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As populations diverge, genetic differences accumulate across the genome. Although genetic differentiation is well docu-
mented, evolutionary change in epigenetic modifications is less well understood. Here, we integrate genomic and methylo-
mic data from 168 barn swallows (Hirundo rustica) to examine the relationship between genetic and epigenetic population
divergence at the resolution of CpG islands and single CpG sites. Sampling across all six extant subspecies and two hybrid
zones, we assess the roles of genetic ancestry and environment in shaping DNA methylation patterns. Genome-wide meth-
ylation differentiation (Pst) closely mirrors genetic differentiation (Fst), with secondary contributions from geographic and
environmental variation. DNA methylation patterns track the genomic landscape of sequence divergence, especially in CpG
islands of nonregulatory regions. Across hybrid zones, DNA methylation levels are associated with nearby cis-acting genetic
variation and global genomic ancestry. Moreover, CpG sites exhibit linkage disequilibrium with nearby SNPs, extending
over several thousand base pairs within a putative inversion. These results suggest that although environmental effects
on genome-wide DNA methylation are present, epigenomic patterns are costructured by the evolutionary processes shap-

ing genetic variation.
[Supplemental material is available for this article.]

Evolutionary divergence arises from the accumulation of genetic,
phenotypic, and ecological differences among populations
(Dobzhansky 1937; Mayr 1942; Lewontin 1974; Bolnick et al.
2023). Its extent depends on the time since population separation
and the interplay among mutation, genetic drift, migration, selec-
tion, and recombination. Well-established theories and empirical
evidence indicate that the partitioning of genetic variation be-
tween populations, measured in relative (Fsy) or absolute (Dyy)
terms (Nachman and Payseur 2012; Cruickshank and Hahn
2014), is promoted by genetic drift and is counterbalanced by mi-
gration, which typically declines with geographic distance (isola-
tion by distance) (Slatkin 1985). Phenotypic divergence, as
assessed by analogs of Fsr such as Qsr or Psr (Leinonen et al.
2013), may be further affected by divergent selection. If selection
against nonadapted migrants is sufficiently strong among demes,
this can enhance genome-wide divergence (isolation by environ-
ment) (Hendry 2004; Shafer and Wolf 2013).

Importantly, genetic differentiation does not accumulate uni-
formly across the genome (Wu 2001). Variation in mutation rate,
recombination rate, and selection generates heterogeneous diver-
gence landscapes (Cruickshank and Hahn 2014; Burri 2017),
which, in turn, contain information about the underlying evolu-
tionary processes (Ravinet et al. 2017; Wolf and Ellegren 2017;
Edelman and Mallet 2021). Genome scans assessing the distribu-
tion of summary statistics of genetic variation along the genome
are thus routinely used to infer process from pattern (Ellegren
et al. 2012; Vijay et al. 2016; Tavares et al. 2018; Shang et al.
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2023). Yet, the underlying processes can be challenging to pin-
point. Regions of elevated genetic differentiation, for example,
may reflect divergent selection, which reduces effective migration
locally (Gwee et al. 2025); indicate linked selection even in the ab-
sence of gene flow (Burri 2017); or flag a local genomic history of
adaptive introgression (Rossi et al. 2024). Regions subject to diver-
gent selection may further come into linkage disequilibrium (LD)
if selection outweighs the rate of recombination, promoting ge-
nome-wide divergence in other parts of the genome (Barton and
De Cara 2009; Schield et al. 2024). Yet, weaker, transient associa-
tions may also arise in single populations by genetic drift alone
owing to cosampling of identical-by-descent haplotypes.
Although divergence of genetic variation has long been in fo-
cus, there is growing interest in whether epigenetic mechanisms
might influence population divergence (Richards et al. 2017;
Vogt 2017; Richards and Pigliucci 2021; Vernaz et al. 2022).
Such interest necessitates an understanding of how epigenetic var-
iation aligns with population divergence. Understanding epige-
netic divergence relies on (1) accurately pinpointing the sources
of epigenetic variation and (2) utilizing methods that relate epige-
netic variation to known processes, like selection, linkage, or drift.
Achieving this will require quantitative description with informa-
tive summary statistics that characterize epigenetic change along
the genome, akin to genome scan approaches (de Carvalho et al.
2025). Adapting population genetic methods, which have a long
history of identifying processes underlying genetic variation, to
epigenetic data provides the possibility to elucidate whether
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epigenetic divergence landscapes mirror genomic divergence and
to reveal which evolutionary processes (i.e., drift, divergence)
could be influencing epigenetic variation.

Currently, the field of evolutionary epigenetics focuses on
identifying differentially methylated CpG sites or regions and
their environmental determinants. In rare cases, such differences
can be linked to genetic variation, for example, via QTL approach-
es (Mueller et al. 2025). Such studies have shown varying degrees
of correlated genetic-epigenetic population divergence (Carja
et al. 2017; Johnson and Kelly 2020; Silliman et al. 2023;
Merondun and Wolf 2025), and in plants, in which epigenetic var-
iation appears to have a higher degree of autonomy (Quadrana and
Colot 2016), there is evidence for a genetic basis of locally adaptive
epigenetic variation (Dubin et al. 2015). At a regional genomic
scale, previous studies provide further evidence for both cis- and
trans-acting genetic influences on epigenetic profiles (Villicafia
and Bell 2021; Merondun and Wolf 2025). However, studies fully
characterizing epigenetic divergence landscapes in natural popula-
tions remain rare, particularly those considering genomic varia-
tion in the same individuals (Hagmann et al. 2015; van Moorsel
et al. 2019; de Carvalho et al. 2025). Yet, such studies are essential
to move from mere characterization of epigenetic differences to
understanding how processes, like divergent selection, linkage,
and drift, influence epigenetic divergence (Mueller et al. 2025).
Whether epigenetic divergence promotes or hinders genetic diver-
gence will ultimately depend on the source, heritability, and fit-
ness consequences of DNA methylation (Greenspoon et al. 2022;
Mueller et al. 2025).

Here, we integrate whole-genome resequencing (WGS) with
reduced representation bisulfite sequencing (RRBS) for 168 barn
swallows (Hirundo rustica), including individuals of all six known
subspecies sampled from across the global species distribution
(Fig. 1A). Our sampling further includes two hybrid zones between
three subspecies Hirundo rustica rustica/Hirundo rustica tytleri and
H. r. rustica/Hirundo rustica gutturalis. The parental subspecies
show phenotypic, migratory, and genomic differences (Scordato
and Safran 2014; Safran et al. 2016; Turbek et al. 2022) and evi-
dence of backcrossing and reproductive isolation (Scordato et al.
2017, 2020; Schield et al. 2024). The system lends itself to decom-
pose genetic, environmental, and methylation variation along
several axes of increasing genomic resolution. First, pairwise pop-
ulation comparisons along a continuum of divergence within
and among six subspecies allow us to assess genome-wide covaria-
tion in genetic (Fst) and epigenetic differentiation (Pst) in the na-
tive spatial and ecological context. Second, known heterogeneity
in genetic differentiation, in part owing to sexual selection
(Schield et al. 2024), permits comparison of local methylome
divergence with the underlying genomic divergence landscape.
Third, admixed populations from hybrid zones allow us to quanti-
fy the association between CpG methylation and genetic variants,
disentangling cis- and trans-genetic associations, while largely con-
trolling for environment and geography (i.e., a natural “common
garden”) (Mueller et al. 2025). Finally, examination of LD between
CpG sites and genetic variants enables us to assess the range of cis-
regulatory association in recombining and nonrecombining re-
gions of the genome.

