the change in DNA methylation levels per unit change 
in body mass; Figures S1–S4) and (2) had methylation rates for the 
majority of wild mouse samples (we failed to acquire sufficient 
read counts for methylation rate measurement for all 11 CpG sites 
from the gene Gm7325 in 9% of all wild mouse samples). Following 
these principles, we included a total of 53 CpG sites in Clock 2. The 
lambda value used in this clock (determined with cross-validation, 
as for Clock 1) was 16.950. Clock 2 was similarly validated with the 
independent laboratory dataset and then used to estimate epigene-
tic age for all wild house mouse samples for which methylation rates 
at the CpG sites included in the clock were successfully measured 
(n = 201; 93% of all wild mouse samples; Table S1) using linear mod-
elling. Intercepts and coefficients for both epigenetic clocks devel-
oped are presented in Table S5.

To examine method repeatability, 11 out of the 201 wild mouse 
DNA samples were processed twice through BS treatment, PCR and 
sequencing. First and repeat DNA aliquots were processed in two 
distinct batches. Repeatability was estimated for (1) methylation 
levels of CpG sites included in Clock 2 (n = 11; Table S4) and (2) epi-
genetic age estimates, using R package rptR (Stoffel et al., 2017) with 
1000 parametric bootstraps. Sequencing batch and sample ID were 
used as predictors (random effects). After assessing repeatability, 
duplicates were removed from the data by randomly selecting one 
observation per sample ID.

To test for the effect of covariates on predicted epigenetic age 
in the laboratory mouse validation dataset, we fit a linear model 
with epigenetic age as the dependent variable and chronologi-
cal age, sex, cage and sequencing run ID as predictor variables. 
ANOVA was used to test whether predicted epigenetic age var-
ied significantly by wild mouse age categories (juvenile/sub-adult/
adult) and post hoc Wilcoxon rank sum tests were used to test 
whether the predicted epigenetic age of wild mice varied signifi-
cantly between specific age category pairs (juvenile vs. sub-adult, 
juvenile vs. adult, sub-adult vs. adult). The ability of the clock to 
detect an increase in age among wild mice sampled on two con-
secutive occasions was tested using a one-tailed binomial test. The 
null hypothesis for this test was that the probability of mice in-
creasing in epigenetic age between consecutive time points (p) = .5 
(i.e. mice are just as likely to increase or decrease in epigenetic age 
over time), while the alternative hypothesis was that p > .5. We also 
used linear models to test (1) whether among wild mice, time be-
tween sampling points predicted absolute change in epigenetic age 
as well as (2) whether sex, trapping area, season (spring: April/May; 
summer: July/August; autumn: September/October), reproductive 
activity or body mass at first capture predicted the rate of epigen-
etic ageing 

(

absolute change in epigenetic age

days elapsed

)

. Mice with less than 27 days 
between time points were excluded from this longitudinal analysis 
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as the mean absolute error (MAE) of the clock in the validation 
dataset was 26 days (Figure 1b).

To explore whether laboratory and wild mice might differ 
in methylation levels across CpG sites from targeted genes that 
showed parallel trends in the laboratory and the wild (i.e. genes 
that decreased/increased in methylation with body mass in both 
systems: Hsp4, Gm9312, Kcns1, Gm7325; gene Prima1 was excluded 
since it increased in methylation in wild mice but decreased in labo-
ratory mice; Figure S1), we used body mass as a proxy of age. While 
the reliability of body mass as an indicator of age declines after initial 
growth during the first few weeks of life, it continues to increase 
with chronological age in both C57BL/6 laboratory and wild mice 
beyond this time and thus can be used as a rough estimate of age 
in adults as well (Figure S5; Gerber et al., 2021; Gray et al., 2015; 
JAX, 2022a, 2022b). We used a Bayesian regression model run with 
function brm in R package brms (Bürkner, 2017) with methylation 
level as the response variable, and source (laboratory/wild) and body 
mass as predictors. The model also included an animal ID random 
effect since the data contained ≥1 sample per individual, as well as 
a nested random effect Gene/Position to account for measurement 
of methylation at multiple positions within targeted genes. Further, 
we used a generalized additive model to test whether source (lab-
oratory/wild) predicted epigenetic age. The following models were 
compared to explore potential non-linearities in the relationship 
between epigenetic age and body mass, and whether this rela-
tionship varied by source: (1) gam(Epigenetic age ~ Body mass), (2) 

