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Abstract
Epigenetic approaches for estimating the age of living organisms are revolutionizing 
studies of long- lived species. Molecular biomarkers that allow age estimates from 
small tissue biopsies promise to enhance studies of long- lived whales, addressing a 
fundamental and challenging parameter in wildlife management. DNA methylation 
(DNAm) can affect gene expression, and strong correlations between DNAm patterns 
and age have been documented in humans and nonhuman vertebrates and used to 
construct “epigenetic clocks”. We present several epigenetic clocks for skin samples 
from two of the longest- lived cetaceans, killer whales and bowhead whales. Applying 
the mammalian methylation array to genomic DNA from skin samples we validate four 
different clocks with median errors of 2.3– 3.7 years. These epigenetic clocks demon-
strate the validity of using cytosine methylation data to estimate the age of long- lived 
cetaceans and have broad applications supporting the conservation and management 
of long- lived cetaceans using genomic DNA from remote tissue biopsies.

K E Y W O R D S
bowhead whale, DNA methylation, epigenetic clock, killer whale, skin biopsies

www.wileyonlinelibrary.com/journal/men
mailto:
https://orcid.org/0000-0001-6309-0291
mailto:
https://orcid.org/0000-0002-4110-3589
http://creativecommons.org/licenses/by/4.0/
mailto:kim.parsons@noaa.gov
mailto:shorvath@altoslabs.com


1242  |    PARSONS et al.

1  |  INTRODUC TION

In wildlife ecology, longitudinal studies spanning the entire life 
cycle of an organism from birth through death are prized, yet ex-
ceedingly rare, and most often limited to those species with short 
generation times. The ability to recognize and follow individual an-
imals through time provides unique insight into various life stages 
as well as accurate age estimates, but this degree of resolution 
is uncommon in most wildlife species due to practical limitations. 
In addition, the lifespan of many large mammals (both terrestrial 
and aquatic) often exceeds the duration of a typical field study, 
and these limitations are further amplified for wide- ranging and 
long- lived marine species such as cetaceans (whales, dolphins and 
porpoises) that spend most of their lives underwater. However, 
as most biological processes and life history parameters change 
through time, accurate age estimates are essential and represent 
key parameters for understanding population dynamics, iden-
tifying age- associated disease and physiological impacts (Hunt 
et al., 2013), and inferring individual and population- level effects 
of bio- accumulated toxicants (Ross et al., 2000). Demographic 
characteristics such as the age- structure of a population have 
been identified as useful indicator variables for monitoring ma-
rine mammal populations. Age- structured models can reveal con-
temporary shifts in survivorship and fecundity and detect early 
warning signals of population level effects resulting from sublethal 
disturbance to anthropogenic stimuli or from commercial or sub-
sistence harvests (Booth et al., 2020; Doak & Morris, 1999; Holmes 
et al., 2007; Mosnier et al., 2014; Pirotta et al., 2018). Current best 
practices for ageing cetaceans most often rely on counting incre-
mental growth layers (GLG; growth layer groups) in odontocete 
teeth (Hohn et al., 1989; Waugh et al., 2018) or ear plugs from 
mysticete whales (Gabriele et al., 2010; Lockyer, 1984). More 
recently, aspartic acid racemization of the eye lens has proved 
highly successful for estimating the age for phocoenids (Nielsen 
et al., 2013), odontocetes (Garde et al., 2007; Pleskach et al., 2016; 
Watt et al., 2020), and balaenopterids (George et al., 1999; Nielsen 
et al., 2013; Olsen & Sunde, 2002). However, all of these tech-
niques rely on the collection of samples from carcasses or animals 
recently harvested for subsistence. Minimally invasive approaches 
that can be applied to small tissue biopsies such as ratios of endog-
enous fatty acids in blubber samples (Herman et al., 2008, 2009; 
Marcoux et al., 2015) show great promise and generated age esti-
mates with a precision of ±3.8 years, but require frozen preserved 
samples of the subcutaneous blubber layer, potentially limiting ap-
plicability for some species and types of field studies.

Molecular biomarkers of age applied to epidermal tissues offer 
an alternative approach that could be applied to samples collected 
nonlethally via remote biopsy techniques, with a broad range 
of potential applications in wildlife ecology. Recent advances in 
technology have created new avenues for age estimation through 
molecular approaches. Attempts to age marine mammals from 
small skin samples using changes in telomere length over time 
were filled with both promise and pitfalls (Dennis, 2006; Izzo 

et al., 2011; Olsen et al., 2012) and the relationship between telo-
mere length and age was found to be very weak in many species 
(Dunshea et al., 2011; Jarman et al., 2015). Most recently, atten-
tion has turned towards epigenetic markers and the high degree 
of precision with which validated “epigenetic clocks” can be used 
to estimate the chronological age of a mammal based on age re-
lated changes in DNA methylation (Beal et al., 2019; Bocklandt 
et al., 2011; Bors et al., 2020; Horvath, 2013; Polanowski 
et al., 2014; Tanabe et al., 2020).