Results

RRBS of blood from adult barn swallows produced an average of 14
million reads per sample (range 9.5-336 million). After quality-fil-
tering and excluding 1866 sex- and age-informative CpG sites dis-

tributed evenly across the genome (see Methods) (Supplemental
Fig. S1), we retained two complementary data sets: (1) a site-based
data set containing 376,106 single CpG sites (CpG sites hereafter)
and (2) a region-based data set averaging DNA methylation across
CpG islands and their flanks to obtain more stable estimates of
CpG variation (Supplemental Fig. S2). In the region-based data
set, DNA methylation values of 632,510 CpG sites were averaged
across 11,456 CpG islands (CpG islands hereafter), and 171,127
CpG sites were averaged across 13,756 flanking regions (CpG is-
land flanks hereafter, defined as 2 kb upstream of or downstream
from CpG islands). We further annotated both data sets per their
genomic context, classifying CpG sites and regions as promoters,
exons, introns, transcription termination sites (TTSs), or inter-
genicregions. Although the relative representation of these catego-
ries varied, all functional categories were represented in each data
set (Fig. 1G; Supplemental Table S1). WGS data generated for the
same 168 individuals with an average coverage of 16.3 (range
1.8-63.1) yielded 4,985,699 segregating variants after filtering.

Covariation of genetic and DNA methylation variation:
genome-wide

We first quantified genome-wide population differentiation for
the SNP and CpG site-based data sets using principal component
analysis (PCA). For the SNP data set, the first two principal compo-
nent (PC) axes accounted for 14.34% of the variance and separated
subspecies according to known population histories (Fig. 1B). The
sedentary subspecies Hirundo rustica savignii (SA; n=8) and Hirundo
rustica transitiva (TR; n=8) clustered together on PC1 axis, which
further separated all other subspecies, except for a joint cluster of
East Asian tytleri (TY; n=11) and North American Hirundo rustica
erythrogaster (ER; n=7), reflecting a recolonization event from the
Americas into Asia (Zink et al. 2006). Fsr values of pairwise popu-
lation comparisons revealed complementary patterns. The highest
Fsrvalues mirrored maximal distance on the PC1 axis between the
sedentary subspecies and gutturalis (GU; n=12). Populations of rus-
tica (RUeu, n=27; RUru, n=12) showed very low levels of differen-
tiation despite a wide distribution across Europe and Asia (Fig. 1C).
Consistent with previous work, differentiation between parental
populations of the rustica/gutturalis hybrid zone was elevated com-
pared with the rustica/tytleri hybrid zone (Schield et al. 2024).

Population structure was partially recovered by PCA on PC2
axis for the CpG site-based data but explained less variation and
was likely influenced by unaccounted variables (Supplemental
Fig. S3). We therefore also conducted partial, distance-based re-
dundancy analysis (AbRDA) of the CpG site-based data set control-
ling for a number of variables, including the impact of genetic
variation. Overall, RDA accounted for 10.8% of the variation and
largely mirrored population structure in the genetic data (Fig.
1D; Supplemental Table S2).

To quantify pairwise methylation differentiation between
populations, we treated DNA methylation as a phenotypic trait
and calculated Pst, a surrogate measure of Qsr, which quantifies
the partitioning of phenotypic variance among populations (Fig.
1E). Because the additive genetic variance components for within-
and between-population phenotypic variation were unknown, we
chose the scalar parameter of the Psr equation to ensure its distri-
bution was comparable in scale to the observed Fst (see Methods)
(Fig. 1C,E). We then quantified covariation between Psr and Fsr,
which was robust to the choice of the unknown components of ad-
ditive genetic variance (Supplemental Fig. S4).

2 Genome Research
www.genome.org


http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281470.125/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on July 22, 2026 . Published by Cold Spring Harbor Laboratory Press

Genetic and epigenetic divergence in barn swallows

A ' & st .
Mf;;yze}df*\@w Population
60°N S = v ® savignii (SAA
CA¥ ¢ transitiva (TR)
: ® rustica (RUe)
aon- | A rustica (RUY)
\ - gutturalis (GU)
A tytleri (TY)
v erythrogaster (ER)
20°N-
Hybrid Zones
N [ hybrid zone regions
® rustica-gutturalis
@ rustica-tytleri
B C F .
021 ER-[ 0.089 | 0.036 | 0.025 | 0.020 | 0.028 | 0.012
v 0.05
0.14 - Tv-| 0.030 | 0.028 | 0.017 | 0.012 | 0.023 °
% & .,
g Fsr b 0.04 ° ° o
S o1l RU-| 0.017 | 0.015 | 0.003 oo o
% .H— ® [ ]
\ 0.03 [ ) Y L
024 RUe- | 0.017 | 0.016 e ® °
001 0.03 A
© [ ]
04 TR-| 0.010
v v v g v [ ]
-0.2 -0.1 0.0 0.1 0.2 ' ' ' . ' '
PC1(8.26°/0) SA TR RUe RUr GU TY
0.01 0.02 0.03 0.04
D RRBS E G Fsr
R2=0.108 0.7 i
1.0 v % p-value < 0.001 ER-| 0.033 | 0.032 | 0.034 | 0.032 0.032 @ @ Reg'jm
@ Intergenic
w 0.6 ©  Promoter
05 Tv-| 0.031 | 0.032 | 0.033 | 0.026 | 0.028 ) o intron
§ . @ © Exon
- GU-| 0.036 | 0.038 0.031 50 o TTS
o ool ghe . : ®
3 n P ST 2
s =+ °fe RU-| 0,031 | 0.030 | 0.031 . T o4 @ Prop. of sites
-0.5 o 5 0.04
o O o1
. RUe-| 0.032 | 0.030 o 03 O 02
- 0.3
08 04 00 04 TR-| 0.030 02 O O
dbRDA 1 (2.15%) . . , . . . o> © &
@ sAn @ R M Rue A R+ au A TY W ER SA TR Rle AU GU TY & & o
& & Q
R R S
Figure 1. Genome-wide covariation of genetic and methylation differentiation in the barn swallow (Hirundo rustica). (A) Barn swallow individuals (n=

