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ABSTRACT
DNA methylation and phenotypic variation in three North American large mammals
Natalie Czajka
DNA methylation (DNAm) is a useful indicator of phenotypic expression and diversity,
and can potentially inform adaptations to environmental changes. This thesis uses epigenetic
techniques to investigate the mechanisms underlying phenotypic variation in white-tailed deer,
black bear, and mountain goat, with a particular focus on age and body size. In the second
chapter, we aimed to contribute to wildlife monitoring by developing epigenetic clocks, or
predictive models of age, and diagnostic markers of age class and sex. In the third chapter, we
aimed to investigate the involvement of DNAm in body size variation of white-tailed deer by
developing a model predictive of hindfoot length, and by identifying CpGs and genes that may
be involved in hindfoot length variation. My results indicate that DNAm is an effective
predictive marker of various phenotypes in these North American large mammals, and that

epigenetic methods offer valuable insights for managing human impacts on wildlife.
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CHAPTER 1: GENERAL INTRODUCTION

1.1 GENERAL INTRODUCTION

Human populations have been increasing globally, growing from 2 to 8 billion during the
past hundred years, and the associated increase in human activity has directly and indirectly
impacted wildlife and the environment (Cafaro et al., 2022; Crist et al., 2017). The modification
of landscapes due to urbanization and other human-related disturbances drives habitat loss and
fragmentation (Crist et al., 2017; Liu et al., 2016); natural habitats are converted for human use
and often become unusable to wildlife, while major roads and railways reduce the connectivity
of suitable habitats and isolate animal populations (Liu et al., 2016; Brearly et al., 2013).
Humans also impact abiotic components of the ecosystem; greenhouse gas emissions, for
example, are the result of human industrial activities and cause increasing air and water
temperatures (He & Silliman, 2019). As human populations continue to grow and expand
spatially, more direct impacts on wildlife are expected to occur as a result of increased
interactions between humans and animals. These interactions include overhunting and increased
disease transmission, both of which can decimate wildlife populations and impact biodiversity
(Morrison et al., 2007; Brearly et al., 2013). There is therefore an increased need to mitigate
these issues and to help conserve species biodiversity (McCance et al., 2017).

Human impacts on wildlife are widespread but not uniform; studies suggest that large
mammals (>20 kg) are particularly susceptible to human disturbances (Morrison et al., 2007,
Wan et al., 2019; Laliberte & Ripple, 2004). Large mammals require larger habitats and are
therefore more impacted by habitat loss and fragmentation, and also tend to be preferentially

hunted for nutrition and economic value (Morrison et al., 2007; Wan et al., 2019). Large



mammals also face an elevated risk of extinction, which is thought to be due to a variety of traits
associated with increased vulnerability such as low reproductive rates (Cardillo et al., 2005).
North American mammals specifically may be experiencing a decreased ability to cope with
environmental challenges resulting from human activity, with harvested mammals experiencing
a higher probability of maladaptation (Zheng et al., 2023). Large mammals are essential to
ecosystem function and biodiversity as they regulate the availability of resources to other species
within the ecosystem (Sinclair, 2003). This is accomplished by influencing plant and animal
populations through predation and the modification of vegetation structure, consequently
impacting the movement of nutrients and contributing to ecosystem health and function (Sinclair,
2003). Within North America, large herbivores such as bison and moose influence ecosystem
composition through preferential grazing, regulating vegetation and creating habitat for other
animals (Lacher et al., 2019; Leroux et al., 2020). On the other hand, carnivores such as wolves
contribute through predation, culling prey species and providing food for species that feed on
carcasses (Wilmers & Getz, 2005). Protecting large mammal species against the impacts of
human activity is therefore essential for mitigating biodiversity loss and maintaining healthy

ecosystems in the face of environmental change.

1.2 ENVIRONMENTAL ADAPTATION

Genomic data can be used to elucidate many population features, such as the presence of
bottlenecks or inbreeding, population structure and size, and genetic variation (Willi et al., 2022;
Hohenlohe et al., 2021). These parameters can be important for conservation efforts, as they
inform what interventions may be necessary to preserve sustainable populations (Willi et al.,

2022; Hohenlohe et al., 2021). Genomic data can also be used to investigate how wildlife is, or



has, adapted to environmental changes. However, genetic changes such as mutations typically
accumulate across generations (Loewe & Hill, 2010); in large mammals, which tend to have long
lifespans and generation times, environmental changes are occurring too quickly for adaptive
responses that are reliant on the accumulation of mutations or other genetic changes (Hetem et
al., 2014). Phenotypic traits on the other hand, are the observable traits (e.g., morphology and
behaviour) exhibited by an individual and can be influenced by external factors such as
environmental conditions and life history traits (Nachtomy et al., 2007; Tangili et al., 2023).
Phenotypic diversity, or the variation in phenotypes within a population, allows for a response to
changing environments. Some traits will confer increased fitness in new conditions, allowing
subsequent generations to be better adapted to such conditions (McLean et al., 2012). For
example, smaller body size is sometimes associated with increased heat tolerance; decreased
growth within a population may therefore be a phenotypic change in response to increasing
global temperatures (e.g., Brans et al., 2017; Elayadeth-Meethal et al., 2018). Ageing is another
phenotype that has adaptive implications in a changing environment; a population with
individuals who age and subsequently die off allows for the elimination of older individuals who
may be less suited to a new or altered environment (Martins, 2011). Phenotypes can also be
plastic, meaning a single genotype can produce a different phenotype in different environments
(Kelly, 2019). Phenotypic plasticity itself can be an adaptive response, but it also plays a role in
species adaptations to environmental changes through the alteration of which phenotypes are
expressed in a population; this can include varying responses to cyclic or seasonal patterns, or
the increased ability to acclimate to abiotic variables such as temperature or pH (Kelly, 2019).
Phenotypes also act as indicators of several factors that are important to consider when

developing and applying management and conservation interventions. For example, age and



ageing can inform processes such as survival, population growth, and harvest sustainability
(Udevitz & Ballachey, 1998; Hecht, 2021; Harris & Metzgar, 1987; Milner et al., 2007).

As phenotypes are the observable manifestation of biological changes, understanding
what mechanisms underlie phenotypic traits can provide insight into how large mammals may
adapt to a changing environment and can inform the management and conservation of such

species.

1.3 EPIGENETICS AND DNA METHYLATION

Epigenetic processes cause changes in gene expression that occur without altering a DNA
sequence, and thus act as a bridge between genotype and phenotype (Bollati & Baccarelli, 2010).
A common epigenetic modification is DNA methylation (DNAm). DNAm involves the transfer
of a methyl group, typically to or from a cytosine (C) base within a DNA sequence through the
actions of a family of enzymes called DNA methyltransferases (Jung & Pfeifer, 2015; Lyko,
2018; Moore et al., 2013). In mammalian genomes, this process often occurs at locations where a
cytosine base is followed by a guanine (G) base, also referred to as cytosine-phosphate-guanine
(CpG) sites (Moore et al., 2013). DNAm plays a role in gene expression; the addition of methyl
groups often prevents the normal activation and expression of genes by blocking transcription,
the process by which proteins are formed and genes are activated (Gibney & Nolan, 2010; Dhar
et al., 2021; Gallego-Bartolomé¢, 2020; Jones et al., 2015). However, DNAm is a reversible
modification, and the removal of a methyl group from a cytosine will once again make DNA
accessible for transcription (Dhar et al., 2021; Unnikrishnan et al., 2019). Through its regulatory
role in gene expression, DNA methylation influences what phenotype is expressed, underlying

phenotypic diversity (Rosenfeld, 2010). Variations in DNAm patterns have already been linked



to traits such as ageing (Jin & Liu, 2018) and body size (e.g., Rzehak et al., 2017), two
phenotypes that can inform environmental adaptations (Lenart & Bienertova-Vasku, 2017; Brans
et al., 2017) and contribute information to wildlife management and conservation decisions.

DNA methylation undergoes a predictable decline across the genome with increased age
(Moore et al., 2013; Dhar et al., 2021; Jones et al., 2015, Unnikrishnan et al., 2018). In
mammals, this process is thought to result from a lack of DNAm preservation during cell
divisions, the process by which tissues are grown and maintained; this lack of preservation
results in a gradual loss of DNAm as individuals age and have increased occurrences of cell
division (Jones et al., 2015; Teschendorff et al., 2013). Certain CpG sites within the genome also
experience predictable site-specific increases or decreases in DNAm associated with increasing
age (Jones et al., 2015; Unnikrishnan et al., 2019). Specific CpG sites where methylation reliably
changes with age can be used as biomarkers, allowing for individual age prediction based on
DNA methylation levels (Horvath & Raj, 2018; Unnikrishnan et al., 2019).

Variations in DNAm have also been linked to body size (e.g., Rzehak et al., 2017; Cao et
al., 2015; Renard et al., 2022); however, body size is often cited as a polygenic trait, meaning it
involves multiple genes, and the mechanism underlying this relationship likely varies between
species (Posbergh & Huson, 2021; Makvandi-Nejad et al., 2012). Some studies contribute body
size variation to differential methylation at genes involved in growth (e.g., Renard et al., 2022;
Ma et al., 2019). Others also implicate global DNA methylation; for example, global
hypomethylation in some species of ant larvae results in larger workers, while hypermethylation
leads to smaller workers (Renard et al., 2022). In contrast, studies conducted in mammals found
lower levels of DNA methylation in populations with smaller body sizes (Cao et al., 2015;

Cossette et al., 2022).