Mounting evidence indicates that epigenetic age estimators 
based on age- associated changes in DNA methylation (DNAm) 
provide a powerful new opportunity for developing highly accu-
rate estimators of chronological age in humans and other mammals 
(Barratclough et al., 2021; Horvath & Raj, 2018; Jarman et al., 2015; 
Jylhava et al., 2017; Tanabe et al., 2020). The term “epigenetics” 
encompasses a number of molecular processes including cytosine 
methylation. Cytosines are typically part of a cytosine- phosphate- 
guanine dinucleotide site, referred to as CpG sites. These CpG sites 
can be methylated when a methyl group binds to the cytosine to 
generate 5- methylcytosine. Such CpG sites are often clustered into 
“CG islands” around gene promoter regions and the chemical modifi-
cation through methylation may affect gene expression despite the 
absence of modifications to the genomic sequence (Field et al., 2018; 
Jones et al., 2015; Razin & Cedar, 1991; Robeck, Fei, et al., 2021). 
The discovery that predictable changes in CpG methylation levels 
in specific gene regions are correlated with age in humans and other 
mammals created a unique opportunity for developing assays that 
can predict the chronological age of an organism based on empirical 
estimation of DNAm in these gene promoter regions.

The first DNA methylation- based age predictors, referred to as 
“epigenetic clocks”, were developed for human saliva (Bocklandt 
et al., 2011) and later for all tissues (Horvath, 2013). Subsequent 
studies described epigenetic clocks for mice (Petkovich et al., 2017; 
Stubbs et al., 2017; Thompson et al., 2018; Wang et al., 2017) 
and many other mammalian species including bats (Wilkinson 
et al., 2021), primates (Horvath, Zoller, Haghani, Jasinska, et al., 2021; 
Horvath, Zoller, Haghani, Lu, et al., 2021; Jasinska et al., 2021), 
equids (Horvath, Haghani, et al., 2022; Horvath, Haghani, Zoller, 
et al., 2022; Larison et al., 2021), deer (Lemaître et al., 2022), dogs 
(Horvath, Lu, et al., 2022), cats (Raj et al., 2021), bottlenose dolphins 
(Beal et al., 2019; Robeck, Fei, Lu, et al., 2021), beluga whales (Bors 
et al., 2020). Methylation levels at highly conserved cytosines allows 
one to define pan mammalian ageing clocks that apply to all mamma-
lian species (Lu et al., 2021). The accuracy of species- specific DNAm 
models, where fit is determined by the median absolute error (MAE) 
between DNAm age and chronological age for animals with known 
birthdates, highlights the value of these molecular biomarkers of age 
across a range of tissue types (e.g., r = .91, MAE 4.8 years) (Robeck, 
Fei, Haghani, et al., 2021).

The foundation of epigenetic clocks is based on the identifi-
cation of age- related changes in DNA methylation patterns and 
both sample size and the range of ages in a calibration data set 
can influence the performance of age estimation models (Mayne 
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et al., 2021). Validating epigenetic clocks across the spectrum of 
ages for the group or species expected to be represented in fu-
ture applications of the model will be key for evaluating the ac-
curacy and precision of epigenetic age estimators. Meeting these 
requirements with data sets generated from natural populations 
is very challenging, particularly for long- lived species with an ex-
pected lifespan greater than the longevity of a typical study or 
research career. Here, we leverage samples from two unique data 
sets to develop an “epigenetic clock” for long- lived cetaceans 
using DNA methylation patterns generated from small epidermal 
biopsies. Bowhead whales (Balaena mysticetus, Linnaeus, 1758) 
are thought to be the longest lived extant mammal living up to 
211 years (de Magalhaes et al., 2007; George et al., 1999; John & 
Bockstoce, 2008; Mayne et al., 2021). Incorporating skin samples 
from bowhead whales on the Eastern Canada- West Greenland 
(ECWG) population with associated age estimates based on ei-
ther aspartic acid racemization or morphological characteris-
tics provides an exceptional opportunity to examine changes in 
DNA methylation in individuals spanning ages ranging from 1 to 
139 years. Killer whales (Orcinus orca, Linnaeus, 1758) are another 
long- lived cetacean, with an estimated longevity of 80– 90 years 
(Olesiuk et al., 1990). A unique longitudinal data set focused on 
individual- based monitoring of killer whales in the eastern North 
Pacific spanning nearly 50 years (Centre for Whale Research, K. 
Balcomb) created the foundation for collecting remote biopsy skin 
samples from identified, known age killer whales that can be used 
to validate a species- specific epigenetic clock (Ford et al., 2011, 
2018). Samples from individual killer whales of known chrono-
logical age, and bowhead whales with estimated ages based on 
established allometric growth relationships and/or aspartic acid 
racemization (AAR) were used to develop a method of epigene-
tic age estimation using a custom mammalian DNA methylation 
array. Validated epigenetic clocks for skin samples can be applied 
to remotely collected skin biopsies from living bowhead and killer 
whales, promising future potential as a tool supporting conserva-
tion and management efforts involving population viability anal-
yses that depend on reliable age estimates for these (and other) 
endangered cetacean species.

2  |  MATERIAL S AND METHODS

2.1  |  Animal use and ethics

For bowhead subsistence hunts, indigenous hunters had the authori-
zation to conduct hunts and collected samples on behalf of Fisheries 
and Oceans Canada. Bowhead whale biopsy samples and associ-
ated drone photographs were collected in 2019 under Fisheries 
and Oceans Canada (DFO) licence to Fish for Scientific Purposes 
(LFSP) S- 19/20- 1007- NU and Animal Care approval (AUP) FWI- ACC- 
2019- 14. Skin samples from eastern North Pacific killer whales were 
collected as previously described (Ford et al., 2018) under NMFS 
General Authorization no. 781– 1725, and scientific research permits 

781– 1824- 01, 16,163, 532– 1822- 00, 532– 1822, 10,045, 18,786– 03, 
545– 1488, 545– 1761, and 15,616.

