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Abstract:

Despite featuring extreme physiological adaptations integration of wildlife species into the
modern ‘omics’ frameworks are limited due to the sparsity in the data. To address the sparsity
limitation a self-tuning sliding-window framework was developed for the identification of the
regional poly-CpG methylation architecture associated with phenotypic traits. Under the
framework the iteratively expanded window aligns against each chromosome for two
constraints: (i) the window must increase its penalised R’ statistic derived from univariate
(ADVI-EWAS) and multivariate (Horseshoe) CpG-phenotype models and (ii) both models but
agree upon the direction of the methylome-phenotype association. Any windows not passing
the two conditions were discarded if they lacked sufficient CpG density, otherwise were
retained but ceased to grow. Application of the framework to the blood methylome of 69
California Sea Lions (Zalophus californianus) detected three ‘trusted’ windows across the
entire genome. Each of the windows were uniquely mapped to a single gene, these genes were
GCSH, DNMT1, LMXI1A. All three genes are mechanistically linked to the phenotypic trait
and are consistent with the extreme phenotype of marine mammals. The results were
independent of the age of the individuals tested. The results were not predictive of phenotype
when applying epigenome wide association studies (EWAS); however, application of the poly-
CpG architecture provided a phenotypically linked signal that was biologically interpretable.
The sliding window method is computationally efficient, isolates short, directionally stable
genome regions and outperforms single-site analyses. The generalisable statistical framework
provided within the study could extract phenotype-linked molecular architecture from sparse

wildlife methylomes.
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1. Introduction:

All ‘omics’ data is inherently sparse, often requiring large sample sizes for inferencing
(1, 2). The application of ‘omics’ to wildlife species is even more pertinent, with smaller sample
sizes afforded due to the opportunistic nature of sampling and greater variability present (3, 4).
Wildlife species are frequently neglected within the ‘omics’ (3). Methylation studies are just
one example of the phenomenon — with the inherent environmental stressors further

complicating the consideration of the phenotype (5).

Unlike with genomics, methylation studies face greater variability within the models as
a result of the phenotypic influences upon the methylome and the methylomes influences upon
the phenotype (5). As such, wildlife methylome studies are typically restricted to molecular
aging rather than phenotype-methylation association studies (6, 7). Single CpG models —
including epigenome wide association studies (EWAS) — are just as sparse, if not more, sparse
than genome wide association studies (GWAS). Both frameworks are already sparse in wildlife
and frequently return an absence of significance in well studies model organisms (1, 2, 8).
However, the absence of a causal variable is not sufficient to declare the absence of evidence
within biological models (1, 2). Improving the sample size will reduce sparsity and enable
greater significance, this is not always achievable for wildlife die to limited sampling

opportunities (1).

Regional poly-CpG architecture dictates that the cumulative effect of CpGs within a
defined genomic region is more biologically meaningful than that of a single-CpG model of
phenotypic aassociations (9). Under this hypothesis, the accumulation of methylated sites
results in the refolding of the chromosome — further reducing the expression of the particular
chromosomal regions (9). The framework must tackle distance and issues of capturing noise in

the poly-CpG model.
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Under the sliding window framework the genome is regionally scanned across individual
chromosomes and for each CpG iteratively expanded within the chromosome for the
optimisation of a penalised R’ parameter. The expansion of the window will continue until the
either the R? penalised value doesn’t increase sufficiently for each inclusion of a CpG and the
agreement of a biologically meaningful value for the window’s collective CpG scores and their
estimated effects on the phenotype. Any windows failing to meet these conditions will be
terminated and those under the threshold of CpG inclusion number will be permanently
discarded. Application of a sliding window model reduces the computational burden and adds

biological meaning (regionality) to the framework in a similar manner to GWAS (8).

Demonstration of the sliding window framework is necessary. The extreme physiology
of the California Sea Lion (Zalophus californianus) renders the species suitable to study.
Recently Z. californianus was molecularly aged through the methylome (6). Although these
results found a strong association between the sex and chronological age upon the epigenetic
age of the individuals was determined there was a lack of phenotypic inclusion in the model
beyond these two variables. Thus, these samples demonstrate untapped potential. The
maximum aerobic dive capacity was chosen as an ideal phenotype for the identification of the
genes associative with a taxa-specific phenotype as the variable was a linear function of age —
Sea Lions experience increasing physiological demands as they mature into independently
feeding individuals — a process that can take years to complete (10, 11). It was hypothesised
that the increasing physiological demands mid-dive is a driver for methylation changes — which

will be measured through the sliding window framework (6).

The aim of the study is to apply a self-tuning sliding window framework to the analysis
of the phenotype-linked poly-CpG structuring of the methylome of 69 individual blood samples

of Z. californianus.
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Methods:

2.1 Methods overview:

2.1.1 Introduction to the methods

An eight-stack pipeline was used to analyse the relationship between the methylome and
the phenotype solely using Python-3.13. Statements of the full mathematical formulae to
reproduce the statistics are listed in the Supplementary Methods. All code is available in the

GitHub repository for the study (tsto3616/poly-CpG: The repository encodes the sliding

window pipeline, accompanying statistics and data for a study on the California Sea Lion's

epigenome).

All data included within the study was collected from open-access sources and the
sources of the data both cite ethics approval (6, 10). No new animal procedures were conducted

for these experiments.

2.1.2 Methylation data

Robeck, Haghani (6) studied the methylation of multiple pinniped species, of these
samples 69 blood samples of Z. californianus were used for this study. The samples represented
multiple age groups and the normalised methylation data was sourced from Gene Expression
Omnibus (GEO accession: GSE227319). Methylation annotations were collected from the
GitHub repository featured as part of the study by Robeck, Haghani (6). The genome/ gene
annotation file for Z. californianus was collected from NCBI (GCA_009762295.2). Handling
of the raw methylation data files is not discussed as it was not part of the study. Rather the

normalised methylation data from GEO (GSE227319) were processed.

2.1.3 Phenotypic data


https://github.com/tsto3616/poly-CpG
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The oxygen carrying capabilities of Z. californianus were determined through the
formula published by Weise and Costa (10). The formula is MaxADC =
0.2357(years old) + 1.3571, where the MaxADC represents the maximum aerobic diving
capacity (in minutes) for the age of the animal. The maximum aerobic diving capacity is treated

as a continuous phenotypic variable throughout downstream analyses.

2.1.4 Construction of the master file and basic statistics

The workflow involved the conversion of published B-values to M-scores using the
standard logit transformation (Supplementary Methods 1.2) after removing the extreme values
(close to 0 or 1) to prevent the production of infinite M-scores (6). The top 10,000 CpG sites
for which there was a high rate of variance across the 69 samples were the only CpGs included
in this study. Inclusion of greater numbers of CpG sites would create a significant
computational burden with minimal benefit. Minimal variation would only weaken the signal

to noise ratio and so these CpGs were removed.

2.1.5 Overview of the multi-stack modelling framework

Stack One clustered the methylation profiles of Z. californianus according to the M-

scores of the methylation data by applying HDBSCAN.

Stack Two calculated the latent age for downstream analyses using the epigenomic
calculated age and the chronological age. The latent age was used to determine the reliability

of the clustering from Stack One.