1.4 STUDY SPECIES

White-tailed deer (Odocoileus virginianus), black bear (Ursus americanus), and
mountain goat (Oreamnos americanus) are three species of North American large mammals,
with population distributions ranging across Canada and the United States (Smith, 1991; Coté
and Festa-Bianchet 2003; Scheick & McCown, 2014). These species hold cultural importance for
many North American Indigenous peoples; all three species are harvested as part of traditional
food sources (Parlee et al., 2021; Schuster et al., 2012; Tryland et al., 2018), and are also staples
in traditional clothing, ceremonies, and symbolism (Samuel, 1990; Clark et al., 2021; Hewitt,
2015). These animals also contribute to local economies through multiple avenues. As big game
species, these animals are sought after by recreational hunters and thus contribute to a multi-
billion-dollar industry (Hewitt, 2015). These animals are also charismatic and are often sought
out as a part of ecotourism (Honey et al., 2016; Hewitt, 2015; Vayro, 2023).

White-tailed deer, black bear, and mountain goat provide examples of phenotypic
changes influenced by environmental variation, demonstrating the potential impact of human
activity on large mammal species. White-tailed deer demonstrate strong phenotypic responses in
body size directly related to population density and inversely related to food availability
(Wolverton et al., 2009). These environmental factors are influenced by human activity through
pathways such as hunting and habitat suitability (Marantz et al., 2016; Darlington et al., 2022).
Female black bears living in proximity to urban areas are documented to have larger body sizes,
likely due to the increased availability of alternative food sources (e.g., crops, garbage) (Nelson
et al., 2024). Mountain goats are suggested to be particularly sensitive to environmental
disturbances, and various studies document a relationship between availability and quality of

vegetation and body size in kids (Coté & Festa-Bianchet, 2001; Pettorelli et al., 2007). Warmer



temperatures may therefore impact body size in this species through an influence on vegetation
(Pettorelli et al., 2007). In addition to body size, climate also impacts variation in horn size
(Martchenko et al., 2022). All three species also demonstrate age-related survival rates which in
part result from environmental factors such as weather, predation, and hunting pressures
(Delgiudice et al., 2006; Reynolds-Hogland et al., 2022; White et al., 2011). For example, older
mountain goats seem to be more susceptible than younger individuals to harsh winter conditions
(White et al., 2011), while white-tailed deer demonstrate a greater impact of predation on older
individuals and a greater impact of hunting pressure on younger individuals (Delgiudice et al.,
2006). These age-related effects emphasize the importance of understanding what underlies the
interactions between age and environment, particularly when considering harvested and managed
species.

The goal of this thesis is to investigate the epigenetic mechanisms underlying phenotypic
variation in white-tailed deer, black bear, and mountain goat, with a specific focus on age and
body size. In the second chapter, we quantified differential DNA methylation patterns at over
30,000 cytosine-guanine sites (CpGs) from tissue samples of all three species to develop
epigenetic clocks, or predictive models of age. We also characterized individual CpG sites within
each species that demonstrated clear differences in methylation levels between age classes and
sex, which can be used to develop a suite of accessible diagnostic markers. We predicted that we
would be able to identify CpG sites that are correlated to and predictive of age, and the aim of
this chapter was to develop a tool with the potential to contribute to wildlife monitoring by
providing easily obtainable representations of age structure in managed populations. In the third
chapter of this thesis, we investigated the relationship between DNA methylation and hindfoot

length in white-tailed deer. Here, we aimed to develop a model that is predictive of hindfoot



length, identifying CpGs predictive of this measure, and to identify genes that may be involved
in hindfoot length variation. This chapter aimed to investigate the involvement of DNA
methylation in body size variation and introduce new avenues for applying this relationship to
wildlife management. Ultimately, the overarching goal of this thesis was to explore phenotypic
traits from the epigenetic perspective, and to develop epigenetic tools that can aid and inform

management decisions regarding three iconic North American large mammals.



CHAPTER 2: EPIGENETIC CLOCKS, SEX MARKERS, AND AGE-CLASS

DIAGNOSTICS IN THREE HARVESTED LARGE MAMMALS

2.1 ABSTRACT

The development of epigenetic clocks, or the DNA methylation-based inference of age, is an
emerging tool for ageing in free ranging populations. In this study, we developed epigenetic
clocks for three species of large mammals that are the focus of extensive management
throughout their range in North America: white-tailed deer, black bear and mountain goat. We
quantified differential DNA methylation patterns at over 30,000 cytosine-guanine sites (CpGs)
from tissue samples of all three species (black bear n =49; white-tailed deer n =47; mountain
goat n =45). We used a penalized regression model (elastic net) to build explanatory (black bear
r=.95; white-tailed deer r =.99; mountain goat r =.97) and robust (black bear Median Absolute
Error or MAE = 1.33; white-tailed deer MAE = 0.29; mountain goat MAE = 0.61) models of age
or clocks. We also characterized individual CpG sites within each species that demonstrated
clear differences in methylation levels between age classes and sex, which can be used to
develop a suite of accessible diagnostic markers. This tool has the potential to contribute to
wildlife monitoring by providing easily obtainable representations of age structure in managed

populations.



2.2 INTRODUCTION

DNA methylation (DNAm) is an epigenetic modification primarily associated with the
regulation of gene expression (Gallego-Bartolomé, 2020; Jung & Pfeifer, 2015). The process
involves the transfer of a methyl group to or from a cytosine base (Jung & Pfeifer, 2015; Lyko,
2018; Moore et al., 2013). In mammalian genomes, this occurs primarily at cytosines that
precede a guanine, also referred to as CpG sites (Moore et al., 2013). The role of DNAm in gene
expression occurs at the transcriptional level where the addition of a methyl group is associated
with chromatin condensation and the prevention of binding by transcriptional machinery,
preventing the regular formation and activation of genes (Dhar et al., 2021; Gallego-Bartolomé,
2020; Jones et al., 2015). Likewise, the removal of a methyl group from a cytosine makes DNA
available for transcriptional machinery and gene activation (Dhar et al., 2021; Unnikrishnan et
al., 2019).

DNA methylation patterns have predictable changes with age (Moore et al., 2013);
increasing age is associated with a global decline in DNAm (Dhar et al., 2021; Jones et al., 2015;
Unnikrishnan et al., 2018). This process is thought to result from deregulation of DNAm during
cell division and leads to an overall loss of DNAm as individuals age, or alternatively with the
increased number of cell divisions (Jones et al., 2015; Teschendorff et al., 2013). Increasing
chronological age can also be associated with site-specific increases or decreases in DNAm at
predictable CpG sites within the genome (Jones et al., 2015; Unnikrishnan et al., 2019). Specific
CpG sites where methylation reliably changes with age can therefore be used as biomarkers for
chronological age, allowing for individual age prediction based on DNA methylation levels
(Horvath & Raj, 2018; Unnikrishnan et al., 2019). The methylation-based inference of age,

referred to as epigenetic clocks, is a conserved molecular mechanism across mammals (Lu et al.,

10



2023), but species and population differences in the molecular ageing process can arise due to
external factors, specifically environmental conditions and life history traits (Tangili et al.,
2023). Tissue-specific DNAm patterns also have been identified, with different tissues
potentially reflecting different epigenetic ages (Jones et al., 2015). Collectively, this leads to
universal, species-specific, and even tissue-specific epigenetic clocks (Lu et al., 2023; Robeck et
al., 2021).

Epigenetic clocks confer many benefits when compared to traditional ageing methods in
mammals, such as tooth section analysis, which are typically labour-intensive, invasive, and hard
to implement at a large scale (Chinnadurai et al., 2016; Gasaway et al., 1978; Veiberg et al.,
2020). DNAm data can be obtained from a variety of sources of DNA, including hair or faecal
collection (Hao et al., 2021; Liu et al., 2021). Identifying a small number of CpG sites that
strongly correlate with chronological age can facilitate the development of diagnostic markers,
lowering processing costs of age estimation without sacrificing accuracy (Han et al., 2018). This
approach has relevance for harvested and managed populations, where age information is often
directly used to better understand processes such as survival, population growth and harvest
sustainability (Harris & Metzgar, 1987; Hecht, 2021; Udevitz & Ballachey, 1998).

No species-specific epigenetic clock has yet been developed for white-tailed deer
(Odocoileus virginianus), black bear (Ursus americanus) or mountain goat (Oreamnos
americanus). These three North American species hold significant cultural importance for many
North American Indigenous peoples, as all three are often harvested as part of traditional food
sources (Parlee et al., 2021; Schuster et al., 2011; Tryland et al., 2018). These species also
contribute significantly to local economies through their involvement in hunting and associated

activities. All three species are the subject of intensive management throughout their range

11



(Hristienko & McDonald, 2007; McShea, 2012; Smith, 1988), and these efforts often rely on age
information. Current ageing methods for these species offer various challenges, though all three
can typically be aged to at least age class by diagnostic phenotypes such as antlers and body size.
Mountain goats are most often aged by the number of horn annuli, which is challenging and less
accurate in older animals (Stevens & Houston, 1989). Deer are typically aged by tooth wear, a
method highly influenced by environmental conditions such as soil and vegetation type (Foley et
al., 2021). Tooth section analysis is the preferred method for ageing bears (Harshyne et al.,
1998), which is labour-intensive but accurate. Further, most current ageing methods require
physical handling of the animal, while non-invasive ageing methods, such as using body size or
antler characteristics during aerial survey, are coarse and can lead to biases due to reduced
detectability of certain age classes or misidentification (Davis et al., 2022). In this study, we
developed epigenetic clocks for white-tailed deer, black bear, and mountain goat by quantifying
differential DNA methylation patterns across known chronological ages. We also characterized
individual cytosine-guanine sites (CpGs) within each species that were highly correlated with

age class and sex to develop a suite of accessible diagnostic markers.