2.2  |  Killer whale biopsy samples & 
DNA extraction

Killer whales in the eastern North Pacific are among the most inten-
sively studied cetacean populations globally. The so- called “resident” 
killer whale populations inhabiting coastal waters from California 
to Alaska comprise individually identified whales that have been 
studied for over 40 years (Balcomb & Bigg, 1986; Bigg, 1982; Ford 
et al., 2000; Matkin et al., 1999, 2014). These longitudinal studies 
and reliable identification of individual whales within populations 
through annual photographic census data has provided unique in-
sight into population dynamics and demographics. The resolution 
provided by annual documentation of births, ages at physical matu-
rity (males) and age at first parturition (females) provides an unparal-
leled opportunity to validate epigenetic models of age from whale 
skin.

The killer whale validation data set is rare in both the repre-
sentation across age classes and the number of known- age sam-
ples from wild populations based on direct observations (Bigg 
et al., 1990; Matkin et al., 1999, 2014; Olesiuk et al., 1990, 2005), 
providing an ideal training set for validating an epigenetic clock. 
Killer whale longevity is estimated to be 80 or 90 years (Olesiuk 
et al., 1990, 2005) and samples in the current data set represent 
individual whales ranging from age 0 (neonate) to 79 years (es-
timated). Reflecting killer whale age- related mortality patterns 
(Olesiuk et al., 2005), the number of individuals representing older 
age classes diminishes as expected with n = 11 whales estimated 
be >50 years old based on size, physical and reproductive maturity 
at the time of first observation.

Ages of individual killer whales were determined based on the 
sex and size of the animal during the year that it was first docu-
mented, following Olesiuk et al. (1990). Whales born during the 
study (post- 1974) were aged in reference to the year in which they 
were born. Ages for whales that were juveniles or adults when field 
observations began in the early 1970s were aged based on the year 
they reached physical maturity or, for females, the year they gave 
birth to their first viable offspring (Olesiuk et al., 1990). Confidence 
estimates (0%– 100%) were assigned to each individual sampled 
whale included in the data set reflecting the certainty around age 
estimates, frequency of encounters with the individual and age or 
state of physical maturity at the time of first identification (Matkin 
et al., 2014; Olesiuk et al., 1990, 2005). Genetic samples from 131 
killer whales were included in the data set representing 118 differ-
ent killer whales. Sampled killer whales include individuals from two 
different “resident” killer whale populations (Southern residents and 
Gulf of Alaska residents) as well as 11 individuals from an eastern 
North Pacific “transient” killer whale population. Killer whale sam-
ples represented individuals ranging from age 0 years (neonate or 
foetus; 100% certainty) to age 75+ years (50% certainty; Table S1).
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Epidermal samples were collected from live killer whales using 
remote dart biopsy methods, and from dead stranded animals 
during routine post- mortem necropsy protocols (Barrett- Lennard 
et al., 1996; Parsons et al., 2003). Sampled individuals included in 
the methylation analyses include identified individual whales from 
the Southern Resident, Alaska Resident and Transient killer whale 
populations. Identities of individual whales were recorded pho-
tographically whenever possible at the time of sample collection. 
Total genomic DNA was extracted from skin biopsies either using 
a silica- membrane kit following manufacturer's protocols (DNeasy 
Blood and Tissue kit, Qiagen), or following a standard proteinase K 
phenol/chloroform/isoamyl alcohol extraction protocol (Sambrook 
et al., 1989).

2.3  |  Bowhead whale biopsy samples and 
age estimates

Bowhead whales are very slow- growing and extremely long- 
lived baleen species that undergo periods with rapid growth (as a 
foetus), pauses in growth (ages 1 to about 6– 7) and slow growth 
(age 8+) which gradually slows even more as they age (George & 
Thewissen, 2020). For this reason, accurate age estimates of indi-
vidual bowhead whales are typically limited to early life stages when 
multiple sources of information are available.

Estimating age for individual bowhead whales requires a com-
bination of several different types of data (summarized in George 
& Thewissen, 2020) including body length, length of the longest 
baleen plate, body condition measurements, other morphological 
measurements that include frequency of scars, colour of the pedun-
cle and chin region, and aspartic acid racemization (AAR) analyses 
from eye lenses. Despite multiple data sources, bowhead age can 
only be approximated for whales more than approximately 7 years 
old because the variation in size at age is many times larger than the 
annual growth rate of individual whales. Whales 2– 7 years old can-
not be accurately aged without information on the longest baleen 
plate, which is only available for harvested whales, although body 
condition assessed from photogrammetry provides information to 
assist with age estimation.

Bowhead whale skin samples were collected from remote bi-
opsy using a crossbow during photographic studies conducted in 
Cumberland Sound in 2017 and 2019 (Young et al., 2022), and sam-
ples collected during subsistence harvest (1996– 2016). Data avail-
able for age estimates were limited to body length, body condition, 
frequency of scars, and colour of the peduncle region for biopsy 
samples. Skin samples collected during subsistence harvest included 
age estimates based on body length, length of the longest baleen 
plate, notes on scars or peduncle colour and AAR ages. Where mul-
tiple sources of data were available, ages obtained from AAR or age- 
at- length estimates were adjusted to take account of the additional 
data as below.