168) sampled across the global breeding range representing six different subspecies: H. r. savignii (SA; n=8), H. r. transitiva (TR; n=8), H. r. rustica (RU;
n=39: separated into European RUe, n=27, and Russian RUr, n=12), H. r. gutturalis (GU; n=12), H. r. tytleri (TY; n=11), and H. r. erythrogaster (ER; n=
7). Additionally, samples from two hybrid zones, one between rustica and gutturalis (n=47) and another between rustica and tytleri (n=36), were sampled.
Distribution of the barn swallow habitat is shown, with distinctions for breeding (yellow) and nonbreeding or passage (light/dark blue) habitats for the
migratory populations, with resident habitat (orange) for savignii and transitiva. (B) Principal component analysis of whole-genome resequencing data
showing genetic population structure for the subset of 85 unadmixed individuals. (C) Heatmap of genome-wide pairwise Fst estimates between subspecies,
as well as between European and Asian populations of rustica. (D) RDA analysis of CpG sites on the same 85 individuals showing the best fit model including
eight genetic, spatial, and environmental factors. (E) Heatmap of genome-wide pairwise Psr values showing partial concordance with the genomic data set
but with higher differentiation between GU and ER and GU and RUe. (F) Correlation of genome-wide Fst and Pst estimates for all CpG sites, for which one
point represents one pairwise comparison between populations for each metric (p =0.62, P-value = 0.003). (G) Comparison of the correlation strength sep-
arated by all CpG sites, CpG islands, and CpG flanks for each of the functional categories. The proportion of CpG sites/regions used for calculation is shown
by size.

Population-wide Fsrand Psy differentiation were significantly
correlated across CpG islands (p=0.69, P-value=0.0007), across
CpG island flanks (p=0.66, P-value=0.001), and for all CpG sites
(p=0.62, P-value=0.003) (Fig. 1F; Supplemental Fig. S5).
Elevated correlations observed for CpG islands and flanks likely re-
flects a combination of biological signal (Lovkvist et al. 2016) and

the averaging of methylation values across multiple CpG sites
(Supplemental Fig. S2).

The strength of this relationship also varied by choice of ge-
nomic context: It was consistently strong when estimating Fsr
and Psy for intergenic regions and introns and was lowest in exons
(Fig. 1G). In addition to using Fsr as a metric for relative genetic
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divergence, which has a clear theoretical relationship to Psy, we
also considered the absolute genetic divergence, Dxy, to test
whether the accumulation of differences between populations
may explain divergence in methylation levels better than the alle-
lic differential captured by Fsr. In contrast to Fsy, Pst did not show a
significant correlation to Dxy for either the CpG region or sites for
all annotation categories (Supplemental Figs. S5, S6).

Importantly, we did not find evidence that the correlations
between Pst and Fsr were inflated by environmental components
covarying with genetic population structure. Neither Psr nor Fsr
showed covariation with environmental contrasts (Supplemental
Table S3). Moreover, a notable, but not exclusive, contribution
of genetic variation on CpG site differentiation was also detected
in the partial dbRDA. All genetic, environmental, and spatial var-
iables provided explained a significant, but small proportion of
CpG site methylation variance with the genetic components ex-
plaining the largest component of variation (0.01 genetic, 0.008
spatial, 0.005 environmental) (Supplemental Table S2). Overall,
these genome-wide results suggest that the divergence of epigenet-
ic variation, as inferred from Psr, closely aligns with differentiation
of genetic variation with limited contribution of the environmen-
tal context.

Covariation of genetic and DNA methylation variation:
along the genome

Next, we examined heterogeneity in genetic differentiation along
the genome to assess the degree of covariation with differentiation
in DNA methylation (for an example population comparison, see
Fig. 2A). The 1% most highly differentiated CpG windows (10 kb)

from Psy estimates were concentrated around the most highly dif-
ferentiated genetic regions (1% Fsrin 10 kb windows; hereafter Fsr
outliers) (Fig. 2A). Observed distances between the top 1% of Psr
site estimates (hereafter Psr outliers) and Fsr outliers were signifi-
cantly lower than expected by chance in 72% of all possible pair-
wise population comparisons (Bonferroni-corrected type I error
threshold P<0.042) (Fig. 2B; Supplemental Fig. S7). Psr and Fsr
outliers covaried across the genome in 10 kb windows regardless
of whether we considered CpG islands (median p across all pair-
wise comparisons=0.033), CpG island flanks (0.027), or single
CpGssites (0.043) (Fig. 2C). Functional categories impacted the cor-
relation. Intergenic regions had consistently higher correlations,
whereas correlations were less consistent and weaker for TTSs
and exonic regions (Fig. 2C). These results provide evidence that
methylation divergence weakly covaries with the genetic differen-
tiation landscape, in particular in putatively neutral, intergenic
regions.

Covariation of genetic and DNA methylation differentiation:
by ancestry in hybrid zones

Leveraging two hybrid zones in Asia (Fig. 1A), we further explored
DNA methylation patterns in the admixed genomic background
of hybrids, which can be represented as mosaics of ancestry blocks.
Although the genetic variance in hybrids exceeds variation found
within populations of a single subspecies, geographic and environ-
mental variation is expected to be reduced. Hybrid zones thus en-
able the evaluation of the relative contributions of local cis-genetic
ancestry and trans-acting genetic factors to differences in DNA
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Figure 2. Covariation of genetic and methylation differentiation along the genome. (A) Pairwise comparison between rustica and gutturalis showing
background Fstin 10 kb windows (black line), along with the top 1% of Fst windows (Fst outliers, gray bars). CpG windows (10 kb) with elevated Pst values
(Pst outliers, orange bars) are concentrated around chromosome ends and regions of elevated Fst. (B) Empirical distances of outlier Psy sites to the nearest
Fst outlier region, represented as proportion of chromosome length (orange) were significantly smaller than the expected distances obtained by random
permutation of CpG sites (gray box plot spanning the first to third quantile with the median marked; whiskers extend to a maximum 1.5 times the inter-
quartile range; outliers beyond are shown as points). Shown are four pairwise population comparisons representing high (gutturalis/savignii [GU-SA] and
gutturalis/rustica Russia [GU-RUr]), medium (rustica/tytleri [RUr-TY]), and low (savignii/transitiva [SA-TR]) genome-wide Fst values, shown in dark (high diver-
gence) to light gray (low divergence) (for all 21 comparisons, see Supplemental Fig. $4). (C) Total correlation between Fsrand Pstin 10 kb windows along
the genome for CpG islands, CpG flanks, and all CpG sites, further broken down based on genomic region (promoter, intergenic, intron, exon, TTS).
Methylation in intergenic regions and introns shows the highest consistent correlation given the Fsr background.
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methylation while, in part, controlling for environmental varia-
tion between the parental populations.