2.3 METHODS
2.3.1 Sample collection and DNA extraction

We collected tissue samples from three species of North American large mammals,
American black bear (n =49), mountain goat (n =45) and white-tailed deer (n=47) sampled
across Canada and the United States; collected tissues primarily consisted of skin (black bear) or
a combination of skin and muscle (mountain goat and deer; Table 1; Data S1). Mountain goat

and a subset of deer samples were collected by local managers, while some deer samples in

12



Ontario were provided voluntarily by hunters; these samples were stored immediately in ethanol.
Bear tooth samples were provided by hunters via mail. All samples were then frozen upon arrival
at the laboratory at —20°C until processing. Animals were aged to class in the field by hunters or
managers, and chronological age was later estimated using either tooth section, tooth wear, horn
annuli, or a combination (Data S1).

DNA was extracted from samples using the QTAGEN DNeasy Blood & Tissue Kit,
following the manufacturer's standard protocol (Qiagen, Valencia, CA), and the concentration
was measured using a QUBIT 3 fluorometer (Thermo Fisher Scientific). Samples with an
extracted DNA concentration under 10 ng/uLL were re-extracted or concentrated using a
vacufuge. DNA was then standardized to 300 ng per 20 pL and plated in 96-well plates following
an order determined using the R package Omixer version 1.6.0, which randomized plating order
by covariates (i.e., age and sex) to minimize batch effects (Sinke et al., 2021). DNA was
subjected to bisulfite conversion with the EZ-96 DNA methylation kit (Zymo Research, Irvine
CA) and analysed using a large-scale Illumina methylation array
(HorvathMammalMethylChip40) following the manufacturer's standard protocol (Illumina, San
Diego, CA). Arrays were run on the iScan system, both in house (Jones Lab, University of
Manitoba) and through a paid service (University of California, Los Angeles). The array
quantifies DNA methylation levels at 37,492 CpG sites (Arneson et al., 2022) by measuring the
methylated and unmethylated states of each CpG using a single probe with two colour channels;
the methylated signal is measured by the intensity of a green colour channel, while the

unmethylated signal is measured by the intensity of a red colour channel.
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2.3.2 DNA methylation data and selection of species-specific CpGs

Raw DNA methylation data were provided as the intensity values for each CpG. These
data were normalized and translated to beta values, defined as the ratio between methylated and
unmethylated intensity, using the minfi normalization method (Fortin et al., 2017), version
1.42.0. The ComBat function from the R package sva version 3.44.0 (Leek et al., 2012), which
applies parametric empirical Bayesian to account for batch effect, was applied (with age as an
adjustment variable). For each species, the array probes were filtered to exclude CpGs that were
not detected in the corresponding reference genome (black bear assembly accession no.—
GCA_003344425.1; white-tailed deer—GCA 014726795.1; mountain goat—
GCA _009758055.1). Here, species-specific CpGs were determined by aligning probes to each
genome using QuasR version 1.12.0 (Gaidatzis et al., 2015); probe sequences that did not align
were discarded from subsequent analyses.
2.3.3 Clock development and diagnostic CpGs

Epigenetic clock development followed the approach of Wilkinson et al. (2021). We
created penalized regression models using elastic net regression within the glmnet R package
version 4.1-6 (Friedman et al., 2010). A 10-fold internal cross-validation on the training set
(black bear: n =47, white-tailed deer: n =33, mountain goat: n =40) was used to determine the
optimal penalty parameter (A). In addition to fitting models to untransformed chronological age
data, two different transformations were applied and models were compared to determine
optimal linear fit using median absolute error: log-transformed (log[x + 1]) chronological age,
and square-root-transformed (sqrt[x + 1]) chronological age. We performed a leave-one-out
(LOO) cross-validation to obtain unbiased estimates of accuracy in regard to the DNAm age

estimations, and we reported as estimates the correlation (r) between the DNAm age estimate
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and estimated chronological age, and median absolute error (MAE), defined as the median
absolute difference between predicted DNAm age and estimated chronological age. We also
predicted DNAm age using the universal pan-mammalian epigenetic clock (Lu et al., 2023);
three universal clocks were applied to each species based on a subset of probes, and the
difference between predicted DNAm ages and chronological age was calculated (A). We
compared A values from species-specific clocks to those from the universal clock.

Lastly, the calculated optimal penalty parameter was used to generate a list of specific
CpGs that strongly correlated with age class in each study species. For each of these, DNA
methylation levels across samples were plotted by age class: (i) white-tailed deer: fawn
(0.5 years old), subadult (1.5-2.5 years), adult (>2.5 years); (ii) mountain goat: yearling (1 year),
subadult (2-3 years), adult (>3 years); (iii) black bear: cub (1 year), subadult (2—4 years), adult
(>4 years). We compared mean methylation levels between pairs of classes using a Wilcoxon
test, and between all three classes using a Kruskal-Wallis test. Cytosine-guanine sites that
showed significant differences in mean DNA methylation levels between age classes were
selected as diagnostic CpGs (a=.05). To identify CpGs diagnostic of sex, epigenome-wide
association studies (EWAS) were conducted using the limma package v.3.56.2 (Ritchie et al.,
2015); here, we used the normalized beta values of aligned probes with age and sex as fixed
effects. The most significant CpG identified by the model was extracted from the data set, and

we compared mean methylation levels between sexes using a Wilcoxon test.

2.4 RESULTS

2.4.1 Species-specific epigenetic clocks and diagnostic CpGs
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A total of 21 samples across species were excluded from clock development due to
quality control metrics (Data S1). The independently constructed clocks included samples from
the remaining 120 individuals: 47 black bear samples, 33 white-tailed deer and 40 mountain goat
samples. The chronological age of samples ranged 0.5-10.5 years in white-tailed deer, 1—

12 years in mountain goats and 1—19 years in black bears. Of the 37,492 probes used in the
methylation array, 33,751 probes were aligned to the black bear genome, 34,070 to white-tailed
deer and 31,655 to mountain goat.

The clock using the log-transformed age model yielded the highest accuracy across
species, demonstrating the lowest median absolute error (Figure S1). Based on A, each age
prediction model identified a subset of CpGs that were predictive of age in the different species:
38 CpGs in white-tailed deer (A =.116), 38 in mountain goat (A =.143) and 30 CpGs in black
bear (A=.297; a list of all significant CpGs and associated genes can be found in Data S2). These
final log-transformed species-specific clocks were predictive of chronological age: (i) black bear:
r=.95, median absolute error or MAE = 1.33 years; (ii) white-tailed deer: r=.99,

MAE = 0.29 years; and (iii) mountain goat: r=.97, MAE = 0.61 years (Figure 1).

DNA methylation levels of the CpGs used in the species-specific clock were grouped by
age class and Kruskal-Wallis and Wilcoxon statistical tests were performed (Figures S2—S4);
clear differences in mean DNAm level were found between all pairs of age classes in eight black
bear CpGs, four mountain goat CpGs and two white-tailed deer CpGs. The three CpGs in each
species demonstrating the largest differences between age classes are shown (Figure 2a,c,e).
Methylation levels according to sex were plotted for the most significant CpG identified by our
EWAS model for each species, and a pairwise comparison between sexes was conducted using a

Wilcoxon statistical test; significant differences were found between the mean methylation levels
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of each sex for all three species (Figure 2b,d,f; a list of the most significant CpGs per species and
associated genes can be found in Data S3).
2.4.2 Universal clock comparison

We applied three previously published universal pan-mammalian clocks to each species
and compared the resulting predicted age to known chronological age to determine accuracy (Lu
et al., 2023). Of these three clocks, Clock 1 performed poorly, reflected in high A values and
negative age predictions (Data S4). Mean A values were lowest for Clock 2 and were as follows:
2.27 for black bear, —0.83 for white-tailed deer, and —2.66 for mountain goat (Figure 3a—c).

Species-specific clocks showed lower A values (Figure 3d—f).

2.5 DISCUSSION

We report the development of novel species-specific clocks for three harvested large
mammals in North America: white-tailed deer, black bear and mountain goat. We also identified
individual diagnostic CpGs for age-class and sex that negate the need for a genome-wide array,
which would greatly increase accessibility and decreases cost. These identified CpGs could be
adapted to bead-based genotyping (Sato et al., 2011), pyrosequencing (Fleckhaus & Schneider,
2020) or gPCR assays (Bendixen et al., 2023), even bisulfite Sanger sequencing is an option
(Brisotto et al., 2015). Further, the developed species-specific clocks represent a tool for
estimating the age of these three species with low error and invasiveness, while circumventing
reliance on diagnostic phenotypes. Importantly, these clocks can be applied to samples that
cannot be aged using traditional methods (e.g., a mountain goat with broken horns or butchered

and processed animals).
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The species-specific clocks demonstrated reduced error in predicted ages when compared
to the published pan-mammalian epigenetic clocks, which is consistent with the literature that
suggests species-specific clocks improve the accuracy of age predictions (Peters et al., 2023).
This finding is likely reflective of models built specific to the species—only a small number of
CpGs overlapped with those used in the universal clocks (Data S2)—which excludes >300 CpGs
used in universal clocks including those not present in a species genome. While the clocks we
developed share similar patterns to other mammals (e.g., Caulton et al., 2021; Robeck et al.,
2023), the residuals appear to increase with age, notably in bears and mountain goats, suggesting
reduced accuracy in older individuals. This is possibly due to error in the chronological ages
used in our model. Age-related decline in the accuracy of traditional ageing methods is common
in all three study species (Foley et al., 2021; Harshyne et al., 1998; Stevens & Houston, 1989;
Storm et al., 2014). External factors such as disease (e.g., Bobak et al., 2022), inbreeding
(Larison et al., 2021) and stress (Pacht et al., 2021; Zannas et al., 2015) can also influence
biological ageing in the form of DNAm and could also be contributing uncertainty to the model.