Age at length was estimated using data in Figure 7 of Lubetkin 
et al. (2012) with estimation for gradually reduced growth rates for 

whales older than 60 years old as suggested by their data and those 
of Koski et al. (1992). Yearlings were confirmed among the smallest 
whales by body condition using criteria in Koski et al. (2010). Body 
condition was also used to adjust the age of whales 2– 7 years as de-
termined by length. For example, the youngest of these whales (i.e., 
2 years old) appeared to have the poorest body condition and body 
condition improved as young whales aged (see Figure 4 in Koski 
et al., 2010).

Age based on aspartic acid racemization was determined for 11 
harvested bowhead whales (four females; seven males). Both eye-
balls were stored at −20°C immediately after dissection from har-
vested whales, and one eyeball per whale was subsequently used 
for age estimation. Dissection of eye lenses and age estimation by 
the aspartic acid racemization (AAR) technique was performed using 
methods described in (Garde et al., 2007). Estimates of individual 
D/L ratios were converted to age estimates using the equation:

where racemization rates (kAsp) and D/L0 values from bowhead whales 
in Alaska and Greenland were used (George et al., 1999; Heide- 
Jørgensen et al., 2012; Rosa et al., 2004, 2013).

In total, genetic samples from 79 bowhead whales were included 
in the data set representing whales aged 1– 139 years (Table S2). 
Confidence in age estimates was assigned based on expert opinion 
associated with morphology age estimates and was generally lower 
for juveniles and the oldest whales. Total genomic DNA was ex-
tracted from skin biopsies using the automated sample preparation 
protocol on a QIAsymphony (Qiagen).

2.4  |  Methylation array

Total genomic DNA was quantified on a Qubit (ThermoFisher) 
fluorometer and approximately 250 ng genomic DNA from each 
sample was bisulphite converted and carried forward for the cus-
tom methylation array. The mammalian DNA methylation ar-
rays were profiled using a custom Infinium methylation array, 
HorvathMammalMethylChip40 (Arneson et al., 2022) based on 
37,492 CpG sites, including 35,541 probes selected to assess cyto-
sine DNA methylation levels in most mammalian species (Arneson 
et al., 2022). Oligonucleotide probes designed for each CpG site 
comprised 50 nucleotides terminating in a C- G dinucleotide to de-
termine the methylation state of CpGs. The particular subset of 
species for each probe is provided in the chip manifest file found 
at Gene Expression Omnibus (GEO) at NCBI as platform GPL28271.

Raw data were normalized using the SeSaMe pipeline to derive 
beta values (and associated p- values) for each probe and every in-
dividual sample (Zhou et al., 2018). Beta (β) values ranged from 0 to 
1, indicating the degree of methylation signal at each array probe 
and sample, where each array probe corresponds to a specific CpG 
site. A β value of 0 indicates that no gene copies were found to be 

Age (yrs) =
ln
(

1+D ∕ L

1−D ∕ L

)

− ln
(

1+D ∕ L

1−D ∕ L

)

2kAsp
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methylated at that site for a particular sample. Data were quality 
checked by comparing results for technical replicates (DNA ali-
quots for the same sample included >1 on the methylation array) 
and by performing unsupervised hierarchical clustering based on 
the interarray correlation coefficient (Pearson correlation) to clus-
ter samples. Three killer whale samples and two bowhead whale 
samples were identified as technical outliers and removed from 
the data set.

2.5  |  Biostatistical analysis

2.5.1  |  Penalized regression models

Details on the clocks (CpGs, genome coordinates) and R software 
code are provided in the Supporting Information. Penalized regres-
sion models were implemented using the glmnet package for R 
(Friedman et al., 2010). We evaluated models produced by “elastic 
net” regression methods based on the two main parameters lambda 
and alpha. Alpha is the elastic net mixing parameter used to deter-
mine the blend between a ridge regression (alpha = 0.0) and a least 
absolute shrinkage and selection (LASSO) regression (alpha = 1.0). 
The optimal penalty parameter (lambda) was determined auto-
matically using a 10- fold internal cross- validation (cv.glmnet) on the 
training set. The alpha value for the elastic net regression was set to 
0.5 (midpoint between Ridge and LASSO type regressions) and was 
not optimized for model performance.

The epigenetic clock training data set included 131 killer whale 
samples and 79 bowhead whale samples, where morphological age 
was estimated with a high degree (≥90%) of confidence. We per-
formed a cross- validation scheme to estimate the accuracy of the 
different DNA methylation- based age estimators. One type con-
sisted of leaving out a single sample (LOOCV) from the regression, 
predicting an age for that sample, and iterating over all samples.

We also trained two sex specific clocks for skin samples from 
both whale species.

Species characteristics were chosen from an updated version of 
the anAge database (de Magalhaes et al., 2007).

DNA from seven killer whale samples and 11 bowhead samples 
were run in duplicate as independent technical replicates to evaluate 
variance across methylation estimates. Model fit was examined by 
calculating the median absolute error (MAE) based on the morpho-
logical age for each individual in the training data set.

2.5.2  |  Epigenome wide association studies of age

EWAS was performed in each tissue separately using the R func-
tion “standardScreeningNumericTrait” from the “WGCNA” R pack-
age (Langfelder & Horvath, 2008). Next the results were combined 
across tissues using Stouffer's meta- analysis method. The analysis 
was performed using the genomic region of enrichment annota-
tion tool (McLean et al., 2010), and the gene level enrichment was 

conducted using GREAT analysis and human Hg19 background 
(McLean et al., 2010).