We first characterized DNA methylation differences between
the parental populations, yielding 1258 Psy outliers in CpG sites
(923, 1003), islands (152, 124) and flanks (183, 131; upper 1% of
outliers), in rustica/gutturalis and rustica/tytleri, respectively.
Pairwise comparison between rustica and gutturalis (genome-wide
Fsr=0.03) yielded higher estimates in Psy outliers (mean=0.24)
compared with the comparison between the less genetically differ-
entiated (Fsr=0.02) rustica and tytleri (mean =0.20, P<0.001) (Fig.
3A,B). To examine the effect of ancestry, we then compared meth-
ylation levels of these outlier sites between parental populations
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and F; hybrids. Of the 1258 outliers, 281 islands/flanks and 724
sites showed significant differences between parental and/or hy-
brids in rustica/gutturalis, whereas 185 islands/flanks and 744 sites
were significantly different in rustica/tytleri. Of these significant
CpG regions/sites, 146 and 177 regions/sites were consistent with
a dominant genetic architecture of rustica ancestry: Methylation
was indistinguishable between rustica and the F; hybrids but dif-
fered significantly from the other parental group (gutturalis or tyt-
leri). Dominance of gutturalis and tytleri was observed in 239 and
138 regions/sites, respectively. A codominant architecture, mean-
ing that F; hybrid values were intermediate and differed signifi-
cantly from both parentals, was only observed in one rustica/
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Figure 3. Psroutliers between parental and hybrid individuals across the rustica—gutturalis and rustica—tytleri hybrid zones. (A,B) Mean methylation pro-
portions of CpG islands, CpG flanks, and CpG sites identified as Pst outliers (upper 1%) between parental populations. (GU) gutturalis, (RUr) rustica, (TY)
tytleri. The rustica/gutturalis comparison has significantly higher Pst estimates (mean = 0.24) compared with rustica/tytleri (mean =0.20, P<0.001). (C,D) Of
these Psy outliers, 79% and 73% were significantly differentially methylated between individuals with rustica/gutturalis and rustica/tytleri ancestry, respec-
tively. The genetic architecture of these CpG regions/sites was consistent with dominance when hybrids shared values with one of the parents but differed
from the other parent (dominant). Intermediate values of hybrids differing from both parents are consistent with codominance (codominant).
Transgression, in which hybrid values exceed the variance of both parents, was not observed. One example from each category is represented here (no
codominant loci were observed in the rustica-tytleri comparison), but further loci can be found in Supplemental Figures S8 and S9. (E,F) Methylation level
as a function of cis-genetic (above) and a proxy of trans-genetic (below) ancestry measured as local and global hybrid index. (E) Example of a rustica dom-
inant locus with evidence for an effect of the cis-genetic ancestry (above), but no effect of the trans-genetic ancestry (below). (F) Example of a nondominant
CpG locus with evidence for an effect of both cis- (above) and trans-genetic ancestry (below).
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gutturalis test. There was no evidence for transgression, in which
hybrid values would significantly exceed any of the parental val-
ues. In the majority CpG islands/tlanks/sites (rustica/gutturalis
619; rustica/tytleri 614), a specific genetic architecture could not
be assigned and was classified as “other.” CpG islands/flanks
were more likely to be significant compared with CpG sites in
the rustica/gutturalis comparison, likely because of lower measure-
ment error when averaging across several CpG sites (Fisher’s
exact test P-value 0.02 and 0.63) (Supplemental Table S4).
Example loci from each category are displayed in Figure 3, C and
D, and a summary of tested loci can be found in Supplemental
Figures S8 and S9.

Both a dominant and codominant architecture of the DNA
methylation level could result from cis- or frans-genetic control
(Wittkopp et al. 2004). To differentiate between the two, we fit a
generalized linear model (GLM) with quasibinomial distribution
and CpG methylation as the response using all parental and hy-
brid individuals. Explanatory variables consisted of the nearest
SNP to the CpG region/site (cis-control), a local ancestry compo-
nent (“extended” cis-control inferred from a 10 kb around the
CpG region/site) and genome-wide hybrid indices that we used
as a proxy for trans-control. Although genome-wide ancestry
does not flag individual loci affecting methylation level, it pro-
vides a summary of cumulative, parental trans-effects present in
the respective hybrids. The nearest SNP distances ranged from 1
bp-47,798 bp from the CpG region/site in rustica/gutturalis com-
parisons (median=253 bp) and 1 bp-102,022 bp in rustica/tytleri
(median=276 bp). Local ancestry estimates were only available
for 932 (rustica/gutturalis) and 853 (rustica/tytleri) tested CpG re-
gions/sites. In cases in which these were missing, a model using
only global ancestry and the nearest SNP was used.

Of the tested sites, the nearest SNP was significantly associat-
ed to 33 and 12 CpG islands/flanks and 85 and 40 CpG sites for rus-
tica/gutturalis and rustica/tytleri, respectively (Fig. 3E,F). SNPs
associated with significant changes in DNA methylation were
within 2000 bp of the CpG region/site in rustica/gutturalis and rus-
tica/tytleri, suggesting short-range cis-association, with 12 excep-
tions in the rustica/gutturalis comparison and two exceptions in
rustica/tytleri. Global ancestry was significantly associated with
CpG methylation in 71 and 79 cases, whereas local ancestry was
significant in 62 and 32 cases in rustica/gutturalis and rustica/tytleri,
respectively (Supplemental Table S5). Overall, hybrid DNA meth-
ylation appears to act as a quantitative trait associated with cis-
and trans-genetic ancestry, with a strong impact of short-range
cis-genetic effects of single allelic variants.

Covariation of genetic and DNA methylation variation:
at base pair resolution

LD is a key statistic of genetic correlation that is influenced by re-
combination rate variation along the genome but also by popula-
tion history and selection (Baird 2015). In the context of this
study, LD may further provide insight into close-range association
of cis-genetic variation and patterns of DNA methylation. To test
for such an association, we encoded methylation values of all
CpG sites as a categorical variable (see Methods) and incorporated
itinto linkage analysis. This allowed us to examine pairwise LD not
only between SNPs but also between CpG sites and between pairs
of SNP loci-CpG sites. For this purpose, we used the full CpG site
data set without averaging across CpG islands or their flanks. The
following analyses were conducted on the largest population,
rustica.

LD between SNPs and between CpG sites showed a similar,
rapid decay on average decreasing below R? values of 0.05 beyond
physical distances of 1960 bp and 660 bp, respectively. LD be-
tween SNP-CpG pairs was mostly restricted to very close neighbors
with R? values falling below 0.05 after 40 bp (Fig. 4A). For SNP-
CpG pairs <40 bp apart, LD ranged from 0-0.93 with the majority
of high LD pairs (R*>0.5) occurring between SNPs and CpG sites
with a median distance of 5 bp, similar to SNP-SNP LD with a me-
dian of 8 bp. LD decay was weakest in CpG islands for CpG-CpG
pairs, particularly in islands of intergenic regions (Fig. 4A, bottom
panel), a pattern not visible for LD between SNP-CpG (Supple-
mental Fig. S10). For CpG-CpG pairs, LD was also generally elevat-
ed in CG-rich microchromosomes, which was not seen for LD
between SNP-CpG pairs but does appear between SNPs (Fig. 4B).