Tissue samples used for the development of our clocks were predominantly skin for black
bear, with a mixture of skin and muscle for mountain goat and white-tailed deer. Epigenetic
clocks calibrated to different tissue types can differ in accuracy and predicted DNAm age since
methylation patterns differ among tissues (e.g., Robeck et al., 2021). The mixture for tissue types
would produce a pan-tissue clock for mountain goat and deer (e.g., Lu et al., 2023), but tissue
types would need to match those in black bear in order to properly apply our developed clocks.
All tissue types collected in this study are typically collected by managers and field researchers,

so this should not limit future application.
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2.5.1 A tool for wildlife monitoring

Epigenetic clocks, once built, provide a reproducible and accurate tool for age prediction
that has important potential for use in wildlife management. Identifying the CpGs predictive of
age (<40 in our case) allows for the later development of assays that could be implemented at a
relatively large scale. For example, many regions use barbed-wire hair snares for bear population
estimates (Beier et al., 2005; Kendall et al., 2008); it is conceivable that with the same sample
used for individual identification, a targeted DNAm assay could provide age and sex information
on a population scale (e.g., Hao et al., 2021). Epigenetic clocks from hair samples, for example
10-20 follicles (Hao et al., 2021), have successfully been developed in animals such as cattle and
demonstrate an accuracy not much lower than those developed using biopsy-based samples
(Hayes et al., 2021). Assaying a small number of CpG sites can reduce costs and equipment
requirements, creating the potential for more rapid and accessible ageing tools (e.g., Polanowski
et al., 2014). Here, qPCR techniques are quite promising given their sensitivity and accessibility
(Bendixen et al., 2023).

The use of age structure information is key in achieving one of the primary goals of
wildlife management, which is to maintain harvested populations at sustainable levels. This is
often accomplished by limiting or focussing harvest on specific age classes and sexes (Milner et
al., 2007), which benefits from reliable data on population age structure that can be difficult or
expensive to obtain. For example, the inclusion of calves and yearlings to the harvest quota of
moose in Norway decreased pressure on adult females; the associated increase in average female
age led to increased fecundity and population growth (Solberg et al., 1999). In other situations,
the selective harvest of older individuals (i.e., those experiencing reproductive senescence) can

increase the reproductive rate of a population (Milner et al., 2007). Epigenetic clocks could be
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used to monitor, or augment monitoring, by providing accurate estimates of population age
structure, which can then be used to determine whether such management initiatives are
warranted and to monitor their success. These clocks also may offer new avenues for developing
robust estimates of age structure for species that are difficult or impossible to monitor in other

ways.
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TABLES AND FIGURES

Table 1. Basic sample information, including species common and Latin names, age ranges of

samples (in years), locations of sample collection, and number of individuals from each sex.

Common Age Tissue

Name Latin Name Range Females Males Type Location

American Ursus 1-19 24 25 Skin, Ontario,

black bear americanus Fibroblast Canada

White-tailed Odocoileus 0.5- 21 26 Skin, Ontario,

deer virginianus 10.5 Muscle, Canada; Texas,
Blood USA

Mountain Oreamnos 1-12 22 23 Skin, Alaska, USA;

Goat americanus Muscle, Washington,
Larynx USA
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Figure 1. Leave-one-out cross-validation study of species-specific epigenetic clocks for A black
bear, B white-tailed deer, and C mountain goat. DNAm age prediction (y-axis, in units of years)
versus estimated chronological age (x-axis, in unit of years). The solid line indicates the linear

regression of epigenetic age, and the dashed line depicts the diagonal (y = x). Cor represents the

correlation coefficient (), and MAE represents the median absolute error.
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Figure 2. Boxplot of methylation level across age classes (A, C, E) and sex (B, D, F) at specific
CpGs in black bear, white-tailed deer, and mountain goat. P-value significance level for pairwise
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CHAPTER 3: INVESTIGATING BODY SIZE VARIATION IN WHITE-TAILED DEER

AND THE INFLUENCE OF DNA METHYLATION

3.1 ABSTRACT

Body size is an important phenotypic measure for investigating responses to
environmental or evolutionary pressures, as it serves as a simultaneous manifestation of short-
term responses and long-term adaptations of organisms to their environments. Changing body
sizes indicate a species’ response to environmental changes such as climate warming, food web
resilience, and habitat quality. The relationship between phenotypic variation and gene
expression allows for this body size variation to be investigated through the analysis of DNA
methylation. In this study, we quantified differential DNA methylation patterns at over 30,000
cytosine-guanine sites (CpGs) from tissue samples (n=148) taken from white-tailed deer of
varying age classes and applied a previously established species-specific epigenetic clock to
estimate age. We then used a penalized lasso regression to develop a model that is predictive of
hindfoot length in white-tailed deer (» = 0.88, MAE = 1.31). We also identified 9 specific CpG
sites that are associated with genes that may be involved in hindfoot length variation. This study
supports the involvement of DNA methylation in body size variation and introduces new

avenues for applying this relationship to wildlife management.
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3.2 INTRODUCTION

Whereas genotype refers to static states of DNA molecules, phenotype typically
encompasses observable traits (e.g., morphology and behaviour) that can be influenced by
external factors such as environmental conditions and life history traits (Nachtomy et al., 2007;
Tangili et al., 2023). The variation within a phenotype, or phenotypic diversity, plays an
important evolutionary role; populations can respond to an environment by favouring traits that
increase fitness at the individual level, thus enabling adaptations to novel and changing
conditions (McLean et al., 2012). This leads to the prevalence of more tolerant phenotypes, or
those that are better adapted to the new conditions. Understanding the mechanisms that drive and
influence phenotypic variation is therefore important for understanding the evolution of
individual traits and for predicting species’ responses, and potential for responses, to
environmental change. This is particularly relevant as human activity, and the associated impacts
on wildlife and the environment, is increasing and leading to drastic ecological changes such as
increasing air and water temperatures (Cafaro et al., 2022; Crist et al., 2017; He & Silliman,
2019).

While external factors such as environmental conditions influence phenotypic variation,
drivers of this variation can also occur at the molecular level. Gene expression is a fundamental
biological process that involves the transcription and translation of genetic information to
produce essential cellular components such as proteins (Gibney & Nolan, 2010). The regulation
of gene expression involves the interaction of numerous mechanisms across various biological
processes (Gibney & Nolan, 2010). One such regulatory mechanism is DNA methylation
(DNAm), an epigenetic process involving the transfer of a methyl group typically to or from a

cytosine base (Jung & Pfeifer, 2015; Lyko, 2017; Moore et al., 2013). Within mammalian
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genomes, this chemical modification predominantly occurs at sites within the genome where a
cytosine base is followed by a guanine base, referred to as CpG sites (Moore et al., 2013). The
interaction between DNAm and gene expression is largely at the transcriptional level, as the
addition of methyl groups obstructs the normal activation of genes by impacting chromatin
condensation and the binding of transcriptional machinery, thus leading to transcriptional
silencing (Gibney & Nolan, 2010; Dhar et al., 2021; Gallego-Bartolomé, 2020; Jones et al.,
2015). DNAm is also a reversible process; gene activation can be re-attained through the
removal of a methyl group from a cytosine, once again making DNA accessible to transcriptional
machinery (Dhar et al., 2021; Unnikrishnan et al., 2019). The role of DNAm in gene expression
is taxonomically widespread and has been documented in groups such as mammals, fish, and
amphibians (Yagi et al., 2008; Anastasiadi et al., 2018).

By regulating gene expression without altering the underlying DNA sequence, DNAm is
also implicated in phenotypic diversity (Rosenfeld, 2010). The analysis of DNAm therefore not
only contributes to our understanding of phenotypic diversity, but also offers insight into what
processes drive evolution. Studies have already begun to investigate the relationship between
DNAm and phenotypic traits, with large-scale studies investigating the influence of DNA
methylation in mammalian traits (Haghani et al., 2023). Variations in DNAm patterns have been
linked to traits such as disease and aging (Jin & Liu, 2018), body temperature (e.g. Varriale &
Bernardi, 2006), and body size and composition (e.g. Rzehak et al., 2017; Cao et al., 2015; Ma et
al., 2019).

Body size (length, mass etc.) is a phenotype that is strongly influenced by environmental
variation; for example, smaller body size is sometimes associated with increased heat tolerance,

potentially informing phenotypic change in response to increasing global temperatures (e.g.,
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Brans et al., 2017; Elayadeth-Meethal et al., 2018). These patterns also apply across taxa, with
larger mammalian species typically occupying colder climates and higher latitudes (Blackburn &
Hawkins, 2004). One hypothesis for this phenomenon is that a large body size increases heat
conservation due to a lower surface area to volume ratio (Blackburn & Hawkins, 2004). Body
size can also indicate detrimental changes in populations and ecosystems; changing body size
can negatively alter the resilience of the food web to disturbance, and suggests future population
collapse (Woodward et al., 2005; Clements & Ozgul, 2016). Understanding variation in body
size and the underlying mechanisms driving this variation is therefore important for predicting
how a species may respond to rapid environmental change, such as that from climate warming.
Large mammals are a good group within which to study these interactions, as they play a
significant role in ecosystem function by regulating the availability of resources to other species,
and are disproportionately impacted by ecological disturbances (Sinclair, 2003; Cardillo et al.,
2005). North American mammals may be experiencing a decreased ability to cope with
environmental challenges, with harvested mammals in particular experiencing a higher
probability of maladaptation (Zheng et al., 2023).

White-tailed deer (Odocoileus virginianus) are large, free-ranging North American
mammals that play a significant role in Indigenous cultures through their harvest as a traditional
food source, while also contributing to local economies through their involvement in sport
hunting and related activities (Parlee et al., 2021). White tailed deer also offer an interesting case
study when investigating environmentally mediated body size variation, as they demonstrate
strong phenotypic responses to population density and food availability (Wolverton et al., 2009).
Lastly, white-tailed deer act as keystone herbivores and are the subject of intensive management

throughout their range (Waller & Alverson, 1997; McShea, 2012); understanding body size
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variation and associated drivers in this species can therefore potentially inform management
decisions and interventions. In this study, we examined the contribution of DNAm to body size
variability in white-tailed deer and investigated potential pathways underlying this relationship,
where hindfoot length serves as the proxy for body size. This study utilizes the epigenetic

perspective to offer novel insight on body size diversity in free-ranging mammal populations.