2.5.3  |  Gene ontology enrichment analysis

The analysis was done using the genomic region of enrichment an-
notation tool (McLean et al., 2010), and the gene level enrichment 
was performed as above using GREAT analysis (McLean et al., 2010) 
and human Hg19 background.

3  |  RESULTS

High quality DNA methylation profiles were generated from n = 131 
unique killer whale skin samples, from 3 different populations, and 
n = 79 unique skin samples from bowhead whales, plus technical rep-
licates at a rate of 7% and 14% for killer whales and bowhead whales, 
respectively. The same (HorvathMammalMethylChip40) methyla-
tion array platform was used for both species. The mammalian meth-
ylation array profiles CpGs with neighbouring DNA sequences that 
are conserved between different species of the mammalian class. 
We find that 30,467 CpGs out of 37,492 CpGs on the mammalian 
array map to the genome of killer whales.

Hierarchical clustering of the skin samples revealed two techni-
cal outliers among the bowhead whale samples and three technical 
outliers among the killer whale samples (possibly due to low amounts 
of DNA) that were subsequently removed from the analysis.

3.1  |  Epigenetic clocks

A confidence measure was associated with each chronological age 
estimate based on the best available data from repeated field ob-
servations or AAR data. Epigenetic clocks were developed from 
methylation data generated for individual whales with an assigned 
confidence of at least 90% in the chronological age estimate. In the 
elastic net regression model, we used a square root transformation: 
sqrt(Age+1) as dependent variable.

To arrive at unbiased estimates of the epigenetic clocks, we 
performed cross- validation analyses and obtained estimates of the 
age correlation r (defined as Pearson's correlation between the age 
estimate, DNAm age and chronological age), as well as the median 
absolute error (MAE).

From these we generated four epigenetic clocks (Figure 1) for 
cetacean skin samples based on varying numbers of CpGs (details 
can be found in Supporting Information and Table S3). The killer 
whale clock is based on 50 CpGs. The bowhead whale clock is based 
on 61 CpGs, and the bowhead whale clock for young animals (age 
<50 years) is based on 34 CpGs. The two- species clock for both killer 
whales and bowhead whales is based on 136 CpGs.

Technical replicates were generated from nine killer whale 
samples and 11 bowhead whale samples processed in duplicate. A 
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single replicate each of two samples exhibited anomalous results 
for the killer whale model and were dropped from the data set 
(Figures S1 and S2). Of the remaining samples, seven killer whale 
and 11 bowhead whale samples were analysed in duplicate. The 
average difference in estimated age for replicates was 0.17 years 
(SD = 3.619) and 1.15 years (SD = 5.945) for the species- specific 
killer whale and bowhead whale models respectively. In addition 
to the technical replicates, 13 individual killer whales were repre-
sented by multiple skin biopsies collected at known time points 
providing an opportunity to examine DNAm estimates for the 
same individual whale over time periods ranging from 2 to 9 years. 
DNAm age estimates differed from the time elapsed between 
sampling events by an average of 2.375 years (SD = 2.212), less 
than the overall mean MAE, and DNAm estimates showed a slight 
trend towards underestimating (rather than overestimating) the 
age difference between consecutive biopsy samples by 1– 7 years 
(Figure S3).

Sex specific clocks were trained using skin samples from both 
bowhead whales and killer whales (Figure 2). Both sex specific clocks 
are highly accurate in their respective sex (Figure 2a). However, the 
male clock applied to female samples (Figure 2c) leads to a system-
atic offset, whereby the male clock underestimates the ages of 

female samples, highlighting sex- specific differences in methylation 
rates with age.

3.2  |  Comparison of age related CpGs in 
bowhead and killer whales

The custom mammalian methylation array used contains 30,467 
probes that could be aligned to specific loci adjacent to 5730 
unique genes in the killer whale (Orcinus_orca.GCF_000331955.2_
Oorc_1.1) genome. The design of the mammalian methylation array 
targeting conserved DNA regions, extends this annotation to the 
bowhead whale data. Our epigenome wide association studies 
(EWAS) correlated each of these CpGs with chronological age in skin 
samples from bowhead whales (n = 79, age range = 1– 39 years) and 
killer whales (n = 131, age range = 0– 76 years). At a nominal p- value 
<10−5, a total of 1122 and 1578 age- related CpGs were identified in 
bowhead and killer whales respectively (Figure 3a, Table S3). Some 
of the top age- related CpGs include bowhead whales, hypometh-
ylation in FOSB exon, CAMK2G exon, PEX14 intron; killer whales, 
hypomethylation in CCSER2 exon, LOC117200810 downstream, 
LHX4 promoter, LOC101288163 upstream, and NOVA1 exon. In both 

F I G U R E  1  Accuracy of epigenetic 
clocks for skin samples from bowhead 
whales and killer whales. Each panel 
reports morphological or chronological 
age (x- axis) versus a leave one out (LOO) 
cross validation estimates of DNA 
methylation age (y- axis, in units of years). 
(a) Killer whale, (b) Bowhead whale clock 
trained on animals from the entire age 
range, (c) Bowhead whale clock trained 
on animals younger than 50. (d) Two- 
species clock for both killer whale and 
bowhead whales. Each panel reports 
the sample size, correlation coefficient, 
median absolute error (MAE) in units 
of years. Linear regression lines of 
predicted age ~ Age shown as a solid line. 
Dashed line is 1:1 reference lines if the 
predicted epigenetic age is identical to the 
chronological (observed) age.
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of these species, there was a modest excess of positive association 
of age with sites located within CpG islands compared to CpG non-
islands (Figure 3b). In general, age- related CpGs were found to be 
located in all genic and intergenic regions that can be defined rela-
tive to transcriptional start sites (Figure 3c). As expected, the pro-
portion of hypermethylated CpGs was higher in regulatory regions 
(promoter and 5'UTR) than other genic regions.