gam(Epigenetic age ~ s(Body mass)), (3) gam(Epigenetic age ~ Body 
mass + Source), (4) gam(Epigenetic age ~ s(Body mass) + Source), (5) 
gam(Epigenetic age ~ Body mass * Source) and (6) gam(Epigenetic 
age + s(Body mass, by = Source)). Model 5, with a linear body mass 
efect that varied by source, had the best model fit (assessed from 
GCV, AIC and adjusted R-squared values) and was then used to test 
whether source predicted epigenetic age. Female wild mice with 
signs of ongoing or recent pregnancy (those recorded as suspected 
pregnant, n = 9), were excluded from these models including body 
mass, as body mass will be a less accurate age proxy in these individ-
uals. Who were significantly heavier than other females (one sample 
per animal ID, n = 48; linear model, F1,54 = 29.28, p < .001).

Finally, to explore whether the rate of epigenetic ageing 
(

absolute change in epigenetic age

days elapsed

)

 differed between laboratory and wild mice 
we used two methods. First, we tested whether the mean rate of epi-
genetic ageing differed between laboratory and wild mice. To do this 
we constructed a linear model using data from repeat-sampled mice, 
where rate of epigenetic ageing was the response and source (labo-
ratory/wild) was the predictor, while including body mass and sex as 
covariates. All repeat-sampled laboratory mice were adults, whereas 
repeat sampled wild mice included animals classed as both adult and 
juvenile at the first sampling point. As such, we also repeated this 
analysis excluding all juveniles for comparability. Second, we used 
Levene's test to ask whether the rate of epigenetic ageing differed 
according to (1) age category in wild mice (binary assessment; juve-
nile vs. sub-adult/adult) or (2) source (laboratory vs. wild).

F I G U R E  1 The relationship between 
DNA methylation based (epigenetic) age 
and chronological age in C57BL/6 mice 
(a, c) used to train the epigenetic clock 
model or (b, d) an independent set of mice 
(a validation set) not used in building the 
epigenetic clock model. Two epigenetic 
clocks were built: one with 22 CpG sites 
from five genes (Clock 1) (a, b) and one 
with 11 CpG sites from two genes (Clock 
2) (c, d). Circles represent individual 
mice, circle colour in (a) indicates animal 
facility (grey = facility A, black = facility 
B). Solid lines are linear regression lines, 
while dashed lines are a reference line 
of y = x (the hypothetical relationship if 
chronological age and epigenetic age 
estimates were exactly equivalent).
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2.5  |  Ethics statement

Wild mouse work was conducted under Home Office licence PPL 
PB0178858 held at the University of Oxford and with research per-
mits from the Islands Conservation Advisory Committee (ICAC) and 
Natural Resources Wales.

3  |  RESULTS

3.1  |  Measurement of CpG site methylation levels 
from faecal samples

We used non-invasively collected faecal samples from laboratory and 
wild house mice (M. musculus and M. musculus domesticus respectively) 
as a source of host DNA for the measurement of methylation levels 
at specific CpG sites. A sufficient amount of host DNA was extracted 
and subsequently sequenced despite use of a microbial DNA purifica-
tion kit: methylation levels were successfully measured across all 73 
CpG sites from the targeted house mouse genes (Hsf4, Gm9312, Kcns1, 
Gm7325 and Prima1; Table  S2) in all samples from laboratory mice 
(n = 80) and in 81% (183 out of 226) samples from wild mice (mean read 
depth per gene ranged 5,703–16,849 across samples). Methylation 
levels were successfully measured in 96% (217 out of 226) wild mouse 
samples when considering only those CpG sites included in the clock 
(Clock 2) subsequently used to predict age in wild mice (11 CpG sites 
from genes Hsf4 and Kcns1, see below). Repeatability of the method 
was assessed with 11 wild mouse DNA extractions processed twice 
(see Section 2). Repeatability of methylation levels was 0.674 [standard 
error (SE) = 0.052, p < .001], while repeatability of epigenetic age esti-
mates was 0.929 (SE = 0.072, p < .001).