Stack Three predicted the maximum aerobic dive capacity through a global Hierarchical
Bayesian model — as determined by the methylation clusters and latent age reliability of the

clusters (Stack One and Two respectively).
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Stack Four predicted the relationship of CpGs through univariate epigenome wide
association study (EWAS) sampled with Automatic Differentiation Variation Inference
(ADVI). The ADVI model was informed by latent age (Stack Two) and the residuals from
Stack Three as the outcome variable. The conversion of the results into the Bayesian

probabilities and their standard deviation into measurable outcomes (Bayesian probability).

Stack Five involved the determination of a Horseshoe Shrinkage Bayesian model was

fitted to effectively handle the sparse CpG data through a multivariate model.

Stack Six involved the isolation of CpGs predicted to be a significant predictor of
maximum aerobic diving capacity for both the ADVI and Horseshoe Bayesian shrinkage

model. This involved the mapping of the CpGs to the genomic coordinates.

Stack Seven evaluated the role of regional context in the poly-CpG scores for which a
sliding window regression task was fitted. This model involved a moveable window for which
the poly-CpG scores were considered for the maximisation of the correlation while limiting the
sliding windows to the one chromosome to enable biologically relevant signal generation. The
sliding windows were overlayed onto the genes of Z. californianus for the isolation of genes

for which there is an association with the maximum aerobic dive capacity.

Stack Eight produced a comparison of the earlier models using trajectory analysis for the
determination of the methylation profiling in response to the models and their variables. The
pipeline involved dimension reduction through PCA, k-NN clustering, MST and DPT analyses

for the determination of the pseudotime for which the methylation profiles differ.

2.2 Stack One — High-variance CpG selection, PCA reduction, and HDBSCAN

clustering

Stack One performed clustering of the genome-wide methylation profiles for the

identification of the methylation architectural structure across individual California Sea Lions.
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The first 20 PCs were extracted to represent the major axes of methylation variance across the

individuals and inputted into HDBSCAN (12).

2.3 Stack Two — Latent age and cluster reliability

Stack two produced a continuous variable called the latent age and a set of cluster
reliability weights to quantify the effectiveness of the HDBSCAN clusters for the prediction of
the age-related methylation structure. For the calculation of the latent age the chronological
age and epigenetic age were combined into as single latent age value using the optimised

weighting parameter using the 1D Fisher optimisation problem (13).

The final reliability metrics were averaged for production of a final reliability score for

each cluster. These weights were used within Stack Three for the Hierarchical Bayesian model.

2.4 Stack Three — Bayesian Hierarchical Model

Stack Three was determined by a Bayesian Hierarchical model for the estimation of the
relationship between latent age and maximum aerobic dive capacity by accounting for the
cluster level structure and the reliability weights generated for each sample (Stack Two). The

model was weighted by the cluster reliability score for the given animal within the cluster.

2.5 Stack Four — CpG-level EWAS via ADVI

Stack Four performed CpG EWAS with the Bayesian residuals from Stack Three as the

outcome of the ADVI-EWAS model (14)

2.6 Stack Five — Horseshoe Bayesian shrinkage model:

Stack Five computed the singular-CpG score for the global-local shrinkage model
(Horseshoe prior) and the estimation of methylation effects upon the maximum aerobic diving

capacity. The Horseshoe model was selected for its ability to retain large CpG effects while
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aggressively shrinking noise, which is appropriate for sparse high-dimensional methylation

data (15).

2.7 Stack Six — Overlayed Manhattan and Volcano Plots:

Stack Seven incorporated the univariate CpG-specific EWAS results from Stack Four
and the multivariate Horseshoe shrinkage estimates from Stack Five for the generation of

comparative Manhattan and Volcano plots.

2.8 Stack Seven — Sliding Window CpG aggregation model and gene-phenotype

association visualisation

Stack Seven represents the primary methodological contribution of the paper. It
aggregated the CpGs within chromosomes in a computationally efficient manner (sliding
windows) by self-tuning to identify the shortest genomic segments of neighbouring CpGs
whose combined methylation signal showed a consistent and directionally stable association
with maximum aerobic diving capacity. Consistent and directionally stable in this context refers
to an agreed upon impact of methylation upon the aerobic diving capacity — be it hypo- or
hypermethylation. CpGs were ordered by chromosome and genomic positioning. For each CpG
the window was initiated at the CpG before being expanded iteratively to the downstream CpGs
provided that: (1) both the ADVI-derived effects (y;) and the Horseshoe-derived effects (5))
produced an increasing variance (R?) explained by the window — with penalisation for the
window size — and (2) both the ADVI model and the Horseshoe model must agree on the
direction of association with the phenotype (methylation producing an increase or decrease in
the maximum aerobic diving capacity). Windows failing to meet these criteria or not reaching

the minimum CpG count were removed.

Each retained window was assigned a status: trusted, semi-trusted or weak. The status

was determined by the joint explanation of variance (penalised R? support from the ADVI and
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Horseshoe models. Only the trusted windows were deduplicated and mapped to the genes of
Z. californianus through the GREAT-style regulatory domain definition — for the GFF3 gene
annotation (16). Genes were only assigned to a window when the window’s genomic span

overlapped the gene’s regulatory domain.

The transformed trusted windows were converted into gene-level and window-level
methylation scores and visualised for their structure across animals and clusters. Oly trusted
windows that were unique were kept for downstream analyses to prevent the artificial inflation
of gene importance from duplicate gene-CpG associations. CpGs belonging to the gene-
assigned windows were aggregated into the per-animal scores using the logistic-scaled poly-
CpG transformation following the combing of the ADVI and Horseshoe effect sizes with the

following equation:

_Vith
it

The scores were further assembled into two matrices; animals x genes and animals x
windows. The corresponding cluster-level matrices were generated with the same process but

for the clusters rather than animals.

Gene-level directional effects were generated by computing the average combined effect
size (y; + f;) across the CpGs belonging to each gene. The adaptive median-absolute-deviation
threshold was utilised to determine if the genes were contributing positively (Up), negatively
(Down) or not at all (Neutral). A positive contribution was translated as methylation increasing
the phenotypic trait. The per-animal gene-level effects were represented as a linear regression
model for the maximum aerobic dive capacity to visualise the phenotype-linked trends for the

selected genes. Sliding windows were used to capture regional methylation patterns, which
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often exert biological effects through coordinated CpG behaviour rather than isolated CpG

changes. Further detail is provided within Supplementary Methods 1.10.