Elevated levels of both SNP-SNP and SNP-CpG linkage were
observed on Chr 11, which we attribute to a 3.2 Mbp large inver-
sion (Fig. 4C). Genetic variation of this region decomposes into
three different clusters typical for inversions corresponding to
the two alternative, homozygous diplotypes and the heterokaryo-
type (Supplemental Fig. S11). Average methylation across 21 high-
ly linked CpG sites (R*>0.5) mirrored genetic diplotype structure:
DNA methylation was either hypo- or hypermethylated in the ho-
mozygote haplotypes, whereas the heterozygote showed interme-
diate values (haplotype 2) (Fig. 4D). Additionally, within the
inversion, CpG sites showed LD (of R?>0.5) to more than 100
SNPs with distances ranging from 2 bp to the entire inversion
(Fig. 4E). These results suggest that genome-wide methylation is as-
sociated with the state of nearby genetic variation. It appears that
given a lack of recombination, SNP-CpG site associations can
extend across long haplotypes.

Discussion

We combined WGS and RRBS on the same 168 individuals across
six subspecies of the barn swallow (H. rustica) in a single analytical
framework. Treating DNA methylation of single CpG sites, islands
and, flanks as a quantitative phenotype, we uncover covariance be-
tween genetic and DNA methylation divergence across multiple
scales of genomic resolution.

DNA methylation and genetic divergence covary across
the genome

At the genome-wide scale, DNA methylation divergence was best
explained by genetic divergence, followed by geography and envi-
ronment (Fig. 1). Evidence for isolation by ecology was weak,
which may be partly owing to the limited number of accessible en-
vironmental parameters but may also reflect the life history of this
migratory species integrating across a large number of habitats dur-
ing the course of a year (Scordato et al. 2020; Turbek et al. 2022).
Pgr covaried with Fgr rather than associating with environmental
variables, particularly in intergenic regions, suggesting that a por-
tion of DNA methylation divergence may share the dynamics of
genetic drift. Considering the large measurement error associated
with methylation levels of single CpG sites, this covariation is no-
table. Results for CpG islands (which average across several sites)
support this notion, as correlation with genetic variation generally
increased. Despite such technical limitations, our results concur
with previous work showing that variation in DNA methylation
is associated with genetic variation to different extents and de-
pends on the genomic context (e.g., intergenic, intronic, exonic)
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(Dubin et al. 2015; Platt et al. 2015; Carja et al. 2017; Heckwolf
et al. 2020; Hu et al. 2021; de Carvalho et al. 2025).

To better understand the source of covariation across the ge-
nome, we studied patterns of methylation and genetic divergence
across the genome at a finer resolution. In addition to the global,
genome-wide estimates, this analysis shed light on covariation
in local genomic regions subject to linked selection, which include
divergent sexual selection as well as background selection in the
system (Schield et al. 2024). Psy outliers clustered near Fsr peaks,
and heterogeneity in Psr covaried with the landscape of genetic
differentiation (Fig. 2A,B), which is consistent with other studies
attributing methylation divergence to variation in genetic diver-
gence, in part contributed by selection (Venney et al. 2021; Ord

et al. 2023; de Carvalho et al. 2025; Merondun and Wolf 2025).
In contrast, in an evolution experiment exposing populations to
contrasting environments, regions of elevated methylation diver-
gence clustered in regions of reduced Fsr (Brennan et al. 2025).
This urges for further investigation into the processes that may
cause disparate patterns of Pst and Fsr, including environmental
control of CpG sites, selection, and time of divergence.

An important consideration is that all methylation data were
generated from whole blood samples. Although blood methyla-
tion is expected to broadly reflect the patterns in other tissues
(McKay et al. 2011; Derks et al. 2016), signals may differ substan-
tially in tissues associated with phenotypic traits under selection,
such as feather follicles in the swallow system (Schield et al.
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2024). More generally, most variation in methylation is expected
to occur among tissues (Merondun and Wolf 2025). Yet, depend-
ing on the source of methylation variation, different tissues might
still have a similar degree of genome-wide covariation between ge-
netic and epigenetic variation. Consistency in covariation is con-
tingent on the proportion of spontaneous, trans-generationally
stable, developmentally, and environmentally inert CpG sites
(Mueller et al. 2025). Tissue specificity of epigenetic and genetic
covariation clearly deserves more attention.

Local covariation persists in admixed hybrid genomes

Hybrid zones have been suggested to provide an underused, natu-
ral experimental setup to investigate the source of epigenetic vari-
ation and help to understand the relationship to genetic
divergence (Mueller et al. 2025). The presence of hybrid zones in
Asia, where there is known divergent selection on sexual signaling
traits between rustica/gutturalis and rustica/tytleri (Schield et al.
2024), provided a complementary framework to study methyla-
tion patterns in the admixed genetic background of hybrids while
reducing potentially confounding environmental variation. If
methylation was associated with genetic variation, we expected
higher CpG divergence in the genetically more diverged rustica/
gutturalis comparison (Fig. 1). We indeed observed elevated Pst
in the rustica/gutturalis comparison than in rustica/tytleri. In 19%
and 10% of 1005 and 929 tested Psr outlier CpG regions/sites,
the DNA methylation status of hybrids could be statistically pre-
dicted by the nearest SNP or local ancestry components. This result
provides evidence that nearby cis-acting genetic variation affects,
or is at least associated with, CpG methylation. Particularly in
the rustica/gutturalis hybrid zone, this is more prevalent, which
could be owing to elevated levels of divergence between these sub-
species (Fig. 1). However, association in both hybrid zones with
the global hybrid index also suggests a cumulative impact of genet-
ic factors differing between ancestries. Given that global hybrid in-
dices and geography covaried to some degree in this case, larger
sample sizes would be needed to better disentangle the causes of
the DNA methylation difference in hybrids.

Few studies have examined DNA methylation variation in
the context of admixed hybrid genomes. Boman et al. (2024)
and Hoglund et al. (2020) provided evidence that both cis- and
trans-acting genetic variation can influence DNA methylation. In
line with Boman et al. (2024), who studied F; hybrids of collared
and pied flycatchers, we found that genetic variants in close prox-
imity to CpG sites were predictors of population-level differences
in barn swallow hybrids. Notably, the correlation between genetic
variation and DNA methylation within CpG islands was reduced
in promoter regions, suggesting that functional constraints may
limit the impact of cis-genetic variation in regulatory regions com-
pared with intergenic regions. Such constraints could have impor-
tant consequences for the regulation of gene expression. Boman
et al. (2024) also reported misexpression in F; hybrids. Although
we did not test the effect of DNA methylation on gene expression,
we found no evidence for transgressive methylation levels, arguing
against a simple linear contribution of DNA methylation variation
to hybrid misexpression.

Association between SNP alleles and CpG methylation

In the hybrid zone analysis, the nearest SNP explained methyla-
tion proportions better than local ancestry, indicating that allele
specific differences at single sites are associated with differences
in nearby CpG methylation. In hybrid zones, cis-genetic associa-

tions between SNPs can arise because of admixture of differentiat-
ed parental population and can be enhanced by divergent
selection in regions of the genome shielding parental haplotypes
against interspecific recombination. Both processes act in the swal-
low hybrid zone (Schield et al. 2024). As we observe a stronger im-
pact of the nearest SNP in the rustica/gutturalis hybrid zone, this
could indicate that higher levels of genetic divergence impact
nearby CpG methylation, either by induction or by linkage, as
this hybrid zone shows strong signals of divergent selection.