3.3 METHODS
3.3.1 Sample Collection & DNA Extraction

White-tailed deer (hereafter deer) were captured using modified Clover traps (Clover,
1954), which were monitored via remotely triggered cellular cameras (Spypoint Inc., model link-
micro-lte). Ear tissue samples were taken using a 5-millimetre biopsy punch, and samples were
frozen upon arrival at the lab at -20°C until processing. Deer were sexed and aged to class in the
field, and hindfoot measurements were collected prior to release (Table 1). More information on
field methods can be found in Sucharzewski (2024). The QITAGEN DNeasy Blood & Tissue Kit
was used to extract DNA from ear tissue samples, following the manufacturer’s standard
protocol (Qiagen, Valencia, CA). The concentration of extracted DNA was determined using a
QUBIT 3 fluorometer (Thermo Fisher Scientific); if the concentration was quantified as < 15
ng/pl, DNA was re-extracted or concentrated using a vacufuge. We prepared DNA for plating in
96-well plates by standardizing to 300 ng per 20 pl and randomizing plating order by covariates
(i.e., age class, sex) using the R package Omixer version 1.6.0; this was done to minimize batch

effects (Sinke et al., 2021).
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3.3.2 DNA methylation data

Bisulfite conversion of the DNA was performed using the EZ-96 DNA methylation kit
(Zymo Research, Irvine CA), and a large-scale Illumina methylation array
(HorvathMammalMethylChip40) was run on the iScan system following the manufacturer’s
standard protocol (Illumina, San Diego, CA). This array uses a single probe with two colour
channels per CpG site to quantify DNA methylation levels at a total of 37,492 sites (Arneson et
al., 2022). We used the minfi normalization method (Fortin et al., 2017), version 1.42.0 to
normalize and translate raw data to beta values, meaning the ratio between methylated and
unmethylated intensity. The ComBat function from R package sva version 3.44.0 (Leek et al.,
2012), which applies parametric empirical Bayesian to account for batch effect, was applied
(with age class as an adjustment variable). Array probes were aligned to the white-tailed deer
reference genome (GCA _014726795.1) using QuasR version 1.12.0 (Gaidatzis et al., 2015);
methylation data associated with any probes that did not align was excluded from subsequent
analyses.
3.3.3 Biological age prediction and genotypic PCA

Czajka et al. (2024) previously developed and published a white-tailed deer epigenetic
clock using elastic net (Lu et al., 2023) to reduce the >30,000 CpG sites to 38 sites that were
highly predictive of age class. To predict biological age in our current sample, methylation data
for all samples was filtered to only those CpG sites identified by Czajka et al. (2024). We then
used the elastic net model to estimate age from methylation data, and compared mean predicted
age between pairs of age classes using a Wilcoxon test, and between all three classes using a
Kruskal-Wallis test. Samples were genotyped at 16 loci (Cullingham et al. 2011), and a principal

component analysis (PCA) via distance matrix was performed on genotype data to quantify the
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distribution of genetic variation (McVean, 2009). The first two components of the PCA analysis
were included as variables in our models.
3.3.4 Model creation and EWAS

We created penalised regression models using lasso regression within the glmnet R
package version 4.1-6 (Friedman et al., 2010). These models aimed to identify variables
predictive of hindfoot length and included: sex, age class, predicted biological age from the
elastic net model of Czajka et al. (2024), capture month, all 34,070 deer-specific CpG sites, and
the microsatellite principle components 1 and 2 as predictive variables (Table 2). All models
were applied to samples for hindfoot length predictions; beta values for each CpG were
multiplied by the variable coefficient determined by the model. The exponential of these
multiplied values was then computed to convert methylation values to a hindfoot length
measurement. We performed a leave-one-out (LOO) cross validation to obtain estimates of
precision and accuracy for predictions of hindfoot length. We reported median absolute error
(MAE), defined as the median absolute difference between predicted hindfoot length and
measured hindfoot length, and Pearson correlation (7) between measured and predicted hindfoot
length. The lowest MAE and highest 7 value would indicate the most highly predictive model.

To identify genes most highly associated with hindfoot length, an epigenome-wide
association study (EWAS) was conducted using the limma package v.3.56.2 (Ritchie et al.,
2015). We used the normalized beta values of aligned probes to run the following model: CpG
methylation ~ hindfoot length (log) + sex + predicted biological age. A Bonferroni-corrected p-
value threshold of < 1.47e-6 was set as the conservative cut-off for significance (Johnson et
al., 2010), and the human Hg19 genome annotation was used to identify genes associated with

the significant CpGs from the EWAS model.
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3.4 RESULTS
3.4.1 Biological age prediction and PCA

A white-tailed deer-specific epigenetic clock comprised of 38 CpG sites (Supplemental
Table 1) was applied to all collected samples (n = 148) with the output being predicted biological
ages ranging from 2.28 — 7.99 years (Supplemental Data File S1). Kruskal-Wallis and Wilcoxon
tests were performed; clear differences in mean predicted age were found between all pairs of
age classes (Figure 1). PCA was applied to genotype data (Supplementary Data File S2); the first
two components were included as variables in our models, where the first principal component
(PC1) explained 6.66% of the total variation, and the second principal component (PC2)
explained 5.97% of total variation.
3.4.2 Model outputs and EWAS

We constructed three models using data only from individuals with recorded hindfoot
measurements (n = 123) (Table 2). Model 3 excluded age and sex as predictive variables; to
account for potential effects of age and sex, we applied this model to subset sample groups: adult
males, adult females, fawn males, and fawn females. Based on variables with non-zero
coefficients, all models identified CpG sites predictive of hindfoot length (Supplemental Table
2). Model 3 demonstrated the lowest MAE and highest correlation when compared to known
hindfoot length (Figure 2a; for all hindfoot length predictions see Supplemental Table 3).
Although age and sex were not included in Model 3, some of the extracted CpGs are correlated
with sex and age (Supplemental Figure 1-3). The age- and sex-subset models 3.1-3.4, meaning
those that were applied to subset sample groups, showed hindfoot length tended to be over-

estimated in adults and under-estimated in fawns (Figure 2b-e).
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In the EWAS analysis, 9 of the 34,070 included CpG sites showed statistically significant
(p-value < 1.47e-6) methylation; of these, 4 sites were hypermethylated and 5 were
hypomethylated (Figure 3). The most divergent CpG was associated with the TNRC6A exon (p-
value = 8.75E-08), a gene that encodes a protein involved in RNA-mediated post-transcriptional

gene silencing (Table 3).

3.5 DISCUSSION

The role of DNAm in gene expression is taxonomically widespread, and its contribution
to phenotypic variation has been documented in several mammal species (Cao et al., 2015; Ma et
al., 2019; Varriale & Bernardi, 2006). Variations in DNAm have also been linked to body size
(e.g. Rzehak et al., 2017; Cao et al., 2015; Renard et al., 2022), potentially as a result of
differential methylation at genes involved in growth (e.g. Renard et al., 2022; Ma et al., 2019).
Studies suggest a » > 0.80 in large independent data is indicative of validity in DNAm models
(Anastasiadi & Piferrer, 2023; Horvath & Raj, 2018); here, we report the development and
validation of a model that is predictive (» = 0.88, MAE = 1.31 cm) of hindfoot length in white-
tailed deer, a species of North American large mammal that holds significant economic and
cultural value to populations across its range. We also identified several CpG sites through
EWAS that demonstrate significantly different methylation patterns associated with hindfoot
length. These sites provide a starting point for further investigation into genes or pathways
involved in body size, a polygenic trait in mammals with many underlying mechanisms

(Posbergh & Huson, 2021; Makvandi-Nejad et al., 2012), including deer (Anderson et al. 2022).
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3.5.1 Predictive ability of DNAm compared to age and sex

Model 3, which excluded sex, age class, and predicted age as predictor variables,
demonstrated reduced error and higher accuracy in predicted hindfoot length when compared to
models that included those three variables. This result is worth discussion as sex is often cited as
a driver of variation in body size, and sexual size dimorphism has been reported in a large variety
of mammals (McPherson & Chenoweth, 2012). Sexual size dimorphism has also specifically
been reported in deer and other ungulates (McPherson & Chenoweth, 2012; Post et al., 1999) and
deer show a clinal variation in size associated with latitude (Wolverton et al., 2009). Age is also
a driver of body size in ungulate species (Sowande et al., 2010), with animals growing with age
and eventually hitting an asymptote (Reiner et al., 2022). Although age and sex were excluded
from this model, some of the extracted CpG sites demonstrated a positive correlation to age and
sex; we therefore cannot concussively eliminate the influence of these variables, and further
research needs to be done to clearly understand any pathways underlying this relationship. The
stronger predictive ability of Model 3 compared to other models suggests that DNAm at sites
correlated to age and sex (Supplemental Figure 1-3) may be more predictive of body size than
biological age and sex. This could potentially be explained by the fact that DNAm integrates the
effects of genetics, environment, life history, and disease, all of which can impact body size
(Flores et al., 2013; Tangili et al., 2023; Jin & Liu, 2018; Sibly & Brown, 2007; Elayadeth-
Meethal et al., 2018). In addition, the dynamic nature of DNAm allows it to change in response
to varying environmental conditions (Flores et al., 2013), whereas chronological age and sex in
mammals are impervious. Another explanation for the stronger predictive ability of Model 3,

compared to models that include age as a predictive variable (e.g., Model 2), is that errors in age
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prediction may negatively impact the accuracy of the associated models and cause them to
perform worse than Model 3.
3.5.2 Applications to wildlife management

The ability to accurately predict hindfoot length of white-tailed deer can potentially be
applied to wildlife management, as it allows for a non-invasive method of obtaining measures of
body size; this analysis can be performed without handling animals and can be applied to cases
where only tissue or non-invasive samples (i.e., fecal or hair) are available. Hindfoot is also
correlated with body size metrics (Martin et al., 2013; Garel et al., 2010), and body size can act
as an indicator of several factors that are important to consider when developing and applying
interventions. For example, body size in white-tailed deer has been shown to inform breeding
success, body size in mule deer has been shown to inform winter survival of fawns (Newbolt et
al., 2016; Unsworth et al., 1999), and body size (as indicated by hindfoot length) has been linked
to population density in roe deer (Zannese et al., 2006). Related to this, Clements & Ozgul
(2016) suggest that phenotypic traits such as body size can help predict population collapse;
significant shifts in body size can act as an indicator that a population is approaching a tipping
point. The identification of a small number of CpG sites where DNAm is predictive of hindfoot
length (< 45) allows for the later development of targeted assays that can be implemented
alongside other uses for DNAm analysis, such as assays aiming to predict age and sex (Czajka et
al., 2024).