To evaluate the performance of the sliding window framework under varying levels of
noise and sparsity, a synthetic methylation dataset was generated across 3 x 3 grid of noise (0.5,
1.0, 2.0) and sparsity (0.2, 0.4, 0.8). Each dataset consisted of 200 CpGs with randomly
assigned genomic positions for 120 simulated ‘animals’. The portion of significant CpGs was
determined by the sparsity parameter for the assignment of the true non-zero effects of both the
ADVI-EWAS and the Horseshoe parameters. Methylation matrices were assumed to have a
standard normal distribution with phenotypes resulting from the linear combination of the ‘true’
(simulated) ADVI-EWAS values plus the Gaussian noise. The estimated ADVI-EWAS and
Horseshoe values were obtained by adding small Gaussian uncertainly to the ‘true’ effects. The
posterior probabilities for both statistical frameworks were computed for the probit model and
the CpGs were considered significant for both posteriors when exceeding 0.5 with a matching
posterior direction. The sliding window algorithm was performed as described above. For each
simulation the number of trusted windows was defined as above, the number of recovered
windows was defined as at least one CpG overlapping with the window being significant, the

precision, median window size and median R’ was determined for every window.
2.9 Stack Eight - Methylation trajectory inferencing and phenotype alignment:

Stack Eight constructed a methylation-based developmental trajectory for the
methylation profiles to visualise the association of individuals along a continuum. The
continuum was aligned against the age, phenotype and gene-level methylation effects. The k-
NN algorithm was used to cluster the data, the MST was used to construct a relative tree for

the determination of association (17) and the DPT was used to provide a pseudotime-frame

(18).
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2.10 Overview of the computational processing:

All Stacks were conducted in python-3.13 (Python Software Foundation, Wilmington,
DE, USA), on a laptop — except for Stack Four and Stack Five which were performed within
Google Colab’s python platform (Google LLC, Mountain View, CA, USA). The entire pipeline
took under two days to execute with this combination. The Hierarchical Bayesian pipeline of
Stack Three involved 8,000 tuning iterations and 16,000 draws. Stack Four processed 10,000
CpGs in batches of 1,000 CpGs for 20,000 iterations and 2,000 posterior samples. Stack Five
involved 30,000 iterations and 2,000 draws, thus the entire process was highly computationally

efficient.

The following python packages were used: pandas (3.0.3), numpy (2.2.6), matplotlib
(3.10.8), seaborn (0.13.2), scipy (1.17.1), pymc (5.28.4), pytensor (2.38.2), arviz (0.22.0),

statsmodels (0.14.6), hdbscan (0.8.44), scikit-learn (1.9.0) and network (3.6.1).

All accompanying code and data is available in the open-access GitHub repository

associated with this study: tsto3616/poly-CpG: The repository encodes the sliding window

pipeline, accompanying statistics and data for a study on the California Sea Lion's epigenome.

3. Results:

3.1 Blood methylation clusters of the Zalophus californianus are independent of age but

predictive of aerobic diving capacity:

Four blood methylation profile clusters were formed, with the -1-cluster representing
noise (Figure 1A). The clusters did not differ significantly for chronological or epigenetic age

(Figure 1A; MANOVA, Roy’s greatest root, p < 0.05; otherwise, ns for all other test statistics).
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Despite age independence the clusters were significantly differentiated for the
Hierarchical Bayesian and experimentally derived maximum aerobic dive capacity (Figure 1B;

MANOVA, p < 0.05).

3.2 No significant CpGs explain the maximum aerobic diving capacity of Zalophus

californianus:

Both univariate and multivariate CpG-phenotype scoring frameworks were applied to the
study of the phenotype (maximum aerobic dive capacity) — both frameworks failed to identify
any CpGs exceeding the significant threshold (Figure 2A, B). Effect sizes were small and
consistent between the two frameworks; however, the probability of the CpG impacting upon
the phenotype was significantly reduced for the multivariate CpG-phenotype scoring
framework (Figure 2A, 2B). This justified the need for the construction of a poly-CpG-

phenotype scoring framework.

3.3 Three genes inherently linked to the maximum aerobic diving capacity and the

lactate dynamics of Zalophus californianus.

The sliding window framework identified three windows, which were uniquely mapped
to the three genes: Glycine Cleavage System H (GCSH), DNA Methyltransferase 1
(DNMTT1) and LIM Homeobox transcription factor 1-a (LMX1A). The self-tuning behaviour
of the sliding window framework is illustrated for the three genes and the respective genomic

order of the CpGs in Supplementary Figure 1.

All three genes were significant predictors of maximum aerobic diving capacity (Table
1) — consistent with either a negative or positive effect from methylation (Table 1; Figure
3A). The three genes each explained at least 40% of the respective variance (penalised R?) for

the maximum aerobic diving capacity (Table 1).
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The GCSH gene was independent of the DNMT1 and LMX1A genes, whereas DNMT 1

and LMX1A both retained coordinated methylation patterns (Figure 3B).

3.4 The sliding window framework is dependent on the noise: signal ratio for optimal

performance.

The influence of noise and sparsity upon the performance of the sliding window
framework was evaluated through Python simulated datasets for a grid of noise and sparsity
values. At high signal levels (sparsity = 0.8), the model produced numerous trusted windows —
but the exact number of windows varied with noise (Figure 4A). The sparsity values of 0.4 and

0.2 produced zero to two windows regardless of the noise (Figure 4A).

The difference in the window counts of the framework maintained a consistently low
false-positive rate across the three noise to signal regimes (Figure 4B). The low noise-high
sparsity condition produced four times as many windows as the intermediate condition — both
conditions were determined to both present with perfect precision for the windows and an
acceptable rate for the inclusion of insignificant, singular-CpGs (Figure 4B; Table 2). The
summary statistics yielded the highest median R? value for the medium noise: signal regime —

despite similar window size (Table 2).

The variability in the window detection was not attributed to the differences in the
underlying y or S estimates from the simulated ADVI-EWAS or Horseshoe models (Figure 4C,
D). R? distributions for y and S parameters did not differ in a meaningful manner between the
two modelling approaches (Figure 4E, F). The dominant driver of window recovery was
sparsity. Higher sparsity produced stronger and more coherent signals for window selection,
whereas low sparsity reduced the ability of the framework to identify stable windows. This

effect was noise agnostic (Figure 4E, F; Table 2).
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3.5 Hierarchical analysis of the embedded methylation parameters not predictive of age

or aerobic diving capacity.

Diffuse pseudotime revealed no genome-wide methylation trajectory association with the
phenotype, but the maximum aerobic diving capacity was strongly associated with the three

genes (Figure 4).

4. Discussion:

The aim of the paper was to develop a self-tuning window framework for the analysis
of the environmental-methylome-phenotype axis of 69 Z. californianus individuals. To do so,
blood samples were re-analyzed for the marine mammal specific phenotypic performance —
the maximum aerobic diving capacity (6, 10). The results were consistent of no phenotype-
methylation association when considering individual CpGs for both the univariate ADVI-
EWAS and the multivariate Bayesian Horseshoe shrinkage model (14, 15). Presumably the
results were due to the sparsity of the data, combined with the polygenic nature of the
complex phenotypic trait assessed and the relatively small sample size (n = 69). However, the
application of the sliding window framework provided vital insights into the environmental -
methylome-phenotype axis by identifying three key genes associated with the phenotype.
Thus, challenging the dominant assumption of methylome studies in mammals — the

methylome is more complex than predominantly being a function of age (19, 20).

As Sea Lions age the development from a maternally dependent pup to an independent
adult involves the ontogenic adaption towards the development of the physiological extremes
needed for prolonged diving (10, 11). However, the age of the individual is said to be the
primary predictor of this evolutionary dynamic. The California Sea Lion’s methylome is a
strong predictor of aging (6, 10). A strong mechanistic explanation of these physiological

changes can be explained through the methylation of the three genes identified. The GCSH
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gene is consistent with the development of post-diving hyperglycemia in pinnipeds (21-23).
Deficiency of the GCSH gene in humans results in non-ketogenic hyperglycemia due to the
accumulation of the gluconeogenic amino acid, glycine (24, 25). The excess glucose would
drive a metabolic shift towards lactate production in the presence of anaerobic respiration at

the end of the dive — resulting in potentially harmful physiological effects (26).