To reduce any association arising from population divergence
(Fst vs. Pst) followed by admixture, we quantified the degree of
nonrandom associations between SNPs and CpG sites in a single
population. Also in this context, we found a strong association
of cis-acting SNP loci with CpG methylation in short distances
(<100 bp). In the context of a single population, weak LD can
also arise as a corollary of genetic drift, generating random, tran-
sient associations by cosampling CpG and SNPs in identical-by-
descent haplotypes. Weak, short-range association can thus not
be separated from a process of causal interactions between genetic
and epigenetic variation.

We also found LD between genetic variants and CpG methyl-
ation to extend over substantially longer distances within an in-
version on Chr 11, advocating a close association of CpG
methylation with genetic variation in extended haplotypes in re-
gions of reduced recombination. Studies in humans have similarly
found that inversions, more so than point mutations, especially in
the vicinity of breakpoints, are associated with nearby methyla-
tion at CpG sites (Zhang et al. 2019; Billingsley et al. 2024).

From pattern to process

The joint analysis of population-level variation in DNA methyla-
tion and genomic variation revealed covariation in patterns across
multiple genomic scales. Several mechanisms could explain this
association. One possibility is that CpG methylation is causally in-
fluenced by genetic variation that lies in binding sites or disrupts
other regulatory proteins or activity (Martin-Trujillo et al. 2020;
Villicafia and Bell 2021). Our finding that CpG methylation was
predicted by adjacent SNPs, which are typically short distances
away, is consistent with this idea and provides a plausible mecha-
nism for generating population-specific methylation profiles dur-
ing ontogenetic reprogramming (Reik et al. 2001). Second, CpG
methylation can induce genetic mutations through deamination,
such that differences in methylation between populations may
translate into genetic differences (Hazarika et al. 2022). Presence/
absence of TEs in the parental populations is a key candidate for
differential methylated regions. Because we excluded repetitive se-
quences from this study, this mechanism is unlikely to explain cis-
and trans-genetic associations observed here. Third, covariation
may also arise if spontaneous epi-mutations (Johannes and
Schmitz 2019) are subject to the same processes as genetic varia-
tion, including genetic drift and linked selection. This would like-
wise cause genetic and DNA methylation divergence to
accumulate in similar regions of the genome, without a causal
link between the two.

As outlined above, these contrasting mechanisms would also
generate similar patterns of LD between CpG and SNP loci
(Mueller et al. 2025). Under a scenario of linked selection with el-
evated LD between SNPs (Burri 2017), a CpG site that is a causally
influenced by a genetic variant would naturally show LD to the
other surrounding SNPs. However, the same pattern may arise
if spontaneous or even environmentally induced, yet trans-
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generationally stable CpG mutations are subject to selection and
become associated with neighboring, neutral SNPs (Greenspoon
et al. 2022; Planidin et al. 2025). Selection affecting levels of meth-
ylation is at least plausible for the subset influencing gene expres-
sion levels, which has been shown in several cases (Anastasiadi
et al. 2018).

Disentangling the drivers of LD between SNP-CpG pairs, as
well as the broader correlation between genetic and epigenetic var-
iation, remains a substantial challenge. Ultimately, progress will
require both theoretical predictions (Greenspoon et al. 2022;
Planidin et al. 2025) and empirical work designed to isolate the
sources of epigenetic variation (Hawe et al. 2022; Boman et al.
2024). With due caution, we suggest that our results are consistent
with genetic variation causally influencing methylation for several
reasons. First, the environmental contribution in our data appears
secondary to the effects of genetic background. This makes envi-
ronmentally induced epigenetic changes along ecological gradi-
ents less likely to be the primary driver of epigenetic and genetic
covariance, especially given the importance of sexual selection
in shaping population divergence in the system (Schield et al.
2024). Second, patterns of LD between CpG sites and SNPs were
detected within a single rustica population, reducing the
likelihood that LD caused by admixture or divergent selection
alone explains the observed correlations. Finally, although trans-
generationally stable spontaneous epimutations have been report-
ed mainly in plants (Johannes and Schmitz 2019), we observed co-
variation spanning all major functional categories of the genome,
although to different degrees. Taken together with the notion that
epigenetic reprogramming in vertebrates is thought to constrain
the flexibility of SmC methylation (Reik et al. 2001), these consid-
erations point to a plausible causal role of genetic variation in
shaping methylation divergence in this system. Yet, ultimate char-
acterization of the, likely variable, source of epigenetic variation
across the genome will require experimental manipulation
(Taudt et al. 2016).

In summary, our findings show that DNA methylation diver-
gence in barn swallows is closely associated with the underlying
genetic variation, particularly through cis-acting effects and in re-
gions under divergent selection. Although our data cannot defin-
itively resolve causality, they highlight genomic contexts in
which covariation is strongest, namely, genomic regions subject
to linked selection and extended haplotypes within a putative in-
version. Such regions provide promising candidates for functional
validation in tractable systems. Experimental approaches, such as
CRISPR-mediated allele replacements or controlled crosses, could
directly test whether altering specific genetic variants induces pre-
dictable methylation changes. Such studies are essential to disen-
tangle the causal architecture of DNA methylation divergence in
natural populations. Overall, our results are consistent with the
view that DNA methylation acts in part as a genetically encoded
phenotype, with variation shaped by local genomic context and
evolutionary history.

Methods
Sampling design

A total of 180 blood samples from barn swallow (H. rustica) indi-
viduals from six different subspecies and their hybrids were
sampled to investigate both epigenetic and genetic variation
(Supplemental Table S6). Hybrids were represented by 36 samples
from the rustica-tytleri hybrid zone in Russia and 47 samples from

the rustica-gutturalis hybrid zone in China (Fig. 1; Schield et al.
2024). For a subset of 168 adult individuals, we generated (n=
27) or obtained publicly available WGS data (n=141). These
same samples were also subjected to RRBS, in addition to 12 age-
heterogeneous individuals who were used to remove age-influ-
enced DNA methylation sites from the final data set (for more de-
tails, see Supplemental Methods). In total, we generated 225
libraries including all individuals of adult life stage (>1 year, n=
168), the data set used for the estimation of age effects (n=17),
and two additional technical replicates for 10 individuals each of
rustica and gutturalis populations (n = 40) flanking the hybrid zones
to test for data reliability. For an overview on sample breakdown by
population and sequencing method, see Supplemental Table S7.

DNA extraction and sequencing

DNA was extracted using Qiagen DNeasy kits with the addition of
RNase A. WGS for the 27 rustica samples from Europe was con-
ducted by Novogene using Illumina NovaSeq 6000 for 150 bp
paired-end reads. RRBS was also performed by Novogene using
Ilumina NovaSeq 6000 for 150 bp paired-end reads with a lambda
phage spike in to assess conversion efficiency (see Supplemental
Methods). Raw sequencing data can be found at the NCBI
BioProject database (see Data access) (for per-sample accession
numbers, see Supplemental Table S6).