3.2  |  Construction of a non-invasive 
epigenetic clock

We first built an epigenetic clock using samples from C57BL/6 labo-
ratory mice (n = 50, one sample per animal) to generate a targeted 
epigenetic clock using methylation levels from 73 CpG sites across 
five genes that were previously associated with age in laboratory 
mice (Hsf4, Gm9312, Kcns1, Gm7325 and Prima1; Table  S1; Han 
et al., 2018). Elastic net regression identified 22 CpG sites from the 
five targeted genes that exhibited variability in methylation patterns 
with age; three from Hsf4, six from Gm9312, six from Kcns1, one from 
Gm7325 and one from Prima1 (Table S3). This epigenetic clock (Clock 
1) had a mean absolute error (MAE) of 7 days (~0.7% of expected 
C57BL/6 life span; Schultz et al., 2020) in the training set (Pearson's 
r = .996, p < .001; Figure 1a). We validated the clock by applying it to 
an independent set of C57BL/6 mice that were not used in training 
the clock (n = 15). Among these laboratory mice (one sample per ani-
mal), epigenetic age was also strongly correlated with chronological 
age (Pearson's r = .935, p < .001, MAE = 24 days; Figure 1b). Neither 
sex nor sequencing run had a significant effect on epigenetic age 

(linear mixed effects model with two samples per animal: chrono-
logical age F = 111.526, p < .001; sex F = 0.046, p = .833; sequenc-
ing run F = 1.602, p = .217; animal ID included as a random effect). 
This demonstrates that non-invasive faecal samples can be used 
to generate an epigenetic clock in laboratory mice with equivalent 
or higher accuracy in estimating chronological age compared to a 
clock previously derived using blood samples (Han et  al.,  2018; 
MAE = 35–41 days in two validation datasets).

As our aim was to develop a laboratory-based epigenetic clock 
that could be applied to wild mice, we built a second clock that did 
not include CpG sites that either showed non-parallel methylation 
level patterns across the two systems or for which we failed to ac-
quire methylation levels in a substantial number of wild mouse sam-
ples (see Methods for more detail). For this clock (Clock 2), elastic 
net regression identified 11 CpG sites from genes Hsp4 and Kcns1 
(Table S4), 7 of which were also included in the first clock (Table S3). 
Here, the slope deviated more from 1 (where 1 would indicate per-
fect positive linear relationship between chronological and epigene-
tic age) than did the first clock (slope estimate 0.756 ± 0.024 standard 
error vs. 0.976 ± 0.013 standard error in training set; Figure  1a,c). 
However, the clock still had a high accuracy with a MAE of 23 days 
in the training set (Pearson's r = .977, p < .001; Figure 1c) and 26 days 
in the validation set (Pearson's r = .938, p < .001; Figure 1d). This sec-
ond clock was then used for further analyses in this study.

3.3  |  Chronological age prediction in wild mice

We next applied Clock 2  (Figure 1c,d) to 201 faecal samples from 
118 wild house mice to test if it could be used to estimate chrono-
logical age in wild individuals of unknown age. Mice of all available 
body sizes were included with the aim of capturing as much age vari-
ation as possible (body mass range 5.9–43.0 g, mean 18.8, median 
19.2). The epigenetic age of wild mice varied from −18 to 426 days 
[mean 213, median 193; 2 out of 201 samples (1%) had a negative 
epigenetic age].

Epigenetic age varied significantly between mice from different 
age categories that were assigned in the field using external char-
acteristics (juvenile/sub-adult/adult; ANOVA, F2,191 = 131, p < .001; 
Figure 2a). Moreover, among 35 wild mice sampled twice between 
30 and 340 days apart (mean 127, median 79), majority (n = 30; 
86%) were epigenetically older at the latter time point (one-tailed 
binomial test for H0 p = .5, p < .001). In general, the number of days 
between sampling time points positively predicted change in epi-
genetic age (linear model, F1,28 = 7.814, p = .009), but there was wide 
variation in the slope observed among individuals (Figure 2b). Rate 
of epigenetic ageing 

(

absolute change in epigenetic age

days elapsed

)

 was not predicted 
by any investigated variables (linear model with log-transformed 
response variable; trapping area F1,23 = 1.878, p = .184; season 
F2,23 = 2.307, p = .122; sex F1,23 = 0.237, p = .631; reproductive activ-
ity F1,23 = 1.790, p = .194 and body mass F1,23 = 0.013, p = .909 at first 
sampling point). Together these results indicate that an epigenetic 
clock trained with samples from inbred laboratory mice can be used 
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    |  7 of 12HANSKI et al.

to provide an estimate of chronological age in outbred wild mice, 
though not one that is highly accurate.