In conclusion, we demonstrate that DNA methylation is predictive of hindfoot length in
white-tailed deer, and that epigenetic markers of hindfoot length may be stronger predictors of
body size than age and sex when considered together. We also demonstrate the successful

application hindfoot length and biological age estimation, suggesting that this approach can be
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more widely applied in cases where phenotypic data is unavailable or traditional aging methods
are insufficient. This is particularly useful in harvested species, as it can be applied to butchered
and processed animals. This study offers novel insight on body size diversity in a free-ranging
large mammal and may offer new avenues for investigating the complex pathways underlying

phenotypic traits and variation in these traits.
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TABLES AND FIGURES

Table 1. Basic sample information. N = total number of samples, number of females, number of
hindfoot (HF) measurements, range of hindfoot length per age class, and range of predicted

biological age. Hindfoot length is represented in centimeters, and age is represented in years.

Age N Number of Number of HF  Range of HF Range of
Class females measurements length (cm) predicted bio.
age
Fawn 56 31 46 29-49 2.28-3.59
Yearling 14 10 13 45-51.5 2.51-3.97
Adult 78 54 64 42.5-57 2.77-17.99
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Table 2. Predictive variables included in each model. WTD CpGs refers to all 34,070 CpG sites

found to align to the white-tailed deer genome. PCA 1 & 2 refers to component 1 and 2 from the

principal component analysis performed on genotypes.

Predictive Modell Model2 Model3 Model Model Model Model
Variable 3.1 3.2 33 34
Sex Yes* Yes* No Male Female Male Female
Only* Only* Only* Only*
Age Class Yes No No Adult+  Adult + Fawn Fawn
Yearling Yearling Only* Only*
Only* Only*
Predicted No Yes* No No No No No
Age
Capture Yes* Yes* Yes* Yes* Yes* Yes* Yes*
Month
WTD Yes Yes Yes Yes Yes Yes Yes
CpGs
PCAl1 & 2 Yes* Yes* Yes* Yes* Yes* Yes* Yes*

* Indicates variables dropped by models (co-efficient penalized to zero).
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Table 3. Top significant CpGs from EWAS. Functions of each gene are abbreviated from

39

Uniprot.
CGid Gene & Function p Direction
Region
cg09461098 TNRC6A Plays a role in RNA-mediated 8.75E-08 neg
Exon gene silencing
cg10427592 ERCCI Plays a role in DNA excision 1.48E-07 neg
Exon repair
cg10078834 PBX3 Transcriptional activator 1.83E-07 pos
Intron
cg01644993 AHDCI Transcription factor required for ~ 2.38E-07 pos
Intron proper patterning of the
epidermis, plays a key role in
early epithelial morphogenesis
cg19152887 BCL6 Transcriptional repressor 2.46E-07 neg
Intron
cg20483513 LOC100130 Uncharacterized 3.97E-07 neg
987 Exon
cg22358400 TAOK3 Involved in the G2/M transition ~ 5.69E-07 pos
fiveUTR DNA damage checkpoint as a
regulator of the p38/MAPK 14
stress-activated MAPK cascade.
cg27344974 SOX4 Transcriptional activator involved 6.03E-07 pos
threeUTR in skeletal myoblast
differentiation
cg22802229 SPAGS- Uncharacterized 9.39E-07 neg
AS1 Exon



10~

Kruskal-Wallis, p < 2.2e-16 I ,

Predicted Age (Years)
(=]

| )
Fawn Yearling Adult

Age Class

Figure 1. Biological age prediction of samples based on DNA methylation levels, using an
established white-tailed deer epigenetic clock. P-value significance level for pairwise
comparisons (Wilcoxon test) is represented by asterisks (*). P-value for the comparison between

all three age classes (Kruskal-Wallis test) is reported.
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Figure 2. Cross-validation study of hindfoot length predictions for white-tailed deer based on A
Model 3 and B-E subset sex- and age-specific models. DNAm-based prediction of hindfoot
length (x-axis, in units of centimetres) versus measured hindfoot length (y-axis, in unit of
centimetres). The solid line indicates the linear regression with standard error indicated by the
shaded area, and the dashed line depicts the diagonal (y = x). Cor represents the correlation

coefficient (r), and MAE represents the median absolute error (in unit of years).
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Figure 3. Manhattan plots of the Epigenome-wide association (EWAS) for hindfoot length in
white-tailed deer. The coordinates are estimated based on the alignment of 34,070 Mammalian
array probes to our white-tailed deer genome assembly. The direction of associations with p

< 1.47e-6 (red dotted line) is highlighted by red (hypermethylated) and blue (hypomethylated)

colours. Top 9 CpGs are indicated by their neighbouring genes.
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CHAPTER 4: GENERAL DISCUSSION

I used genome-wide epigenetic techniques to investigate the mechanisms underlying
phenotypic variation in several species of North American large mammals, namely white-tailed
deer, black bear, and mountain goat. In accordance with predictions, I found support for a strong
correlative relationship (> 0.95) between DNA methylation (DNAm) and chronological age in
all three species, and a reduced error in predicted ages when compared to previously published
pan-mammalian epigenetic clocks. This is consistent with literature that suggests species-specific
clocks improve the accuracy of age predictions (Peters et al., 2023).

There are a variety of avenues through which phenotypic data can be used to enhance
wildlife management, and by effectively utilizing these data managers can enhance their ability
to sustain wildlife populations in the face of environmental challenges. As demonstrated in this
thesis, epigenetic clocks provide a reproducible and accurate tool for age prediction that has
potential for use in wildlife management. Understanding age structure is key to maintaining
managed populations at sustainable levels; by providing a non-invasive method of age estimation
that can be implemented at a relatively large scale, epigenetics clocks can help managers assess
population dynamics and trends or identify age-specific mortality rates. In terms of harvested
populations, epigenetic clocks can inform hunting quotas and seasons based on population age
structures, and can inform the need to limit or focus harvest on specific age classes and sexes
(Milner et al., 2007).

In Chapter 3, I built a highly predictive model of white-tailed deer hindfoot length, a
proxy of body size, using DNAm. Of note, while sex and age are clear drivers of variation in

body size in deer and other ungulates (McPherson & Chenoweth, 2012; Post et al., 1999;
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Sowande et al., 2010), my results suggest that DNAm is more predictive of body size than
chronological age and biological sex. This could potentially be explained by the fact that DNAm
integrates the effects of genetics, environment, life history, and disease, all of which can impact
body size (Flores et al., 2013; Tangili et al., 2023; Jin & Liu, 2018; Sibly & Brown, 2007;
Elayadeth-Meethal et al., 2018). In addition, the dynamic nature of DNAm allows it to change in
response to varying environmental conditions (Flores et al., 2013), whereas chronological age
and sex in mammals are impervious to external influence. In other words, methylated markers
associated with sex and age capture more meaningful variation, and thus are statistically more
informative than sex and age classifiers. By demonstrating a predictive relationship between
hindfoot length and DNAm, we support the involvement of DNA methylation in body size
variation and suggest new avenues for applying this relationship to wildlife management.

The ability to accurately predict hindfoot length of white-tailed deer can also be applied
to wildlife management; body size can act as an indicator of several factors that are important to
consider when developing and applying interventions, such as breeding success, winter survival,
and population density (Newbolt et al., 2017; Unsworth et al., 1999; Zannése et al., 2006).
Accurate data on phenotypic traits such as body size can also improve the accuracy of
predictions when incorporated into population models, particularly when predicting population
collapse (Clements & Ozgul, 2016). Overall, DNA methylation can be used to monitor, or
augment monitoring, of wildlife populations by providing accurate phenotypic data. This data
can be used to assess the need for management interventions and to track their effectiveness.

Overall, by performing epigenome-wide associated studies (EWAS), I was able to
identify individual sites across all three species’ genomes where significantly different

methylation levels are associated with age class and sex, as well as hindfoot length in white-
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tailed deer. These results indicate that coarse phenotypic data can be obtained using targeted
analyses, negating the need for genome-wide analysis and increasing accessibility while
decreasing cost. My results indicate that DNA methylation is a useful tool for predicting
phenotypic traits in samples where observable phenotypic data is unavailable. This tool is
particularly useful for commonly harvested species, as it can be applied to butchered and
processed animals, and species where age identification is typically dependent on external
features such horns (e.g. in the case of a mountain goat with broken horns).