The lactate accumulation due to hypoxia may result in the phenomena known as
lactylation. Lactylation is a well described pathway of gene expression influenced by lactate
dynamics. Central to the regulation of methylation is the DNMT1 gene — lactate upregulates
the expression of DNMT1 due to the hypermethylation of a gene with DNMT 1 -suppressive
properties (27). DNMT]1 also has protective factors against the induction of hypoxic induced
apoptosis (28). DNMT 1 reduces the methylation rate of LMX1 — explaining the
interdependence of the poly-CpG-phenotype association disclosed by the sliding window
framework (29). LMX1A knock-out results in dysregulation of mitochondria, producing
excessive reactive oxygen species (ROS), which can be cytotoxic (30). Taken together, the
three genes are mechanistically linked to the metabolic changes experienced in response to

the physiological demands of diving.

The sparsity of the methylome reduced the power effect of the study, which was evident
in the lack of singular CpGs associated with the phenotype (31). However, the inclusion of
windows aggregated the regional CpG scores, shifting the analysis from noise abundant and
numerous CpGs to a coordinated regional analysis approach. The process improved the
reliability penalized R? value and directionality of the effect. As part of the model, the self-
tuning sliding window analysis avoids arbitrary definitions of windows by limiting the
windows to real chromosomes and imposing a penalization on the R? for the window length
to prevent the detection of CpGs over vast distances within the one window. The end-result is

phenotype-associated windows that are short, stable and directional in their predicted effect
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upon the phenotype. Although the study was applied to one marine mammal species only, the

method is broadly applicable due to its ability to handle sparse data and polygenic traits (32).

The simulation experiments demonstrated that the sliding window framework behaved
predictably despite the varying noise to signal regimes. The high sparsity value produced the
most trusted windows, the intermediate level of sparsity generated few windows, and the low
level of sparsity generated no windows regardless of the noise level. For all settings
generating a window, there was perfect window level precision; however, false positives were
detected among the CpGs of windows. Despite this the framework is highly resistant to false-
positive calls despite substantial noise. The ADVI-EWAS and or Horseshoe model
parameters and their estimated R? distributions were not determinates of the number of
windows selected, nor the variability within a window. Rather sparsity was the dominant
determinant of window recovery — with denser signals capturing windows at a higher rate —
as was expected given the penalisation of the window size. The penalisation of the window is
inherently restricted by the density function (sparsity) of the CpG data. Future fine tuning of
the model could incorporate a hyperparameter for the weighting of the CpG sparsity of the
genome. This would be beneficial in the context of ecological studies, as the methylome
sequencing coverage directly impacts upon the sparsity of the methylome (33). Wildlife
studies are frequently limited by suboptimal sample preservation due to situations in the field
—a model capable of accounting for the sparsity of the CpG rate per genomic nucleotide
would offer a novel approach to counteract the coverage loss resulting from suboptimal

preservation of DNA in the field (34).

Despite numerous limitations throughout the study, the sliding window framework still
managed to produce a mechanistic explanation for the ontogenetic establishment of the
extreme physiological shifts towards adulthood in the California Sea Lion. The limited

sample size, does reduce the inferencing capabilities of the study, but it establishes the ability
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of the sliding window framework to perform under both data and statistical sparsity (31). The
limitation of tissue sampling to the blood of pinnipeds is also a significant limitation.
Pinniped red blood cells lack nuclei and thus the epigenome is limited to cells that primarily
do not participate in the aerobic diving capacity — through oxygen reservation — rather the
effects are more likely secondary to physiological stressors rather than age (35). Examination
of other tissues — such as muscle — would benefit in the detection of genes associated with the
aerobic diving capacity of Z. californianus, but it would also provide stronger effect sizes
(10). The stronger effect sizes do not necessarily reflect the sparse nature of the data. Blood
samples are also one of the most accessible tissues for wildlife DNA sampling —allowing for
more meaningful comparisons for a pan-wildlife methylation tool (6, 34). However, blood is
not a universal window into whole animal methylation — tissue dependent methylation is well

described (36).

Limitations that detract from this study’s applicability include the determination of the
aerobic dive capacity as a function of age and the cross-sectional nature of the data recycled
in the study. Given that the age of Z. californianus is a strong predictor of the aerobic dive
capacity and the molecular clock of individual pinnipeds, the methylation profiles predictive
of the aerobic dive capacity are inherently associated with the age of the individuals (6, 10).
This is further exacerbated by the estimation of the maximum aerobic dive capacity of Z.
californianus being calculated as a linear function of the age of the individuals sampled for
the methylome sequencing (10). The clusters identified were age independent despite the
genes’ effect sizes being determined in part by cluster. Further research is a unique
opportunity to apply the framework to more diverse phenotypic traits that are (i) documented
as part of the sampling framework, (ii) are diverse within a species and (iii) are applicable
across species. Through future research a more mechanistic understanding of conservation

physiology and genetics can be established.
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5. Conclusions:

The aim of the study was to develop a framework for poly-CpG regional analysis to
improve the understanding of methylation-phenotype associations in wildlife. Through a
sliding window framework, the regional poly-CpG effects were characterized for California
Sea Lions — three windows were isolated producing three explanatory genes. The

applicability of the method is widespread and can be applied to various wildlife species.
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Figure 1: Hierarchical Bayesian prediction of the maximum aerobic diving capacity

defined as a function of the experimentally derived maximum aerobic diving capacity.

A. The chronological age (x axis) is compared to the epigenetic age (y axis), with the cluster

(shape) and probability of assignment to a cluster (colour) featured. B. The Maximum

experimental aerobic dive capacity (Max ADC —y axis) is defined for the mean posterior

Hierarchical Bayesian prediction of the ADC (x axis). The dashed line represents the perfect

prediction, not the linear regression line.
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Figure 2: CpG scores are not a significant predictor for the aerobic diving capacity of
Zalophus californianus. For both A and B, the y axis features the -logio posterior tail of
probability and the same colour coding system is retained. The black dots are the bottom 99%
horseshoe values, the red dots the top 1% values and the blue dots are the ADVI-EWAS values.
A. The Volcano plot of two contrasting analyses is provided for the ADVI-EWAS and the

Horseshoe shrinkage model. The x-axis features the effect size. B. The ADVI and Horseshoe
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CpG values were compared within a Manhattan plot with the x axis featuring the genomic

position.

Table 1: The GCSH, DNMT1 and LMXI1A genes are all significant predictors of

maximum aerobic diving capacity. The summary statistics for the linear regression used in

Figure 3A are summarised. The slope and intercept predict the per-animal, gene effect.