Comparing the CpG level changes in these two species identified 
a subset of 318 CpGs with a similar ageing pattern across both bow-
head and killer whales (Figure 3d). In general, the CpG level correla-
tion of DNAm ageing in these two species was only 0.32 (Figure 3e). 
While this finding warrants validation with larger sample size, our 
result suggests that bowhead and killer whales each have unique 
DNAm ageing signatures. We categorized the CpGs based on the 
pattern of change in these two species: (1) Shared signatures, which 
are the 318 shared CpGs that related to age in the same direction 
in both. Some examples include hypermethylation in EN1 5'UTR 
and hypomethylation in NOVA1 exon (Figure 4a). (2) Killer whale 
unique DNAm ageing signatures, for example, hypomethylation in 
IKZF2 intron, ABCB4 5'UTR (Figure 4b). (3) Bowhead whale DNAm 
ageing signatures, for example, hypomethylation in SNAP25 exon, 
EHD4 exon (Figure 4c). (4) The CpGs with contrasting ageing pattern 

between these two whale species, for example, while FRMD4A exon 
is hypermethylated with age in killer whales, it is hypomethylated in 
bowhead whales (Figure 4d).

3.3  |  Enrichment analysis of age related CpGs

We performed a gene level enrichment analysis of the identified 
age- related CpGs. Although there is a complex relationship between 
DNAm, gene and protein expression, an enrichment analysis can im-
plicate biological processes that are associated with ageing effects 
that are (a) shared between killer whales and bowhead whales and 
(b) are specific to each of these species. Similar to all other mam-
mals (Lu et al., 2021), age related CpGs that are shared between 
bowhead and killer whales are adjacent to genes that play a role in 
developmental pathways and are located near targets of polycomb 
repressive complex 2 (e.g., PRC2, EED, SUZ12, H3K27Me3, Figure 5, 
Table S4, Table S5, Table S6).

Bowhead whale specific age related CpGs were located near 
genes that play a role in Wnt, and Cadherin signalling, and several can-
cer related terms in MsigDB perturbation database (Figure 5a,b,e). 
The unique transcriptional factor motifs for age related changes in 

F I G U R E  2  Sex specific clocks in killer 
whales and bowhead whales. Results 
for two separate epigenetic clocks for 
skin samples from males and females, 
respectively. Two- species clock for both 
killer whale and bowhead whales but 
trained on a specific sex. Each panel 
reports morphological or chronological 
age (x- axis) versus a leave one out (LOO) 
cross validation estimates of DNA 
methylation age (y- axis, in units of years). 
(a) Leave one out (LOO) cross validation 
results for (i) the female clock applied 
to female samples (green dots) and (ii) 
the male clock applied to male samples 
(orange samples). (b) Female clock (y- axis) 
applied to male samples. (c) Male clock 
(y- axis) applied to female samples. Each 
panel reports the sample size, correlation 
coefficient, median absolute error (MAE) 
in units of years. Linear regression lines of 
predicted age –  age shown as a solid line. 
Dashed line is 1:1 reference lines if the 
predicted epigenetic age is identical to the 
chronological (observed) age.
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bowhead whale included targets of HMX1, SP1, ELK1, NRF2, and 
E12 (Figure 5d).

In contrast, killer whale specific CpGs implicated genes involved 
in membrane assembly, RXR signalling, nervous system development 
such as synapse formation (Figure 5a,c,d). The transcription factor AR 
was implicated by CpGs that are specific to killer whale (Figure 5d).

3.4  |  Tissue atlas for the bowhead whale

It will be interesting to study how methylation levels of CpGs differ 
across different tissue types. As a first step, we present a small tis-
sue atlas that profiles skin, skeletal muscle, liver, kidney, heart, and 
cerebral cortex from the bowhead whale (Figure 6). The tissue atlas 

F I G U R E  3  Comparative epigenome- wide association (EWAS) of age in bowhead and killer whales. (a) Manhattan plots of the EWAS of 
chronological age in skin of bowhead whales (n = 96) and Killer whales (n = 133). The coordinates are estimated based on the alignment of 
Mammalian array probes to Orcinus_orca.GCF_000331955.2_Oorc_1.1 genome assembly. The direction of associations with p < 10−5 (red 
dotted line) is highlighted by red (hypermethylated) and blue (hypomethylated) colours. Top 30 CpGs was labelled by the neighbouring 
genes. Details can be found in Table S4. (b) Box plot analysis of DNAm ageing association by CpG island status. The top age related CpGs 
in each species are labelled by adjacent genes (**** p < 10−4). (c) Location of top CpGs in each tissue relative to the adjacent transcriptional 
start site. The grey colour in the last panel represents the location of 30,467 mammalian methylation array probes mapped to the Killer 
whale genome. (d) Venn diagram of the overlap of significant CpGs for each species. Details can be found in Table S6. (e) Sector plot of DNA 
methylation ageing in skin of bowhead whales and Killer whales. Red dotted line: p < 10−5; blue dotted line: p > .05; Red dots: shared CpGs; 
black dots: tissue specific changes; blue dots: CpGs whose age correlation differs between bowhead whales and killer whales. Details can be 
found in Table S7.