The epigenetic clocks developed in this thesis exhibit similar patterns in error as those
found in other mammals (e.g., Caulton et al., 2021; Robeck et al., 2023); however, the residuals
tend to increase with age, particularly in bears and mountain goats, suggesting a reduced
accuracy in older individuals. A possible explanation for this is errors in the chronological ages
used in our model, as a decline in the accuracy of traditional aging methods with age is common
in all three study species (Stevens & Houston, 1989; Harshyne et al., 1998; Storm et al., 2014;
Foley et al., 2021). To address this issue, future studies could include individuals aged to a
higher degree of confidence, such as those in longitudinal studies (Boertje et al., 2019).

We also identified several CpG sites through EWAS that exhibit variations in
methylation patterns linked to hindfoot length. These sites can serve as a starting point for future
investigation into the genes or pathways involved in body size, a polygenic trait in mammals
with numerous underlying mechanisms (Posbergh & Huson, 2021; Makvandi-Nejad et al.,
2012). Future studies could perform a gene enrichment analysis of these differentially
methylated CpGs to investigate related pathways and biological systems.

In conclusion, this thesis demonstrates the use of DNA methylation as a marker of

phenotype in three iconic North American large mammals. Through this research, we add to our
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understanding of DNAm's role in phenotypic expression, and we introduce new avenues for
applying this relationship to wildlife management with the potential to contribute to wildlife
monitoring by providing easily obtainable representations of age, sex, and body size in managed
populations. Incorporating the epigenetic perspective into wildlife management and research can
lead to more effective strategies, helping ensure the preservation of wildlife populations in a

rapidly changing world.
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CHAPTER 2 SUPPLEMENTAL FIGURES
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Supplemental Figure S1. Leave-one-out cross-validation study of species-specific epigenetic
clocks for A-C black bear, D-F white-tailed deer, and G-I mountain goat. No age transformation
(A, D, G), square-root transformed chronological ages (B, E, H), and log-transformed
chronological ages (C, F, I). DNAm age prediction (y-axis, in units of years) versus estimated
chronological age (x-axis, in unit of years). The solid line indicates the linear regression of
epigenetic age, and the dashed line depicts the diagonal (y = x). Cor represents the correlation

coefficient (r), and “p” reports the calculated p-value.
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Supplemental Figure S2. Boxplot of methylation level across age classes at all significant CpGs
in black bear. P-value significance level for the comparison between pairs of classes (Wilcoxon
test) is represented by asterisks (*). P-value for the comparison between all three classes

(Kruskal-Wallis test) is reported for each CpG.
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Supplemental Figure S3. Boxplot (;f methylation level across age classes at all significant CpGs
in mountain goat. P-value significance level for the comparison between pairs of classes

(Wilcoxon test) is represented by asterisks (*). P-value for the comparison between all three
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classes (Kruskal-Wallis test) is reported for each CpG.
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Supplemental Figure S4. Boxplof of methylation level across age classes at all significant CpGs
in white-tailed deer. P-value significance level for the comparison between pairs of classes
(Wilcoxon test) is represented by asterisks (*). P-value for the comparison between all three

classes (Kruskal-Wallis test) is reported for each CpG.
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APPENDIX B: CHAPTER 3 SUPPORTING INFORMATION
CHAPTER 3 SUPPLEMENTAL TABLES

Supplemental Table 1. CpGs and associated beta values from a species-specific epigenetic
clock for white-tailed deer.

CGID

Beta

cg05428833
cg22935379
cg00554332
cg01928647
cg02063340
cg02239968
cg02270531
cg02444070
cg02851257
cg03064169
cg04051089
cg05066539
cg06733558
cg06856188
cg07279255
cg08074329
cg09126410
cg09461098
cgl0384361
cgl0569716
cg11499481
cgl1610869
cgl1966780
cgl3684852
cgl15496507
cgl6483121
cgl7114460
cgl8253120
cgl8296617
cg19409450
cg22676465
€g23292230
cg23646867

1.36117645
0.37166311
-0.6299279
0.01106674
0.04776388
1.05881411
0.02290675
0.22612136

0.9018096
-0.0192843
-0.6827343
-1.5819306
0.71226978
2.70905465
2.62246995
6.85675947
2.50235158
-0.0060298
2.76445235
-0.6704699
-0.2044642
0.28797998
-7.5463623
-0.2024593
-0.3349292

0.5059376
0.15156859
0.07056795
-0.3933837
0.60708448

3.0755611
1.14838527
0.12447655
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cg24104699
cg25126385
cg25187268
cg25220579
cg26438612

-1.324515
-0.1503408
-0.8806314
0.29499315
0.13154
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Supplemental Table 2. All Model Output variables and Coefficients

Model Model Model Model Model Model Model
CGid 1 2 3 3.1 3.2 33 34
(Intercept) 3.220 3.093 3.382 2.926 3.093 3.382 3.197
Fawn -0.096 NA NA NA NA NA NA
cg01137610  -0.022  -0.017  -0.033 NA -0.017 -0.033 -0.026
cg01241934  -0.006 NA NA NA NA NA NA
cg02294059  -0.086  -0.239  -0.235 -0.230 -0.239 -0.235 -0.237
cg06162430  0.133 0.206 0.240 0.164 0.206 0.240 0.218
cg06443336  0.016 NA NA NA NA NA NA
cg06644235  0.034 0.045 0.048 0.042 0.045 0.048 0.044
cg07863286  0.017 NA NA NA NA NA NA
cg08575708  0.144 0.124 0.095 0.140 0.124 0.095 0.115
cgl0078834  0.175 0.426 0.434 0.411 0.426 0.434 0.429
cgl0739156  -0.090  -0.046  -0.041 -0.062 -0.046 -0.041 -0.044
cgl0864340  -0.176 NA NA NA NA NA NA
cgl2619862  0.082 NA NA NA NA NA NA
cgl4878567  0.035 0.174 0.233 0.114 0.174 0.233 0.194
cgl4988225  -0.085  -0.065  -0.058 -0.072 -0.065 -0.058 -0.065
cgl6029938  -0.001  -0.019  -0.029 NA -0.019 -0.029 -0.024
cgl6269759  0.104 0.048 0.058 0.052 0.048 0.058 0.051
cg26360022  0.303 0.294 0.278 0.322 0.294 0.278 0.285
cg26768041  0.073 0.102 0.087 0.107 0.102 0.087 0.096
cg27501104  -0.248  -0.306  -0.348 -0.266 -0.306 -0.348 -0.321
cg05698015 NA 0.094 0.251 0.139 0.094 0.251 0.141
cg00794219 NA 0.013 0.027 NA 0.013 0.027 0.017
cg01128516 NA 0.141 0.115 0.100 0.141 0.115 0.134
cg01324452 NA 0.011 0.106 NA 0.011 0.106 0.044
cg01593408 NA -0.026  -0.065 -0.007 -0.026 -0.065 -0.037
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cg01644993
cg01669013
cg01799731

cg01946401.

2
cg03683496
cg07187097
cg08013479
cg09040561
cg10243630
cgl1025714
cgl2186717
cgl2412302
cgl2505751
cgl2959926
cgl6574861
cgl 7475770
cgl7691933
cgl18266944
cgl9152887
cg22802229
cg24455383
cg27344974
cg06732973
cg09269677
cgl7279431
cg20043130
cg25583823

NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

0.036
-0.103
0.061

-0.035
-0.081
-0.165
-0.011
-0.068
0.000
-0.018
-0.167
0.142
0.002
-0.002
0.002
-0.094
0.000
-0.037
-0.062
-0.062
0.077
0.139
NA
NA
NA
NA
NA

0.014
-0.123
0.062

NA
-0.106
-0.552
-0.017
-0.065

NA
-0.009
-0.133
0.162
0.062
-0.046
0.066
-0.129
-0.020
-0.034
-0.067
-0.040
0.065
0.122
0.012
0.034
-0.001
-0.089
-0.069
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0.008
-0.073
0.016

-0.019
-0.031
NA
NA
-0.055
0.072
-0.033
-0.184
0.108
NA
NA
NA
-0.050
NA
-0.053
-0.054
-0.076
0.081
0.142
0.005
NA
NA
NA
NA

0.036
-0.103
0.061

-0.035
-0.081
-0.165
-0.011
-0.068
0.000
-0.018
-0.167
0.142
0.002
-0.002
0.002
-0.094
0.000
-0.037
-0.062
-0.062
0.077
0.139
NA
NA
NA
NA
NA

0.014
-0.123
0.062

NA
-0.106
-0.552
-0.017
-0.065

NA
-0.009
-0.133
0.162
0.062
-0.046
0.066
-0.129
-0.020
-0.034
-0.067
-0.040
0.065
0.122
0.012
0.034
-0.001
-0.089
-0.069

0.032
-0.112
0.063

-0.024
-0.090
-0.297
-0.015
-0.068
NA
-0.013
-0.150
0.151
0.023
-0.018
0.022
-0.110
-0.006
-0.037
-0.067
-0.056
0.072
0.134
0.002
NA
NA
-0.032
-0.015



Supplemental Table 3. Hindfoot length predictions from all models. All values are reported in

centimetres (cm).