3.4  |  Multiple times higher methylation levels in 
wild compared to laboratory mice

To investigate whether wild mice had different methylation levels 
to laboratory mice in early life and beyond, we explored the rela-
tionship between methylation levels and body mass across mice of 
all sizes. Methylation levels were strongly predicted by source [brm 
model; source, posterior mean 1.10, 95% credible interval (CIs) 0.90–
1.31; body mass, posterior mean 0.05, 95% CI 0.05–0.06; model in-
cludes animal ID random effect as well as a nested random effect 
Gene/Position], such that wild mice had higher levels of methylation 
in the genes showing parallel methylation trends across laboratory 
and wild mice (Figures S1–S4).

We next assessed whether this higher methylation level in 
wild mice resulted in higher epigenetic age for a given chronolog-
ical age compared to laboratory mice. In the absence of known 
chronological age for wild mice, we used body mass to provide 
an upper limit age estimate for individuals classed as juveniles. 
Others have reported that 12- to 13-day-old wild house mice from 
mainland Europe weigh around 7 g (range 3.6–10.5 g, mean 6.8; 
Gerber et  al.,  2021) and another study showed that 14-day-old 
wild-derived but captive house mice from Gough Island (home to 
the largest wild house mice recorded) weigh around 8.5 g (range 
~7–10.5 g, raw data not available; Gray et  al.,  2015; Figure  S5). 
Thus, irrespective of context, house mice between 12 and 14 days 
typically are expected to weigh 7–10.5 g (Gerber et al., 2021; Gray 
et al., 2015). We therefore examined epigenetic age from a random 

cross-sectional set of juvenile wild Skokholm Island mice that fall 
within this body mass range and thus which we expect to be no 
more than 25 days old (n = 19, body mass 6.1–10.4 g with a mean 
of 8.5 g; Figure S5). Among these individuals, the mean epigenetic 
age estimate was 106 days [range 18–169, median 104; one sam-
ple had a negative epigenetic age; for comparison, the epigenetic 
age in laboratory mice <14 days of age (n = 7) ranged 22–34 with 
a mean of 29 days], which is more than four times their expected 
chronological age (Figure S5). Looking across wild mice of all body 
masses, the same pattern was maintained, with wild mice having 
higher epigenetic age estimates than laboratory mice (generalized 
additive model; body mass, F = 38.10, p < .001, body mass * source, 
F = 13.40, p < .001; Figure 3a).

To further examine whether older epigenetic age profiles 
among wild mice might be due to accelerated ageing through ex-
posure to environmental stressors, such as food shortage or cli-
matic variation, we studied the rate of epigenetic ageing across 
laboratory and wild mice for which two time points were avail-
able (laboratory n = 15; wild n = 35). While the rate of epigene-
tic ageing appeared slightly shallower in wild mice (Figure  3b), 
source did not predict rate of epigenetic ageing (linear model: 
source, F1,39 = 0.010, p = .923; controlling for sex, F1,39 = 0.408, 
p = .527 and body mass at first time point, F1,39 = 0.105, p = .747). 
Laboratory mice included in this analysis were all adults, while the 
longitudinal data of wild mice included adult and juvenile mice; 
however, exclusion of juvenile wild mice (≤15 g of body mass and 
reproductively inactive, n = 8) did not appear to have a strong ef-
fect on these trends (linear model: source, F1,31 = 0.004, p = .948; 
controlling for sex, F1,31 = 0.213, p = .648 and body mass at first 
time point, F1,31 = 0.226, p = .638). Further, although the variance 
in estimates of epigenetic ageing rates was lower for juvenile 