Statistics: GCSH DNMT1 LMX1A
Slope 0.1880 -0.1812 -0.1247
Intercept -1.3511 1.3657 1.6327
R? 0.5537 0.5969 0.4148
p values <0.0001 <0.0001 <0.0001
Standard error 0.0218 0.0192 0.0191




442

443

444

2.0

1.5

1.0

0.5

Per-Animal Gene Effect

-15

—2.0

2 3 4 5
B Max ADC (experimental)

203331420083 ROICOL
203531420072 ROSCOL
203531420072_R06C01
203877620001 R02C02
203877620001_R03C02
203877620001 R04C02
203877620001 RO5C02
203877620001_RO6CO2
203867110005_R06COL
203867110005 R01C02
203867110005 R02C02
203877620002 R04COL
203877620079 ROICOZ
203877620078 ROGCO2
203877620076 RO4COL
203877620076 _ROSCOL
203877620076_R06COL
203877520078 _R01C02
203877620076 R03C02
204351090016 R02C02
204551090016_R05C02
208551090016_R06C02
204551090057_R01€01
204551090057_ROBCOL
204551090057_R01C02
204551090057_R02C02
204351090057 R03C02
204529320051 R0O3COL
204529320059 ROSCOL
204520320059 R01C02
204529320088 R0SC02
204520320059 RO6CO2
204329320040 ROICOL
204529320103 R06CO2
204529320105 R01C0L
205128010038 R0SCO1
205126010011_R02C02
205128010021 ROICOL
205128010021_RoACOL
205126010021 RO5€0L
205126010021, R01C02
205126010039 _ROSCOL
205126010020 R04C0L
205126010020 RO5CO1
205128010020 ROGCOL
205120010020 ROIC02
205128010020 RO2C02
205128010020 R03C02
2051268010020 RO4CO2
205863120005_R05C02
205854170027_R01C0L
205854170027_R02C01
205854170027 ROICOL
205854170027_RO6COL
205854170027 RO1C02
205854170027_R02C02
205854170027 R05C02
205854170027 RO6CO2
205854170005 R02COL
205854170005 _ROICOL
205854170005 R05C02
203854170025 R02C02

Cluster-1

Cluster 0

Cluster 1

Custer 2

dow 0
dow 1
dow 2

win:

win

win

Figure 3: Three genes strongly associated with maximum aerobic diving capacity. A. The

effect sizes of the genes were mapped through linear regression for the maximum aerobic
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capacity — Max ADC. B. A heat map was generated for the relative effect of each gene upon
animals (top left quad - red), window level methylation scores for the animals (top right quad
- blue), gene upon HDBSCAN clusters (bottom left quad - green) and window upon the

HDBSCAN clusters (bottom right quad - yellow).
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450 Figure 4: Simulations of the sliding window analysis reveal an absence of window
451  identification at high noise to signal ratios and hallucinations at low noise to signal ratios.
452  A. The heatmap shown is coloured for the number of trusted windows discovered for three tiers
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of sparsity (0.8, 0.4, 0.2) and noise (0.5, 1.0, 2.0) — where the lower values of sparsity were
predictive of a high noise: signal ratio, higher values the opposite. For the noise values the
higher the value the greater the noise: signal ratio. The numbers inside the tiles are the number
of windows identified. B. The circos plot was fitted for three combinations of the sparsity and
the noise were selected for a small noise: signal ratio (0.8 sparsity and 0.5 noise), medium
noise: signal (0.4 sparsity and 1.0 noise) and high noise: signal ratio (0.2 sparsity and 2.0 noise).
The inner circles of red and black dots and the green bars represent the small noise: signal ratio
dataset, the middle set of rings were for the medium noise: signal ratio and the outer rings of
dots and absence of green bars is the high noise: signal ratio (for which there were no identified
windows). The red dots represent the signal (CpG scores) and the black dots represent the noise
(CpG scores). The green bars are trusted windows. C. The y values from the ADVI-EWAS
significance scoring from the simulated inputs/ ‘true’ values were modelled on the x axis and
the sliding window estimated y values were plotted on the y axis. This plot was repeated for D.
but with the estimated 8 (y axis) and ‘true’ 8 (x axis). In plot E. the R? ADVI-EWAS distribution
(y axis) was determined for the two sparsity categories for which sliding windows were
successful — the 0.4 and 0.8 sparsity values (x axis). This was repeated in plot F. for the R?

Horseshoe distribution (y axis) mapped against the same sparsity values (x axis).

Table 2: The noise to signal ratio has a dramatic effect on the calling of windows and the
variance explained by the windows. The high noise: signal ratio was for a sparsity value of
0.2 and a noise value of 2, the medium was 0.4 (sparsity) and 1 (noise), whereas the small
noise: signal ratio had a sparsity value of 0.8 and a noise value of 0.5. Detailed explanations of

the workflow can be found in the methods.
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Statistics: High noise: signal Medium noise: Small noise: signal
ratio signal ratio ratio

Significant CpGs 83 101 168

Trusted windows 0 2 8

Recovered windows 0 2 8

Precision 0 1.0 1.0

Median window 0 4.5 4.0

size

Median R’ 0 0.1021 0.0751

Chronological age

Epigenetic age
Maximu m ADC

Bayesian ADC

EWAS ADC

GCSH

Figure 5: Hierarchical ordination of the methylation does not predict phenotype. The
diffusion pseudotime (from the origin — 0 to the terminal individual — 1) was mapped for a k-
NN, MST constructed hierarchical model for the aging and tracing of evolutionary methylation
histories. The origin animal at the bottom of the graph was the root for the tree, it was the
youngest chronological individual. The dot’s colours in the top of sector of the graph represent
the HDBSCAN clusters. The y axis of the top plot represents the pseudotime, the x axis was

ordinally spaced out to accommodate for the heatmap below. The results were combined with
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the phenotypic markers: chronological age, epigenomic age, maximum aerobic diving capaciry
(Maximum ADC), Bayesian ADC (the predicted aerobic dive capacity from the Hierarchical
Bayesian model), the EWAS ADC (generated from the ADVI-EWAS model) and the GCSH,
DNMT1 and LMXI1A genes are displayed. The colour for the heatmap dictates the relative

proportional value for the given trait across all samples/ individuals.



491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

Supplementary Methods:

1.1 Supplementary methods overview:

Removal of the excess CpGs was performed using the var() command from Python’s
numpy command. MANOVA was applied to understand the role of the chronological age and

epigenetic age upon the formation of the HDBSCAN clusters.

The 20 PCs were inputted into HDBSCAN with a minimum cluster size of six individuals
and minimum number of neighbouring samples of three (min_samples = 3) needed for the
identification of a core sample within a cluster. The choice of the minimum cluster size and
number of neighbouring samples which arbitrarily defined in this study were chosen on the
basis of a small sample size, high dimensional PCA space. The pipeline is described in greater

detail in Supplementary Methods 1.2

The weighted parameter (1) was optimised using a 1D Fisher solution. Epigenetic ages
were calculated through using the model provided by Robeck, Haghani (6) for all pinniped
blood methylation clocks, as the California Sea Lion specific clock model was not freely
available (Supplementary Methods 1.3). The weighting parameter was chosen to maximise the
separation between clusters while minimised the within-cluster variability. Latent age values

were assigned to each individual sample and/or animal (Supplementary Methods 1.4).

The stability and age-related relevance of each cluster was determined through three
reliability metrics: (1) age coherence, (2) ordering reliability and (3) methylation tightness. Age
coherence was calculated as how tightly chronological and epigenetic ages were grouped
within a cluster. The ordering reliability was to determine if the clusters followed a monotonic
progression in which the epigenetic age either always increased or decreased with the ordering

of the hierarchical clusters. The methylation tightness quantified the within-cluster
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homogeneity of the CpG M-values. The Hierarchical Bayesian model produced a divergence

rate of 0.075%. This was summarised in Supplementary Methods 1.5.