WGS data

Genotyping

Genotypes of publicly available data were directly obtained as VCF
files from the authors (Schield et al. 2024) from a sequencing effort
yielding an average sequence coverage of 16.3 (range 1.8-63.1).
Genomic variants from all newly generated sequences were called
using the same methods as previously described (Schield et al.
2024) to ensure consistency across data set, largely following the
GATK v4.0.8.1 best-practices workflow (McKenna et al. 2010;
Van der Auwera et al. 2013). The VCEF files from both data sets
were merged and filtered into three genomic data sets tailored to
specific analyses: (1) all 4,985,699 SNP loci (with <10% missing
data and 0.05 minor allele frequency) that survived quality filter-
ing, (2) 2,468,648 unlinked SNPs for inference of population struc-
ture (PLINK v1.9, 50 10 0.1), and (3) a VCF file with invariant loci
for window-based genetic diversity estimations in pixy (Korunes
and Samuk 2021).

Statistical analysis

Fsr

Genome-wide, pairwise population Fsy values were calculated us-
ing VCFtools (v0.1.16) (Danecek et al. 2011). Fsr is a measure of
genetic differentiation among populations, quantifying the pro-
portion of the total genetic variation attributed to population level
variation. Here, we separated Russian rustica samples from all
European rustica samples, which we grouped into one population
owing to the apparent lack of genetic structure, with analogous
grouping for the methylation data set (Supplemental Fig. S12).

Principle component analysis

We performed a PCA using PLINK (v1.9) (Chang et al. 2015), al-
lowing an unbiased estimation of the general trends in allele fre-
quencies. This analysis was conducted on 85 barn swallow
individuals from the six known subspecies on the unlinked, fil-
tered SNP data set.
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RRBS data

Data processing

Raw RRBS reads were trimmed with cutadapt v3.4 (Martin 2011),
then mapped and methylation-called with Bismark v0.23.1
(Krueger and Andrews 2011) against the barn swallow reference
genome (GCA_015227805.2) (Secomandi et al. 2023). We kept
sites that mapped to major chromosomes and filtered out sites
that did not map to predicted cut-sites, fell in repeat regions, over-
lapped with any SNP from WGS data, or had coverage of fewer
than 20 or greater than 200 reads. We then generated site-level
and region-level (CpG islands and CpG flanks) data sets for down-
stream analyses. In short, the site-level data set contained counts
for all CpG sites, and the region-level data set averaged counts
across annotated CpG islands and flanks (+2 kb from an island).
In both site- and region-level data sets, consistent low (<10%) or
high (>90%) methylation in all individuals, outlier individuals
per site, and age-/sex-associated CpGs were removed. The final fil-
tered data sets comprised 376,106 CpG sites and aggregated meth-
ylation across 11,456 CpG islands and 13,756 flanking regions.
Full details including software versions, commands, and parame-
ters for filtering are provided in the Supplemental Methods.

Statistical analysis: Pst calculation

We calculated Psr, an analog of Qst, which provides a statistic to
quantify population-level differentiation for a phenotypic trait,
here DNA methylation. Analogous to Fsr, Pst is constructed as a ra-
tio relating within-population to between-population variance
components (Brommer 2011; Leinonen et al. 2013). As such, Psr
enables direct comparison of epigenetic and genetic divergence
in natural populations (Johnson and Kelly 2020; Silliman et al.
2023). Psr was calculated using the Pstat package (Da Silva and
Silva 2018) in R (R Core Team 2025) using the proportion of meth-
ylation as the “phenotypic” variable of interest. We chose Pstat
because the program uses a sum of squares approach, which
should be robust to sample size differences between populations.
Yet, simulating data sets, we found it to be sensitive to outliers,
which prompted us to restrict the analyses to the data set with out-
lier removal described in the Supplemental Methods. Pst values
were calculated both for the filtered CpG site data set and the ag-
gregate data set for CpG islands and flanks. The Pstat package re-
quires a numeric value for the c/h* (csh in the package)
parameter, where h? is the heritability of the trait within popula-
tions, and ¢ denotes the proportion of the variance in the trait
that is caused by effects of additive genetic variation between pop-
ulations (Brommer 2011). After parameter testing, we chose a csh
value of 0.05, which restricts the distribution of Pst values to the
range of Fsr values for illustrative purposes (Fig. 1C,F). As we are in-
terested in the covariation across populations, we believe this
choice does not impact the relationship between the two statistics
(Supplemental Fig. S4; Supplemental Methods).

Joint analysis of WGS and RRBS data

Variance partitioning

We performed a partial dbRDA to quantify the influence of genet-
ic, geographic and environmental variables on DNA methylation
variation. Methylation proportion of CpG sites containing no
missing data formed the response variable (122,842 CpG sites).
Explanatory variables included eight factors, including the first
PC axis from the PCA on the genetic variation, two environmental
factors (temperature and precipitation), the subspecies and popu-
lation assignment, and longitude and latitude as spatial variables.

We used sex as the covariate to be held constant for the analysis. To
minimize the impact of outliers, the DNA methylation proportion
data were transformed using the Hellinger transformation (vegan
package) (Dixon 2003). We used the forward.sel function with
1000 permutations in R to assess the statistical significance of ex-
planatory variables during forward selection. At each step, adjust-
ed R? (R.q®) was recalculated to retain only variables that
significantly improved the model, resulting in a parsimonious
RDA with the highest R,q4;? (Dray et al. 2006).

Pst versus Fst

To investigate the relationships among genetic, epigenetic, geo-
graphic, and ecological factors, we constructed several distance
matrices. We calculated the Haversine distance between the aver-
age sampling locations for each population to form a geographic
distance matrix. We used the Bray-Curtis distance to measure
the dissimilarity between populations based on ecological vari-
ables, including minimum and maximum temperature, precipita-
tion, and pressure. We completed each analysis on Manhattan
distances of methylation proportions between populations. We
performed all analyses on all CpG sites as well as CpG islands,
CpG island flanks, and non-CpG island sites. We used a genetic
distance matrix, calculated using the adegenet package (Jombart
2008) in R, employing Manhattan distance on genetic markers.
We performed a series of Mantel tests and partial Mantel tests
to evaluate the correlations between these distance matrices using
the vegan package (https://cran.r-project.org/web/packages/
vegan/index.html). The Mantel test is a permutation-based proce-
dure used to test the correlation between two matrices, and the
partial Mantel test extends this by examining the relationship be-
tween two matrices while controlling for the effect of a third ma-
trix. The DNA methylation distances always formed the response
matrix, and we tested each of the three explanatory matrices (ge-
netic, geographic, ecological) separately. We then extended to a
partial Mantel test, testing each explanatory matrix while remov-
ing variation from the others.