Sample Hindfoot Model Model Model Model Model Model Model

ID Length 1 2 3 31 3.2 33 34
ADO068 41 46.85 4335  43.11 NA NA NA 43.26
ADO12 50 48.43  48.05  48.21 NA 48.05 NA NA
ADO009 41.5 4727 4380  43.62 NA NA NA 43.74

TI11 47 48.38  47.02  47.16 NA 47.02 NA NA
ADO052 52.8 49.71 49.75  50.12 49.33 NA NA NA
TI10 52.75 4982  50.55  50.77 50.22 NA NA NA
T103 41.5 4723 4388  43.58 NA NA NA 43.78
ADO005 41 46.61 4172  41.52 NA NA NA 41.66
ADO082 43 4692  43.16  42.88 NA NA NA 43.06
ADO081 50.5 4824  48.65  48.79 NA 48.65 NA NA
T102 47 46.84 4537  45.71 NA 45.37 NA NA
ADO070 52 4990 4941  49.85 48.99 NA NA NA
TI101 45.5 4820 4731  47.11 NA 47.31 NA NA
T107 46.5 4779 4788 4795 NA 47.88 NA NA
AD062 44 47.65  45.00 4493 NA 45.00 NA NA
ADO084 49 4896  48.41  48.51 NA 48.41 NA NA
ADO060 45 48.02  48.17  48.04 NA 48.17 NA NA
ADO076 38 46.62 4273 4237 NA NA 42.37 NA
ADO071 45 4732 4487  44.87 NA 44.87 NA NA
ADO067 47.5 46.96  47.35 4744 NA 47.35 NA NA
TI05 40.5 46.45  41.92  41.77 NA NA NA 41.87
ADO065 51.5 49.65  47.56  47.85 47.32 NA NA NA
TI08 47 46.83  46.77  46.87 NA 46.77 NA NA
ADO064 52 4984 4949  50.02 48.91 NA NA NA
ADO069 45 47.04  45.16  44.89 NA 45.16 NA NA
ADO002 41.5 46.20  42.12  41.87 NA NA NA 42.03
ADO055 45 4783  48.01  47.92 NA 48.01 NA NA
ADO18 443 49.17  45.63 4530 NA NA 45.30 NA
T106 47.5 4798 4791  47.88 NA 47.91 NA NA
ADO13 48 48.30  48.02  48.13 NA 48.02 NA NA
ADO059 51 4795  48.78  49.13 NA 48.78 NA NA
ADO08O0 48.5 47773 4638  46.51 NA 46.38 NA NA
ADO16 48 47.41 47.82  47.80 NA 47.82 NA NA
T109 49 48.48 4788  47.94 47.65 NA NA NA
ADO003 48 47.04  46.17  46.39 NA 46.17 NA NA
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ADO057
ADO083
ADO074
ADO61
ADO066
ADO056
ADO007
ADO073
ADO079
T104
ADO072
ADO078
ADO10
ADO035
ADO008
PDO001
ADO75
ADO006
ADO77
ADO15
ADO14
ADO088
ADI129
ADI18
ADI134
AD143
ADI128
ADO85
ADO096
ADI108
AD09%
ADI132
ADI137
ADI114
AD092
ADI16
ADI103
ADI136
ADO099
ADI131

32
41
43.2
49
50.5
49.5
44.5
47
50
48
43
43.5
57
52
45.5
51.5
44.2
40
47.5
46.6
51.3
46
29
45
44.5
49
39.5
42
42
46.5
44
47.5
48
43.5
37
48.5
50
50
44
51.5

41.64
46.82
47.05
47.81
47.44
47.46
49.00
46.63
48.91
48.66
47.35
48.80
49.66
50.31
47.42
49.03
47.56
46.73
47.99
47.13
50.07
48.63
38.86
47.53
47.34
48.25
45.24
48.35
49.95
48.76
48.63
48.98
47.40
47.46
47.04
48.65
47.90
46.93
47.74
48.45

37.48
43.37
42.86
48.63
47.64
47.67
45.89
46.23
47.90
47.54
43.69
44.51
49.58
50.18
45.58
49.97
47.28
42.38
47.65
47.32
49.73
48.58
34.41
44.06
44.51
47.86
40.33
45.05
45.87
45.58
44.50
49.95
46.70
44.19
43.10
48.76
47.62
46.54
44.02
46.89

36.74
43.14
42.82
48.58
47.64
47.90
45.80
46.17
48.18
47.77
43.60
44.54
50.23
50.46
45.59
50.09
47.08
42.22
47.53
47.21
50.04
48.78
33.65
44.03
44.38
47.56
40.27
44.71
45.66
45.66
44.45
50.24
46.35
44.09
42.98
48.70
47.86
47.09
44.10
47.19
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NA
NA
NA
NA
NA
NA
NA
NA
47.66
47.27
NA
NA
NA
49.91
NA
49.70
NA
NA
NA
NA
49.62
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
46.76

NA
NA
NA
48.63
47.64
47.67
NA
46.23
NA
NA
NA
NA
49.58
NA
45.58
NA
47.28
NA
47.65
47.32
NA
48.58
NA
NA
NA
47.86
NA
NA
NA
NA
NA
49.95
46.70
NA
NA
48.76
47.62
46.54
NA
NA

NA
NA
42.82
NA
NA
NA
45.80
NA
NA
NA
NA
44.54
NA
NA
NA
NA
NA
42.22
NA
NA
NA
NA
NA
NA
44.38
NA
NA
NA
45.66
45.66
44.45
NA
NA
44.09
NA
NA
NA
NA
44.10
NA

37.22
43.31
NA
NA
NA
NA
NA
NA
NA
NA
43.65
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
34.15
44.04
NA
NA
40.31
44.93
NA
NA
NA
NA
NA
NA
43.05
NA
NA
NA
NA
NA



ADI12
ADI151
ADI11
ADO086
ADI19
ADI135
ADI105
ADI107
ADI121
ADI141
ADI133
AD146
ADO095
ADI125
ADO090
ADI50
ADI104
ADI139
ADI109
ADI13
AD145
ADI106
AD147
ADI138
ADI10
ADI153
ADI130
ADI127
ADI126
ADI117
ADO098
ADI115
AD149
AD140
ADI102
ADO089
ADO091
ADI124
AD148
ADI122

49.5
48
50.5
45
49.5
41
50
43.5
48
48.5
44
53
42
43
44.5
54
43.5
49
48.5
49
49.5
43.5
55.5
49
50
44
53
53
49
48.5
44
45.5
47.5
43
42
43
49
49.5
41
48.5

47.29
48.93
49.01
48.68
48.94
46.08
46.98
48.11
47.79
47.30
47.92
47.78
45.82
47.39
47.52
49.38
46.66
48.42
48.17
48.72
49.12
47.86
50.68
4791
48.51
48.97
49.42
49.63
47.43
48.63
48.09
4791
47.68
48.15
46.48
47.09
48.68
45.09
47.02
47.55

44.79
50.11
48.91
47.83
46.50
42.11
46.63
44.95
48.07
45.06
44.63
45.82
41.61
43.92
42.95
49.10
43.33
47.29
46.86
47.17
50.85
44.21
50.54
47.87
49.16
45.48
50.21
50.36
48.16
48.08
44.37
44.60
47.26
45.71
42.94
42.53
48.59
44.28
43.78
47.57

44.52
49.97
49.02
47.89
46.57
41.92
46.71
44.84
48.14
45.25
44.50
45.84
41.51
43.83
43.16
49.44
43.27
47.30
46.67
47.06
51.26
44.15
51.02
48.09
49.05
45.31
50.54
50.66
48.27
48.25
44.15
45.00
47.32
46.00
42.81
42.33
48.34
43.75
43.80
47.76
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NA
NA
NA
NA
46.41
NA
NA
NA
NA
NA
NA
45.83
NA
NA
NA
48.74
NA
47.26
NA
NA
NA
NA
50.09
NA
NA
NA
49.72
50.03
NA
47.80
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

44.79
50.11
48.91
47.83
NA
NA
46.63
NA
48.07
45.06
NA
NA
NA
NA
NA
NA
NA
NA
46.86
NA
50.85
NA
NA
47.87
49.16
NA
NA
NA
48.16
NA
NA
NA
47.26
NA
NA
NA
48.59
44.28
NA
47.57

NA
NA
NA
NA
NA
NA
NA
44.84
NA
NA
44.50
NA
NA
NA
43.16
NA
NA
NA
NA
47.06
NA
44.15
NA
NA
NA
45.31
NA
NA
NA
NA
44.15
45.00
NA
46.00
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
42.05
NA
NA
NA
NA
NA
NA
41.58
43.88
NA
NA
43.32
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
42.90
42.46
NA
NA
43.78
NA



ADO093
ADO097
ADO087
ADI154
ADI123
AD144
AD142
ADI120

50
42.5
42
46
45
49.5
47
42.5

50.50
46.57
47.37
47.41
47.99
49.46
47.77
46.75

49.85
43.48
43.55
45.67
44.49
51.00
47.58
42.82

50.16
43.48
43.24
45.61
44.32
51.22
47.38
42.83
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49.65
NA
NA
NA
NA
NA
NA
NA

NA
43.48
NA
45.67
NA
51.00
47.58
NA

NA
NA
NA
NA
44.32
NA
NA
NA

NA
NA
43.44
NA
NA
NA
NA
42.83



CHAPTER 3 SUPPLEMENTAL FIGURES
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Supplemental Figure 1. Boxplot of methylation level across sex at all CpGs significantly
predictive of hindfoot length in white-tailed deer. P-value significance level for the comparison
between pairs of classes (Wilcoxon test) is represented by asterisks (*). P-value for the

comparison between sexes (Kruskal-Wallis test) is reported for each CpG.
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Model 3 CpGs by Predicted Age

g07e219 301128516 301137610 90132452 901503408

0906162430 0308644235

cgo8s75708 0309040561 308269677 cg10078834 910739156

cor2186717

Methylation Level

cgasress? cgrasea2s

17278431 17475770 917691333 cg1R266344 919152887

327501104

predicted Age (years)

Supplemental Figure 2. Scatterplot of methylation level across predicted at all CpGs
significantly predictive of hindfoot length in white-tailed deer. Regression curves are shown in

blue, and standard error is represented by the shaded grey areas.
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Model 3 Cst by age class
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Supplemental Figure 3. Boxplot of methylation level across age classes at all CpGs
significantly predictive of hindfoot length in white-tailed deer. P-value significance level for the
comparison between pairs of classes (Wilcoxon test) is represented by asterisks (*). P-value for

the comparison between all three classes (Kruskal-Wallis test) is reported for each CpG.
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