The maximum aerobic dive capacity was assumed to be a normally distributed outcome
variable with a mean provided as a linear prediction generated from an intercept, the latent age
effect and a random effect to account for HDBSCAN clustering. Individual weights were
included in the model as a scale for the impact of the cluster reliability for the given animal.
That is the more ‘reliable’ the cluster the animal belongs to, the more the animal contributes to
the scaling of the residual variance and thus contribute more strongly to the likelihood
prediction for the Bayesian model. For all informative priors, weak parameters were used to
prevent overfitting without over-constraining the model — a necessary consideration or the
limited sample size of the study (n=69). Posterior samples were estimated using Markov chain
Monte Carlo (MCMC). The posterior mean predictions were used to compute the residuals
needed for the downstream ADVI modelled EWAS in Stack Four. The formulae for the
Bayesian Hierarchical model are available in Supplementary Methods 1.6, with additional

information regarding the MCMC sampling.

The residual maximum aerobic dive capacity was determined as a function of latent age,
CpG-specific methylation, cluster-level random effects using the individual reliability weights
from Stack Two. To computationally manage the CpG EWAS (10,000 CpGs, 20,000 iterations
and 2,000 posterior samples) the process was conducted in batches of 1,000 CpGs with separate
regression fit for each CpG using ADVI rather than a MCMC posterior sampling. The ADVI
process provided a faster approximation of the posterior parameters. For each of the CpGs the
estimated CpG-specific effect size (y) determines the effect of the methylation upon the residual

phenotype. The residual phenotype is a condition of the latent age and clustering associated
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phenotype from Stack Three. The posterior means and standard deviations for the CpG-specific
effect size were extracted and retained for all CpGs. These were used to compute the 95%
credible intervals. These were used for the determination of the posterior probabilities of a
positive benefit under the Gaussian variational posterior. The CpGs were classified as
significant for the posterior probability of an effect being greater than 0.975 for either direction.
The resultant CpG effect size data frame was used for downstream analyses. The statistical

basis of Stack Four can be found in Supplementary Methods 1.7.

To achieve this the methylation matrix was standardised for the columns to ensure the
effect sizes across the CpGs are comparable to the ADVI results of Stack Four. A Bayesian
linear regression model with a horseshoe prior was fit to the standardised methylation matrix

by applying ADVI for the computational efficiency.

The estimated model estimated a global shrinkage parameter (7), singular-CpG-specific
local shrinkage parameters (/;), and singular-CpG-specific regression coefficients (f;). The
Horseshoe prior enables strong reduction of the impact of noise (CpGs) while allowing for
large CpG effects to remain unshrunk. Posterior samples were drawn from the fitted variational
distribution with the posterior means and standard derivations of f; were extracted every
individual CpG. Additional resources for Stack Five can be found in Supplementary Methods

1.8.

Each CpG was aligned for its EWAS posterior mean effect size (7;) and its comparable
Bayesian tail probability for the Horseshoe model (ﬁ ;) and posterior standard deviation. The

two datasets were annotated on the CpG-level with the computation of the cumulative genomic

positions for Manhattan-style plotting.

Both plots were developed by plotting the ADVI posterior, Bayesian tail probability for

y; and the posterior tail of probability for the Horseshoe model (f;). The CpGs from the
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Horseshoe CpGs were plotted using the assumption that the posterior tail of probability ()
generated by the Horseshoe CpGs under variational approximation was comparable to the
ADVI posterior Bayesian tail probability for y;. The Volcano plot visualised the direction of the
significance for methylation while the Manhattan plot visualised the overall significance of
methylation for the overlayed genomic positions. The top 1% most significant Horseshoe CpGs
were highlighted in both plots. Comprehensive detail on the statistical foundations of these

steps can be found in Supplementary Methods 1.9.

CpG methylation values were reduced using PCA and a k-nearest neighbour (k-NN)
graph was constructed in PCA space with a minimum spanning tree (MST) extracted for the
backbone of the methylation similarity score across individuals. Diffiusion pseudotime was
computed for the y axis of the MST and rooted for the individual with the lowest chronological
age. The production was a one-dimensional ordering of individuals that reflects the progressive
changes in the methylation structure. The MST was visualised within the PCA space for
clustering-based colouring (from Stack One) to highlight the relationship between the

methylation-defined clusters and inferred trajectory.

For the integration of the phenotypic information the pseudotime ordering was used as a
shared x-axis for the second panel. The second panel featured a tile-based heatmap of the
ranked phenotypes with variables such as chronological age, epigenetic age, maximum aerobic
diving capacity, the Bayesian residuals from Stack three, the ADVI derived poly-CpG scores
from Stack Four result and the gene-level effects for the genes determined to be significant for
the methylation-phenotype association. Each variable is percentile normalised and displayed
as a horizontal tile row with precise alignment against the MST ordering. The results produced
a unified figure for the comparisons of methylation trajectory structure against the
physiological and gene-level phenotypes. Trajectory inference was used to identify latent

methylation progression patterns that may reflect physiological ageing or adaptive diving
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phenotypes. Further information detailing the Stack Eight pipeline can be found in

Supplementary Methods 1.11.

1.2 Calculation of the M-scores:

The B-scores from the normalised methylation data were converted into M-scores for

methylation using the formula:

1.3 Estimation of the Epigenetic age:

The epigenetic age of the animals was predicted using a pinniped-wide methylation
clock. For the calculation of the methylation age an elastic net epigenetic clock model was used
whereby the methylation age (Ages)) is a function of the intercept Bo and the sum of the
coefficients for the CpG (B;) and the methylation scores (M-scores). The epigenetic age was

calculated using the formula:
Age® = Bo + 1My + B Mip ++++ + By My

1.4 Latent age definition:

The latent age is then defined by the combination of the epigenetic age, the chronological

age and age of the clusters from stack 1. The latent age was classified using the formula:
LatentAge; (1) = AAgeEhrono +(1-2 A/g\e;‘pi, A€ [0,1]

Where the 4 is determined by the 1D Fisher optimisation formula:

A" =arg f&%ﬁ‘]] D



608 J(A) is given by:

609

Sg(D)
610 J) =

Sw()
611 Where Sp(4) and Sw(4) — the between cluster and within cluster parameters respectively
612 —were given by:
613

- I 2
614 Sg(d) = z ny (LatentAge (1) — LatentAge (/1))
K
2
615 Swd) = 2 Z (LatentAgei(A) — LatentAge k(l))
k i€k
616 The individual animal mean latent age was provided by the formula:
617
N N

618 LatentAge(A1) = Nz LatentAge, (1)

i=1
619 The cluster mean latent age was provided by:

S 1
620 LatentAge, (1) = n_z LatentAge, (1)
k 4
i€k

621 1.5 Calculation of the reliability scores and weights:

622 The formula for this reliability weighting is provided by formula below whereby the age
623  coherence (r;*°") is a function of the variance of the chronological age and epigenetic age. Age
624  coherence scores close to 1 indicate a tight age clustering for both the chronological and

625  epigenetic age, but a score of 0 indicates the opposite.
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1
1+ Var (Ageghmm:i € k) + Var (A/g\e?pi:i € k).

coh __
Tk =

The order of the ages for the clusters is defined in two steps, first by the function:

— 1 — epi
Age, = i Age;
* ik

Then by the formula produces the reliability order score:
red = H(@k < ZATgekﬂ)

The internal methylation tightness within the cluster is given by the formula:

tight _ 1
. 1+ Var (M;:i€k, jeC)

Where the riight value is a function of the variation of M-score for the clusters for all
10,000 CpGs (where C is the CpGs) used for the clustering. If the clusters look similar in
methylation space the value is close to 1 but if not, it is close to 0. It is a molecular coherence

metric.