(a)
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(d) (e)

(c)
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demonstrates that the top age related CpGs in bowhead whales and 
killer whales have consistent mean methylation levels across the dif-
ferent tissue types (Figure 6).

4  |  DISCUSSION

Using data sets from two divergent long- lived cetacean species, we 
present a robust epigenetic clock for both killer whales and bowhead 

whales using genomic DNA isolated from small skin biopsies that can 
be collected using remote, minimally invasive techniques from live 
animals. The tight correlation between epigenetic and chronological 
age for the two species is based on CpGs that are highly conserved 
across mammalian species (Arneson et al., 2022). The fit of the 
species- specific DNAm models describing the relationship between 
epigenetic and chronological age over the majority of the lifespan of 
bowhead whales (N = 96, r = .96) and killer whales (N = 133, r = .95) is 
comparable to the two- species model (R = .95; Figure 1), as well as 

F I G U R E  4  Scatter plots of age- related changes in selected CpGs in skin of bowhead and killer whales. (a) CpGs that change with age 
in both species. (b) Examples of killer whale specific changes. (c) Examples of bowhead whale specific changes. (d) Selected CpGs with 
divergent ageing pattern between bowhead and killer whales. Shaded regions indicate the 95% confidence intervals of the regression lines 
(solid lines). Details can be found in Table S6.
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F I G U R E  5  Gene set enrichment analysis of DNA methylation ageing in bowhead (BHW) and killer (KW) whales. The gene level 
enrichment was done using GREAT analysis and human Hg19 background. Data sets: (a) Gene ontology, (b) canonical pathways, (c) mouse 
phenotypes, (d) promoter motifs and (e) MSigDB perturbation. The results were filtered for significance at p < 10−3. The comparison columns 
are based on the shared or unique CpGs that were identified in the sector plot analysis (Figure 3e) of DNAm ageing in two species. Details 
can be found in Table S5.
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that described for other cetacean epigenetic age clocks, including 
those fit to data for beluga whales, humpback whales and bottlenose 
dolphins (Barratclough et al., 2021; Beal et al., 2019; Robeck, Fei, Lu, 
et al., 2021). The validated epigenetic clocks for skin described here 
provide a valuable tool for estimating the age of wild killer whales 
or bowhead whales from minimally invasive, remotely obtained skin 
samples, creating a new avenue for generating previously intracta-
ble life history parameters.

Recent technological advances and multiagency collaborations 
have supported the development and publication of a wide range 
of epigenetic clocks. A number of recent publications (including this 
one) have leveraged the use of an established, reproducible mam-
malian methylation array (HorvathMammalMethylChip40; Arneson 
et al., 2022) to validate epigenetic clocks for specific tissues and/
or species, highlighting the value of a generalized array targeting a 
large taxonomic group. While the value and potential applications of 
a universal mammalian epigenetic clock (Lu et al., 2021) are unequiv-
ocal, the landscape of the epigenome varies considerably across 
both species and tissue types, and existing data suggest that the 
predictive power and accuracy of DNAm clocks are improved when 
validated across large data sets representing both the species and 
the specific tissues of interest (Field et al., 2018; Zhang et al., 2019).

Recently published epigenetic clocks for equids (Horvath, 
Haghani, et al., 2022; Horvath, Haghani, Zoller, et al., 2022; Larison 
et al., 2021), marsupials (Horvath, Haghani, et al., 2022; Horvath, 
Haghani, Zoller, et al., 2022), or odontocetes (Robeck, Fei, Lu, 
et al., 2021) have leveraged the same mammalian methylation array 
to support development of epigenetic clocks for targeted taxa. 
Epigenetic clocks targeting multiple species provide additional 

flexibility by leveraging data from related species that are better 
represented by available sample numbers from known age indi-
viduals. The recommended minimum sample size of 70 individuals 
distributed uniformly across the age range to calibrate an epigen-
etic clock is a goal that can often be challenging to meet for spe-
cies of greatest conservation and management concern (Mayne 
et al., 2021). “Borrowing” information from related species to gener-
ate taxonomically broad epigenetic clocks can lessen the sampling 
burden on high priority species. The two- species clock presented 
here for both killer whales and bowhead whale performed similarly 
to the species- specific clocks, universal pan mammalian clocks have 
been developed using the same platform (Lu et al., 2021). However, 
both species and population specific effects on age- related meth-
ylation changes for comparable tissues are currently unknown, 
and, as demonstrated here, species specific clocks generally have 
greater accuracy than such universal clocks. Although speculated 
to be low, based on the conserved CpG sites targeted by methyla-
tion array employed here, additional studies examining intraspecific 
variance in age- related changes in DNAm would be of great valu-
able, particularly for species such as killer whales with sympatric, 
yet divergent, ecotypes (Baird et al., 1992; Foote et al., 2019; Ford 
et al., 1998; Riesch et al., 2012; Saulitis et al., 2000). Extrinsic fac-
tors including environmental stressors and dietary preferences are 
known to affect the epigenome (e.g. Feil & Fraga, 2012), and as-
sessing whether or not dietary preferences (e.g., mammals vs. fish) 
affect the CpGs included in these epigenetic clocks, and the associ-
ated age- related methylation patterns, is important for understand-
ing their broader applicability for globally distributed species such 
as killer whales.