F I G U R E  2 (a) Epigenetic age of wild mice phenotypically characterized as juvenile (n = 62), sub-adult (n = 37) or adult (n = 95) predicted 
with an epigenetic clock built using C57BL/6 laboratory mice. Age category was assigned in the field using body size and appearance (see 
Section 2). Median epigenetic age was 109 days in juveniles, 179 days in sub-adults and 296 days in adults. Statistical differences between 
different age categories were tested with Wilcoxon rank sum tests (***p < .001). (b) Change in epigenetic age between two time points in 
wild mice sampled twice between 30 and 340 days apart (n = 35). Grey lines represent individual mice, black line is a linear regression line 
with 95% confidence interval bands and the dashed line is a reference line of y = x (the hypothetical relationship if chronological age and 
epigenetic age estimates were exactly equivalent). Epigenetic age increased with time for 30 (86%) of 35 mice.
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than non-juvenile (sub-adult/adult) wild mice, this variance differ-
ence was not statistically significant (Levene's test, F1,33 = 1.770, 
p = .193; Pearson's correlation between change in epigenetic age 
and days elapsed: juvenile wild mice, r = .79, p = .021; non-juvenile 
wild mice, r = .32, p = .102; Figure 3b). Similarly, higher variation in 
epigenetic ageing rates observed in wild compared to laboratory 
mice was not statistically significant (Levene's test, F1,48 = 3.428, 
p = .070; Figure 3b).

4  |  DISCUSSION

Here, we tested an approach for estimating age in wild house mice 
by building an epigenetic clock using samples from inbred C57BL/6 
laboratory mice and using it to estimate age in outbred wild mice of 
unknown chronological age. Faecal samples were used as a source 
of host DNA and proved suitable for measuring of DNA methyla-
tion and epigenetic age, indicating their potential as a non-invasive 
alternative to the blood or tissue samples more commonly used in 
epigenetic clocks (Han et  al.,  2018). The clock effectively distin-
guished wild juveniles from adults and typically showed increases 
in predicted age over time among repeat-captured individuals. The 
success rate of the latter (86% individuals predicted older at a later 
time point) was similar to what has been previously been detected in 
a wild baboon study (Anderson et al., 2021).

However, while the clock accurately predicted age in an indepen-
dent set of laboratory mice (with error of ±26 days; ~3% of expected 
C57BL/6 life span), we observed high variation among wild mice in 
how their epigenetic age changed over chronological time, suggest-
ing our clock had far less accuracy in predicting chronological age in 
this different ecological context. Others have had better success in 

applying clocks built with captive individuals to wild individuals (e.g. 
Mayne et al., 2022 in green turtles; Robeck et al., 2021 in cetaceans; 
correlation between chronological and epigenetic age in these 
studies 0.67–0.98 vs. 0.36 between change in time and change in 
epigenetic age in our study). However, these studies have built epi-
genetic clocks using samples from captive individuals where there is 
genetic and environmental variation, such as animals from zoos or 
outdoor enclosures. Our clock was built with samples from inbred 
laboratory mice housed under very stable environmental conditions, 
but applied to wild mice that are outbred and exposed to a highly 
variable temperate climate. Studies of different laboratory strains 
have confirmed that epigenetic clocks may behave differently in 
different genetic backgrounds. For instance, Han et al. showed that 
DBA/2 mice were up to twice as old epigenetically as C57BL/6 mice 
(Han et al., 2018). Moreover, DNA methylation may be influenced 
by inbreeding (Han et al., 2021; Venney et al., 2016) and environ-
mental factors (Parrott et al., 2014; Viitaniemi et al., 2019; Zocher 
et  al., 2021) and wild animals are generally exposed to more vari-
able environments than their inbred laboratory counterparts. As 
such, the contrasting genetic and environmental backgrounds in our 
mouse systems may partly explain why age estimates in wild mice 
based on a clock from laboratory mice had low accuracy.