All the above cluster evaluation metrics are combined into a combined r; for the

calculation of the weights for the Bayesian analysis.

coh ord tight
L7 e o
3

rk =
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The reliability of the cluster (determined from ry) is fed into the formula for the reliability
of each individual animal. The reliability of the cluster and the predicted likelihood of the

animal belonging to the cluster are combined to produce the metric:

__ .cluster
Wl - pl rCi

The w; value is used as a Bayesian weight/ prior.
1.6 Determination of the Bayesian Hierarchical model:

The Bayesian Hierarchical model will be constructed using the formula:

2

o
Y | w, 0% w; NN(HL" W>

i

Where i denotes the animal, Y; is the maximum aerobic diving capacity, the u; is the linear
predictor defined below, the o is residual normal variation, N indicates the normal distribution
and w; is the clipped weight (clipped at 10 to avoid zero variance issues) provided by the stack

2.

The o value is defined as HalfNormal(5) whereby the residual noise is positive and

moderate but allows noisy data to feature. This stabilises the model with weighted likelihoods.

The HalfNormal(5) equation dictates that the normal distribution has a prior ranging from
0 to ~10 with most values ranging from 0-5, values above ten are possible. It serves as a weakly

informative prior for the prevention of unreasonable values in the absence of underfitting.

The formula for u; is provided below:

Wi = @ + Byg. LatentAge, + b,
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LatentAge; is output of the optimisation from stack 2. The a value is a weak global
intercept prior that barely constrains the model. This prevents the drifting of the intercept due
to the small sample size (n=69) and allows for an effect from the data. The fage latent age prior
is for the stabilisation of the regression model without biasing the magnitude of the effect or
the direction of the age effect. The b.; value is the cluster random effects defined by the cluster

specific deviation of the cluster ¢; for the animal i.

The a value is defined as o ~ N(0, 102), the Bage latent age as fage ~ N(0, 10?), and the b.;

as bilz> ~ N(0, 72).

The 7 value is provided by the formula: 7 ~ HalfNormal(5) which allows for model cluster
differences but also allows for extreme values if needed. It is a shrinkage mechanism to prevent

the overinterpretation and or overfitting from clusters and or small sample size.

The posterior sampling was performed using No-U-Turn Sampler (NUTS) for which
there were 4 chains, 2,000 tuning steps, 4,000 posterior draws, a target of acceptance of 0.9 and

a fixed random seed for reproducibility.

The posterior means were used to calculate the residuals using the following formulae:

f; = Ela] + ]E[Eagc] - LatentAge; + IE[bCi]

Where the residuals are:

A

Residual; =Y, — fi;
The residuals were included in the ADVI component of the EWAS for Stack Four.

1.7 Single-CpG EWAS model overview:
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The ADVI process involved the optimising the parameters through the maximisation of
the evidence lower bound (ELBO). The posterior summaries of the predicted effect of
methylation upon the aerobic dive capacity residuals (y;) from Stack Three were generated by

the sampling of the optimised variational distribution.

The model assumes a global normal and linear formula for the prediction of the residuals

from stack 3 using the following equation:

2
IoF:
TL'}' = aj +:8age,j . LatentAgei + ]/] . MU + bcij + Sij" Sij' ~ N(O, L)

i

The weight is derived from the stack 2, the b.;; ~ N(0, 75) for which z, ~ HalfNormal(5).

The linear model has the following priors for all subscript j, each CpG:

@ ~N(0,10%),  Bagej~N(0,10%),  y; ~N(n,12)

The hyperpriors are defined as below:

oj ~ HalfNormal(5), ty ~ N (0,10), 7, ~ HalfNormal(5)

The ADVI method to estimate the y; values for the given age and M score of each CpG
per animal (Mj). The y; values are given by the Gaussian factorised approximation formula,

where d;is the number of parameters:

dj
q(6;) = HN (B | i Sic)
k=1

Whereby the 6; is defined as the following:
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The variation parameters (4 and si) are optimised using the ELBO method — as

described:

ELBO(d)j) = E% [logp (r | 9]-) + logp (9]-) — log ‘s (Hj)]

J
The summaries of the posteriors for the y; are obtained by sampling the variation

approximations with the following equation:

J/j(S) ~q(vj1¢;), s=1,..8

The conversion of the Bayesian ADVI posterior values for each singular-CpG was used
to calculate the mean and standard deviation of the predictions. These two metrics were fed
into a Bayesian analogue ofthe p value to predict the significance of each CpG upon the aerobic
dive capacity. This assumed a Gaussian variational posterior and produces a directional ‘p
value’. Significance was defined as (p > 0.975) | (p < 0.025) — for the 95% confidence intervals

as defined as:

yj,lower = Vj —1.96 - Sd(]/j), )/j,upper = yj + 1.96 - Sd()/])

The equation for the conversion to the p values is provided below:
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sd(v;)
Where @ is the cumulative distribution means u and standard deviation o.
1.8 Horseshoe Bayesian shrinkage model:

The model relied on the standardisation of the M-score matrix to stabilise the shrinkage

behaviour of the horseshoe prior. This was performed through:

b Sd(M})

The Bayesian linear regression model with global-local shrinkage prior for the estimation
of the singular-CpG-specific methylation effects on the observed maximum aerobic diving

capacity is given for the individual i, and the single-CpG j:

]
)’i:“‘*‘ZﬁjMi*j‘Ffi, g ~N(0,0%)
=

With the shrinkage structure:

B ~ N (0, t4;)

Where:

T ~ HalfCauchy(1), A; ~ HalfCauchy(1)

With the additional priors:
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a ~ N(0,10%), o ~ HalfNormal(5)

Posterior inferencing used mean-field ADVI with the variational posterior assumed to be

of a fully factorised Gaussian form:

da
a©® = | [ @ 105
k=1

Where the 0 is:

6= (apy..B0)

The posterior summaries were generated from the 30,000 iterations of ADVI and 2,000
draws to form the optimised variational distributions. Posterior summaries were generated for

the estimate of ; which was determined through the formula:

Bi=E[f; | dara],  sd(8)) = [Var(B; | data),  |f;] =8|

1.9 Manhattan and Volcano plotting:

For each CpG the EWAS directional Bayesian tail of probability was computed under the

Gaussian variational approximation:

Py = P(Vj >0 | data) =1-9 (0; Vi Sd()’j))
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Where the 7; and sd(y;) were denote the posterior mean and standard deviation

respectively. The Volcano statistics were generated through:

volcano,, ; =

{_10810(1 —vrj), 720,
v.J

—logio(py;), 75 <0

Genomic coordinates of the CpGs were cumulatively considered for the Manhattan plot

as:

positioni]. = Start;; + min(Start,j)