Next, we investigated the relationship between phenotypic
divergence (Psy), in this case DNA methylation, to genetic varia-
tion along the genome using a genome-scan approach. In doing
so, we wanted to evaluate for pairwise comparisons on whether
methylation divergence (Pst peaks) is more likely to occur in re-
gions of high genomic differentiation (Fsr peaks). CpG sites
show different rates of methylation and demethylation depending
on the distance between CpGs (Lovkvist et al. 2016), with CpG is-
lands generally being correlated to higher CpG density (Han et al.
2008). Therefore, we calculated Psr separately on the CpG site and
the CpG island/flanks data set. We then averaged methylation
across 10 kb windows, a size chosen for comparison to the geno-
mic data. Here, we only kept windows with a minimum of three
CpG sites or CpG islands for the calculation. Each windowed
methylation value was subsequently used for Psr calculations.
We looked at the correlation between average Psr and Fst per win-
dow across the genome compared with a randomized data set to
determine how DNA methylation and genomic variation covary
across the genome.

The second goal was to examine spatial co-occurrence of re-
gions of elevated DNA methylation divergence with regions of el-
evated genomic differentiation. We calculated the minimum
distance of the Psr outliers (top 1% of Psr values) to the nearest
Fsroutliers (top 1% of Fsy values in 10 kb windows). We then com-
pared this distribution to that of 1000 randomly sampled Psy val-
ues compared with Fsr peaks to determine if the Psr peaks are
closer to Fsr peaks than would be expected by chance. Across
all pairwise combinations of populations, we examined the
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association between Psy and the distance to highly diverged geno-
mic regions.

Hybrid zone analysis

Two hybrid zones between three subspecies in Russia and China
(rustica/gutturalis and rustica/tytleri) with known patterns of selec-
tion and genomic regions linked to traits underlying phenotypic
differences were characterized by Schield et al. (2024). We first
identified ancestry informative SNPs (Fsp> 0.8) between the paren-
tal populations for both hybrid zones and calculated individual
hybrid indices for both parental and hybrid individuals using
the introgress v 1.2.3 package in R (for hybrid triangle plots, see
Supplemental Fig. S13; Gompert and Buerkle 2010). We also
used the ancestry informative SNPs (rustica/gutturalis 73, rustica/
tytleri 79) to assign each individual to a hybrid or parental class
using NewHybrids software (Anderson and Thompson 2002) via
parallelnewhybrid in R (Wringe et al. 2017). To evaluate the
performance of NewHybrids and the ability of these SNPs to cor-
rectly identify hybrids, we used the hybriddetector package in R
(Wringe et al. 2017). We discarded the first 100,000 generations
as burn-in and estimated parameters from the following 200,000
MCMC algorithm iterations. This analysis resulted in a pro-
bability for each parental and hybrid of originating from one of
six classes (pure parental, F;, F,, or backcross to either parental).
Simulation-based validation showed high and stable performance
for pure and F; classes, whereas later-generation hybrids showed
variable assignment probabilities; therefore, downstream analyses
focus on high-confidence assignments only (assignment probabili-
ty > 0.9). For each hybrid zone, the identified pure parental sam-
ples and the F; hybrids were then used to characterize the
genetic architecture of methylation at CpG loci at Psr outliers (up-
per 1% of tested sites, n=1258). To test differences in mean methy-
lation among groups at each site, we applied one-way ANOVA with
population as a factor in CpG sites at Psroutliers. In cases in which
overall ANOVA tests were significant (P<0.05; n= 1005 rustica-gut-
turalis, n=929 rustica-tytleri), we performed Tukey’s HSD post hoc
tests to identify pairwise group differences.

To evaluate the impact of cis- (local genetic ancestry) and
trans-effects (genome-wide ancestry), we used a GLM to test the as-
sociation of the methylation value at significant candidate CpG re-
gions/sites with both genetic determinants and geography. We
estimated global hybrid indices for each individual using intro-
gress in R (Gompert and Buerkle 2010) based on the ancestry infor-
mative SNPs. For cis-effects, we included two explanatory
variables. First, we included the closest SNP to the CpG region/
site encoded as O, 1, 2, where 1 represents the heterozygote.
SNPs were chosen that had a minor allele frequency >0.1 to ensure
no rare variants or possible genotyping errors were included.
Second, local ancestry blocks were inferred as one 10 kb region
around the focal CpG region/site for each hybrid individual using
introgress; 10 kb was chosen as a compromise between maximiz-
ing the available data for ancestry estimation (average 50 SNPs)
and minimizing recombination breaking up local ancestry. For
introgress, we identified SNPs from the 10 kb flanking region
that show differences in allele frequencies between parental popu-
lations of at least 0.1 and used these SNPs to estimate hybrid indi-
ces. This allowed us to represent hybrid genomes as mosaics of
ancestry blocks, enabling the differentiation of cis- and trans-ef-
fects. Next, we fit a GLM with a quasibinomial distribution for
methylation proportions at significant highly diverged Psr re-
gions/sites. The model included local ancestry and global hybrid
index as explanatory variables. Model selection was performed us-
ing AIC to identify the best-fitting model for each locus. The signif-

icance of associations was determined using Wald tests with a
significance threshold of P<0.05.

Linkage analysis

To enable the calculation of LD between SNPs and CpG sites, the
methylation data set was converted into epi-genotypes. For each
CpG site, methylation proportions were categorized into three
states: (1) hypo-methylated, <30% methylation was encoded as
“0"; (2) intermediate methylation, 30%—-70% methylation was en-
coded as “1”; and (3) hypermethylated, >70% methylation was en-
coded as “2.” This categorization allowed us to treat methylation
states analogously to diploid “epigenotypes” (e.g., homozygous
and heterozygous states). Assuming that these “epi-genotypes”
represent methylation states of the two chromosomes in single
cells across the cell population under investigation, LD between
CpG sites and SNPs may reflect an association of genetic and epi-
genetic variation on a haplotype. Alternatively, heterozygous
epi-genotypes may refer to the signal of a heterogeneous cell pop-
ulation with half of the cells being methylated and half of the cells
being unmethylated. Under this assumption, we would not expect
to observe any LD.

For SNP and CpG data, epi-genotypes were further filtered for
a minor allele frequency of 0.2 to minimize spurious effects of rare
or erroneous SNP or CpG sites. LD was calculated using the R met-
ric, which quantifies the correlation between alleles at two loci us-
ing PLINK (v. 1.9) (Purcell et al. 2007) on the combined SNP and
epi-genotyped CpG data set. We used --1d-window 100 and
--1d-window-kb 70 as the window sizes for analysis, meaning
LD was calculated for up to 100 pairs of loci within a maximum
physical distance of 70 kb. After running PLINK, the loci were split
post hoc into three categories of locus pairs: SNP-SNP, CpG-CpG,
and SNP-CpG.

Data access

The raw RRBS data generated in this study have been sub-
mitted to the NCBI BioProject database (https://www.ncbi.nlm
.nih.gov/bioproject/) under accession number PRJNA797941.
Bioinformatic analysis pipelines are available at GitHub (https://
github.com/EvoBioWolf/SWALLOW_methylation) and as Supple-
mental Code.
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