F I G U R E  6  Tissue differences in the top age related CpGs in the skin of bowhead and killer whales. The bar plots indicate the mean 
methylation levels in different bowhead tissues. Sample size: Skin 79; Muscle 2; Liver 3; Kidney 2; Heart 1; Cortex 1. The error bars 
represent the standard deviation of methylation levels in tissues with more than one sample.
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The leave one out cross- validation (LOOCV) analysis indicates 
that the killer whale and bowhead epigenetic clocks estimated the 
age of sampled individuals with a median absolute error of 2.21 
and 3.77 years, respectively. The two- species clock performed 
similarly with a median error of 2.57 years. Bowhead whale lon-
gevity has been estimated to be greater than 200 years, based on 
the recovery of fragments of historical weapons and aspartic acid 
racemization (AAR) of the eye lens nucleus (George et al., 1999, 
2011; John & Bockstoce, 2008), highlighting that the epigenetic 
clock approximates age within +/− 2% of the bowhead lifespan. 
Here, we estimated the age of the longest- lived bowhead whale 
in our data set at 107 years for an individual with an AAR age 
139 years. Among the longest lived vertebrates, and the longest 
lived mammal (George et al., 1999), the bowhead whale data set 
is valuable as a species of extreme longevity. Recent work on 
lifespan estimators from methylation data estimate the maximum 
longevity of the bowhead whale to be on the order of 268 years 
(Mayne et al., 2019).

Among the epigenetic clocks published recently for odontocetes 
based on skin samples, there is a general trend towards a best fit for 
mid- range ages with DNAm age estimates tending to diverge from the 
chronological age at both ends of the age continuum (Barratclough 
et al., 2021; Bors et al., 2020; Robeck, Fei, Lu, et al., 2021). This 
trend is particularly evident for very long- lived individuals where 
the epigenetic age tends to underestimate chronological age, based 
on the relatively limited sample of individuals representing older 
age classes. Improving the fit of the epigenetic clocks for these age 
classes is challenging due to the very few known age individuals ap-
proaching maximum longevity for a given species. In addition, stud-
ies of semi- supercentenarian humans suggest epigenetic changes 
associated with exceptional longevity resulting in epigenetic ages 
that are younger than their chronological age (Gutman et al., 2020; 
Horvath et al., 2015). If this pattern extends to nonhuman mammals, 
this may inherently limit the accuracy of epigenetic clocks for indi-
viduals with longevity in these extreme age classes.

Cross validation of sex specific clocks for the two whale species 
provides novel insight into age related differences in methylation 
rates between males and females. Applying the male clock to female 
skin samples underestimates the ages of females (Figure 2c), which 
could be attributed to two reasons. First, technical variation cannot 
be ruled out. Second, the observed differences could indicate that 
females age more slowly than males. Sex differences in longevity are 
well documented in several cetacean species, including killer whales 
(Olesiuk et al., 2005). However, the latter hypothesis should be more 
carefully tested with additional samples and other molecular bio-
markers of ageing. Epigenetic clock studies in humans suggest that 
human females age more slowly than males (Horvath et al., 2016).

Age biomarkers, in general, often suffer from a paucity of sam-
ples of known age individuals for methods validation. Small sample 
sizes and intraspecific variability invariably contribute to uncertainty 
around age estimates for a range of biomarkers, however, the ability 
to assign individuals to age classes with a resolution greater than de-
cades can significantly advance efforts to parameterize population 

demographic models. The accuracy of DNAm age estimates is com-
parable to, and a slight improvement on, that estimated from en-
dogenous fatty acids (Herman et al., 2008, 2009) and eye- nucleus 
aspartic acid racemization (George et al., 1999; Nielsen et al., 2013; 
Olsen & Sunde, 2002; Rosa et al., 2013), with the distinct advantage 
of being able to apply epigenetic clocks to minimally invasive skin 
samples collected from living whales. Leveraging additional sources 
of morphological data through photographic identifications or aerial 
drone footage could further enhance the accuracy of age estimates 
and validation of age biomarkers such as epigenetic clocks (Cosens 
& Blouw, 2003; Frasier et al., 2020; Schweder et al., 2010; Young 
et al., 2022).

Information on population age structure is essential for identi-
fying trends in key demographic parameters including age- specific 
survivorship and fecundity, providing valuable insights into po-
tential sources of mortality and population drivers for populations 
of management and conservation concern (e.g., Caswell, 2001; 
Caughley, 1966; Fujiwara & Caswell, 2001; Holmes et al., 2007; 
Mosnier et al., 2014; Olesiuk et al., 2005). Beyond accurate age 
estimates for individuals, determining relative ages for pairs of in-
dividuals can further enhance abundance and survival estimates 
from capture- mark- recapture data, resolving ordinal age among 
parent- offspring pairs (Bravington et al., 2014; Jarman et al., 2015; 
Polanowski et al., 2014). The increasing accessibility of genomic se-
quencing services and age biomarkers, such as DNAm, that can be 
applied to tissues that can be collected with relative ease from living 
animals promises to increase the potential to address ecologically 
relevant questions for a wide range of cetacean species.
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