For the Horseshoe inputs the posterior probability of a positive effect are generated from

the Gaussian variational posterior — computed as:

ppj = P(ﬁj >0 | data) =1-9 (0: ﬁAj; Sd(ﬁj))

The Horseshoe volcano plots were generated through:

—10g10(1 - pﬁ.i)' :éj =0,

A

volcanog ; =
P { _10810(p[3,j)» Bi<0

The top 1% of the Horseshoe CpGs were isolated as a function of the magnitude of the

posterior mean:

|,[§]| > percentilegg(|,@|)
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The Horseshoe genomic coordinates for the Manhattan plot were as described above for

ADVI.
1.10 Sliding window and gene-phenotype visualisation analysis:

The CpG position was determined computationally using the following notation to align
the CpGs — this was the basis of the sliding window model — so as to not confound biologically

independent data from different strands of DNA.

start;, strand = +,

cpg(pos)j - {endj, strand = —

The methylation matrix was constructed with the CpGs sorted by the Chromosome and
genomic position. The CpGs, j, were computed within a window, w, through the following
formula to determine the ‘signal’, where the M denotes the methylation matrix, the y, and the

pSw denote the ADVI and Horseshoe values for each window:

Sy =M wyw Sg =M. w Pw-

The signal was used to calculate the portion of the variability that was explained by the

model. The formula for this process was:

2_( <5—5_;y_3_’>

2
— - 1, sign =sgn({(S—S, y — 7))
IS = S [y —3’||>

A penalised score of the R? was generated through the formula:

score = R* = Ayenairy = W]



809 This score was iteratively calculated for the formula scoreew — scorepes™ minimum-R>-

810 increase. In addition, both models must agree on the direction of the score — as determined by:

811
812 sign,, = signg #* 0
813 If either the R? growth condition or the direction of the score condition failed then the

814  growth of the window ceased. Windows smaller than the predefined minimum number of CpGs
815  (four — can be altered) then the window was not retained. For a window to receive a trusted
816  status then the R’ value for both the ADVI and Horseshoe sliding window models must be
817  greater than 0.5. For semi-trusted window status, the R’ value must be greater than 0.5 for

818  either the ADVI or the Horseshoe sliding window model.

819 The windows were then assigned to genes using the transcription start site (TSS) — as
820  defined by the strand. The basal domain was assigned as the TSS — 5,000bp to the TSS +
821  1,000bp. Domains were extended to the midpoints between adjacent genes — with the closest
822  gene being assigned the CpG for intergenic regions. A window with the genomic span of s,

823 and e, (start and end of the window) were assigned to the gene, g, only when:

824
825 regulatory(start)g <e, and regulatory(end)g > Sy
826 The combined effect of the CpG was used for downstream calculation of the gene and or

827  window effects on the phenotype of Z. californianus. For the calculation fo the combined

828 effects the formula below was used:

829

830 g.:LﬁJ
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The logistic transformation was applied to each animal’s methylation measurement:

1
1+e™™

polyij = O'(Qle-j), o(x) =

The combined effect per gene was defined as:

1
Effectg = W Z ()/] + ﬁ})
g

JEW,

The median absolute deviation (MAD) was used to classify the direction of impact — be

it negative, positive or absent. For this calculation the following formulae were used:

1
Effect, = W Z (yj + ,8]-), MAD = median (|Effectg — median(Effect)D
9l jew,
For which the direction is determined by Effectg being greater than 0.5(MAD) producing

an Up direction, an Effects less than 0.5(MAD) producing a Down direction, otherwise

producing a Neutral direction.

The linear regression model for the effect of the genes upon the maximum aerobic diving

capacity (ADC) is predicted by the following equation:

Eig = ag + Bg ADCL + Sig

For the slope and intercept values:
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n
(&5, 8,) = argrg’iﬁnz(Eig —a-p ADCL-)Z'
i=1

The & value in the global linear model represents the residual error term. The regression

model was fitted for each individual gene.

The simulation for the sliding windows involved the mapping of artificial CpGs to a
100,000 nucleotide-long chromosome (the ‘true’ effects). For each sparsity level (0.2, 0.4, 0.8)

the proportion of the CpGs determined to be significant was given by the formula:

-~ _ (0.5 ifCpGiisselected as causal,
ytrue,i - :Btrue,i - { 0 otherwise

Where the y and 8 values are substitutes for the ADVI-EWAS and Horseshoe parameters
respectively. Methylation values were drawn from 120 individual simulated samples for which
there was a presumption of a standard normal distribution:
M, ~ N(0,1). Phenotypes were generated as a linear combination of the ADVI-EWAS

effect with the inclusion of Gaussian noise — as defined by:

y = Mytrue + & &~ N(O,O’Z)

Where o was 0.5, 1.0, 2.0 — the values of the noise quantification. The estimation of the

parameters was carried out through the adding of Gaussian uncertainty to the ‘true’ effects:

Yest = Virue T NV (0,0.05), Pest = Brrue + N (0,0.05)

The posterior probabilities were determined with the following equations:
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Pir>0) = (12%), P(ﬂ>0):q§<ol05
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Where @ is the standard normal cumulative distribution function. CpGs were considered
significant when both posterior probabilities were greater than 0.5 and both signs of the yes and
B.s: agreed. The sliding window approach was performed as described above, only

without consideration of the chromosome since only one ‘chromosome’ was processed.
1.11 Trajectory based methylation profiling and phenotype association:

Principal component analysis was applied to the methylation matrix, M:

Mpca = PCA,o (M)

Only the first two components were analysed further. A k-NN graph was constructed
using Euclidean distances for the methylome. For each sample, i, the edges were added to its
k=10 nearest neighbours and the minimum spanning tree (MST) generated. This provided a

sparse backbone for the analysis of the methylome across individuals:

Gumst = MST(Gk-nN)

The root node was chosen as:

chrono

froot = arg min Age;

Where the Agei'™m is the chronological age. The diffusion pseudotime was computed

along the shortest path distance of the MST:
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DPT; = d(iroor i)

The results were normalised to [0, 1]:

DPT; — min DPT;
J

DPTIO™ =
. max DPT; — min DPT;
J J

The PCA-MST embedding was generated by the plotting of the animals in the PC1, PC2
plane. The edges (u, v) were drawn as line segments and the nodes coloured by cluster labels
from Stack One. Individuals were ordered according to increasing methylome pseudotime with

the provided formula:

m = argsort(DPT"°™)

For each phenotype the values were rank normalised as described below:

rank(v;) — 1

ﬁi=100>< n—l

The heatmap was generated with rows corresponding to the individuals ordered by

pseudotime:

~ (k)
Hy; = V7(T(i)

1.12 Data and code availability:

All data and code is available in the study’s repository: ...
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Supplementary Figure 1: The sliding window self-tuning mechanism was illustrated to
the three genes determined by four-CpG windows. The three genes were mapped for the
genomic coordinates of Z. californianus. The coloured dots represent the individual CpGs, the
black dashed line represents the termination of the biological signal (difference in directionality
of the effect size). The grey shading represents the regions for which there is a consistent
change in direction for both the ADVI and Horseshoe models. The genomic coordinates/ their
spans are illustrated on the x axis. The genomic ranges for the genes are: 25Kb (GCSH), 31.7Kb

(DNMT1) and 5.46Kb (LMX1A).
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