Technical factors may have also contributed to the low accuracy 
of a laboratory animal-based clock when used to estimate age in 
wild animals. The accuracy of chronological age prediction particu-
larly for older mice might have been affected by the relatively lower 
number of laboratory mice aged over 3 months in the training set. 
This is because the clock could be more inclined to capture patterns 
prevalent in younger mice, potentially resulting in an incomplete 
representation of the diverse epigenetic changes associated with 
ageing later in life. Further, while all samples from laboratory mice 

F I G U R E  3 Wild mice have elevated epigenetic age compared to laboratory mice for a given body mass, but do not show a different rate 
of epigenetic ageing in adulthood. (a) Epigenetic age of wild (n = 99) and laboratory mice (n = 57) in relation to body mass. Empty circles are 
wild mice and filled circles are laboratory mice; black circles are laboratory mice for which body mass was recorded during sample collection 
and grey circles are laboratory mice for which body mass was estimated post hoc (see Section 2). (b) Change in epigenetic age in relation 
to time elapsed in laboratory (n = 15) and wild mice (n = 35) sampled twice a minimum of 26 days apart. Body mass varied 19.2–26.3 g for 
laboratory mice and 7.0–37.7 g for wild mice. Empty triangles (n = 8) are wild mice classed as ‘juvenile’ at the first time point, empty circles 
(n = 27) are wild mice classed as ‘sub-adult’ or ‘adult’ at the first time point and filled circles are laboratory mice. Lines are linear regression 
lines (dashed = wild mice, solid = laboratory mice) and shading indicates 95% confidence intervals.
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    |  9 of 12HANSKI et al.

were preserved immediately after defecation, the time between 
defecation and sample preservation varied in wild mice (where sam-
ples were collected from traps which animals had been in overnight, 
up to 13 h). It is possible some DNA degradation occurred before the 
samples were preserved in a stabilizing buffer, affecting the methyl-
ation profiles. It is also possible that host cell profiles vary to some 
extent between faecal samples from laboratory and wild mice. Since 
methylation levels vary between tissue types (Han et al., 2018), dif-
ferences in faecal cell profiles could have contributed to our findings 
on methylation levels in laboratory versus wild mice.

As our study is the first to develop a laboratory-based epigenetic 
clock based on faecal samples and apply it to a wild setting, we cannot 
assess whether the relatively low accuracy in chronological ageing we 
achieved is species or sample type specific. It is also possible that epi-
genetic changes with age are comparable across settings (laboratory 
and wild), but that biological ageing varies more in the wild than it 
does in the laboratory, obscuring any chronological signal in epigene-
tic markers. Further studies would be needed to understand whether 
this is the case and whether laboratory-based clocks might still hold 
value for estimating either chronological or biological ageing in wild 
animals. An alternative clock to ours could be trained using samples 
from captive individuals with greater genetic diversity, such as more 
genetically diverse laboratory mice rather than an inbred strain or 
using samples from free-living populations where chronological age 
can be accurately estimated, e.g. outbred semi-natural populations 
where individuals can be tracked from birth (Gerber et al., 2021).

The epigenetic age of wild mice from Skokholm Island varied 
from −18 to 426 days [mean 213, median 193; 2 (1% of all 201) sam-
ples had negative epigenetic ages, −18 and −13 days]. The presence 
of negative predicted ages in wild individuals may be due to mea-
surement error, but it may also be due to the inherent biological dif-
ferences in age-related epigenetic changes in wild versus laboratory 
populations.

Despite our epigenetic clock very accurately predicting the 
chronological age of laboratory mice, several lines of evidence sug-
gest that in wild mice, our epigenetic age estimates were overesti-
mates of chronological age. First, among juveniles, for which body 
mass is an accurate predictor of age across both wild and laboratory 
mice (Gerber et  al.,  2021; Gray et  al.,  2015; JAX,  2022a, 2022b), 
epigenetic age estimates were several times higher than their ex-
pected chronological age from body mass (Gerber et al., 2021; Gray 
et al., 2015). Second, we found that wild mice exhibited higher levels 
of CpG site methylation (and subsequently several times higher esti-
mates of epigenetic age) across all body masses, compared to labora-
tory mice. While accelerated weight gain in ad libitum-fed laboratory 
mice may contribute to lower methylation levels among adult labora-
tory mice compared to wild mice, it may also be that a more challeng-
ing environment experienced by wild mice increases methylation 
and consequently accelerates epigenetic clocks. Our comparison of 
methylation levels and epigenetic age of wild versus laboratory mice 
is specific to a comparison with the C57BL/6 strain. However, it is 
perhaps noteworthy that the approximately 5- to 10-fold difference 
in epigenetic age between C57BL/6 laboratory mice and wild mice 

found here is larger than the previously reported twofold difference 
in epigenetic age between C57BL/6 mice and another inbred labora-
tory strain, DBA/2 (Han et al., 2018).

To test whether the older epigenetic age profile of wild mice 
could be explained by accelerated ageing post-weaning (i.e. from 
when they are trappable), we investigated the rate of epigenetic 
ageing using individuals captured and sampled twice over time. If 
anything, the rate of epigenetic ageing appeared slightly slower and 
more variable in wild mice, though this observation relied on a small 
sample size and was not statistically significant. Various factors can 
influence methylation levels and these factors could differ between 
the laboratory and wild settings here, such as abiotic factors (e.g. 
temperature), inbreeding (Han et al., 2021; Venney et al., 2016) and 
food shortage (as caloric restriction may slow epigenetic ageing, 
Maegawa et al., 2017; Hahn et al., 2017). Moreover, as we observed 
heightened epigenetic age in wild compared to laboratory mice even 
during the first ~2 weeks of life, we speculate that peri-  and early 
postnatal effects on offspring DNA methylation may vary between 
laboratory and wild mice. Various human, mouse and other animal 
studies have demonstrated an association between prenatal ma-
ternal experience (such as food shortage, diet, infection, substance 
exposure and stress) and offspring DNA methylation patterns, 
with differences from the prenatal (foetal) phase still detectable 
in later life (Camerota et  al.,  2021; Heijmans et  al.,  2008; Joubert 
et al., 2016; Kertes et al., 2016; Lan et al., 2013; Richetto et al., 2017; 
Tobi et al., 2009; Vangeel et al., 2017).

In our present study we used targeted sequencing to measure 
methylation levels in genes of interest. As such, while methylation 
levels are higher in wild than laboratory mice in these targeted 
genes, this may not be the case for genome-wide methylation. 
Further, when comparing methylation levels and epigenetic age es-
timates across laboratory and wild mice, we have used body mass 
as a proxy for age across laboratory and wild mice. Body mass is, 
however, only a rough proxy and mass–age relationships are likely 
to vary somewhat between laboratory and wild settings. To more 
definitively explore whether methylation levels and biological age 
for a given chronological age vary across these contexts, compar-
isons of epigenetic ageing patterns in (semi-)wild mice of known 
chronological age with these laboratory and wild populations would 
be very valuable.

While our approach of training an epigenetic clock with lab-
oratory individuals and using it to estimate age in wild individuals 
did not allow accurate estimation of chronological age, our results 
demonstrate such an approach can still be effective in distinguish-
ing between juvenile and adult individuals. Such information may be 
useful in contexts where a faecal deposit is found but the individ-
ual is not observed, such as in field-based projects of animals that 
are hard or impossible to capture. At the same time, this method 
can provide interesting insights into biological ageing when applied 
to wild animals of known chronological age or to individuals sam-
pled longitudinally such that changes in epigenetic age can be es-
timated (Brivio et  al.,  2015; De Paoli-Iseppi et  al.,  2017; Powell & 
Proulx, 2003). Considering the much greater variability in epigenetic 
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ageing rates we observed in wild compared to laboratory animals, 
our results suggest wild systems may provide an informative envi-
ronment in which to study drivers of epigenetic age acceleration. 
Our current study did not have sufficient power to ask why wild in-
dividuals might vary so widely in epigenetic ageing rates and most 
longitudinally sampled individuals were adults. Further work using a 
larger sample size and greater coverage of different life stages would 
be valuable to systematically explore potential drivers of this fasci-
nating variation.

In summary, our data indicate the potential to use a non-invasive, 
DNA methylation-based epigenetic clock built with samples from 
laboratory mice to estimate the age of wild mice. While this ap-
proach did not provide highly accurate estimates of chronological 
age, it can be used to measure variation in biological ageing in future 
longitudinal studies, making it a promising tool for studies of ontog-
eny and senescence in wild settings.
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