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Abstract

Background: Hybrid zones play a central role in evolutionary biology because they serve as
natural laboratories for studying how traits and taxa diverge. Changes in gene regulation
make important contributions to this process. However, the degree to which admixture
shapes gene regulatory variation in hybrid populations remains poorly understood. Here,
we combine genome-wide resequencing and DNA methylation data from 295 hybrid
baboons—members of a single, intensively studied natural population—to investigate how
admixture affects the genetic architecture of this important epigenetic mark.

Results: We find that local genetic ancestry frequently predicts DNA methylation levels
and recapitulates differences between the parent species. By performing methylation
quantitative trait locus mapping, we show that these differences predominantly arise due
to evolved differences in allele frequencies. Thus, admixture in the hybrid population
increases variance in DNA methylation, including by introducing genetic variants affecting
DNA methylation that would otherwise be invariant. Finally, we integrate massively parallel
reporter assay data to show that admixture-derived variation in DNA methylation alters
enhancer activity and gene expression.

Conclusions: Together, these results demonstrate how admixture can meaningfully alter
the genetic architecture of gene regulatory traits in natural hybrid zones. They also suggest
that the genetic architecture of DNA methylation is conserved across closely related
primates, suggesting that genetic effects on gene regulation may remain stable over

timescales that range into the millions of years.
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Background

Hybrid zones have long held a special place in evolutionary biology as “natural
laboratories” for studying the evolutionary process, including the genetic basis of traits
that have diverged between the parent species [1-3]. For example, in Darwin’s finches and
European crows, natural hybridization and introgression have been leveraged to identify
the genetic loci that underlie species-level differences in adaptively important traits like
beak size and plumage color [4,5]. Hybridization can also-introduce new, functionally
important genetic variation. In humans, for instance, alleles introduced via admixture with
archaic hominins have facilitated adaptation to high-altitude environments and resistance
to pathogens [6-8], including through the re-introduction of alleles previously lost in our
own lineage [9].

In many of these cases, the phenotypic effect of introgressed variation is thought to
occur through a proximate effect on gene regulation [10]. These observations fit with
experimental studies where crosses in captivity not only alter outwardly observable traits,
but also affect gene expression profiles [11-14]. Natural selection can then act on this
revealed variation either by selecting against dysregulated loci or, more rarely, facilitating
adaptation [15]. In support of the first scenario, Neanderthal-derived variants with large
effects on gene expression appear to be missing in modern humans [16]. Similarly, in a

contemporary baboon hybrid zone, levels of introgression are systematically reduced near



genes where ancestry predicts gene expression levels [17]. These examples suggest that
gene regulatory divergence is common between closely related species, unmasked in
hybrid populations, and helps shape the evolutionary outcomes of hybridization.

Despite an increasing emphasis on natural populations, most studies of gene
regulatory divergence in hybrids have been conducted in laboratory crosses rather than
natural hybrid zones (reviewed in [18]: of 81 studies of gene regulatory differences in the
context of divergence and speciation, only 11% focused on natural hybrids). While these
studies have been foundational for understanding the overall genetic architecture of gene
expression divergence, lab crosses and admixture in the wild differ in important ways. For
example, laboratory crosses often focus on early generation hybrids of taxa that would not
encounter each other in nature and would be unlikely to interbreed if they did [18-20].
These differences may account for more frequent evidence for gene regulatory
dysregulation in the lab than in natural hybrids. Furthermore, studies in the lab do not
clarify the evolutionary consequences of admixture for wild populations.

In this study, we set out to investigate the role of admixture and hybridization in shaping
the genetic architecture of DNA methylation, a key gene regulatory mechanism, in a
natural nonhuman primate hybrid zone. To do so, we paired genome-scale DNA
methylation profiling with genome-wide resequencing data and local ancestry analysis for
hundreds of individuals within a single admixed baboon population (yellow baboon (Papio
cynocephalus) x anubis baboon (P. anubis)) [17,21-23]. We also map variants associated

with DNA methylation variation in this population (i.e., methylation quantitative trait loci:



meQTL) and investigate how they contribute to regulatory divergence between species and
trait variance in the hybrid population.

We asked three sets of questions: (i) To what degree does genetic ancestry explain
variation in DNA methylation patterns, and do ancestry effects in hybrid individuals
recapitulate differences between unadmixed anubis and yellow individuals? (ii) Are
changes in allele frequencies at meQTL (as opposed to distinct meQTL effect sizes) able to
explain ancestry-associated DNA methylation? (iii) Does admixture lead to phenotypic
variation visible to selection—and specifically, does it introduce new, functionally relevant
regulatory variants? To address this last question, we use an experimental massively
parallel reporter assay to test whether ancestry-associated CpG sites have the capacity to
causally drive differences in enhancer activity. Together, our findings improve our
understanding of the role of hybridization in shaping the genetic architecture of, and

evolutionary potential for, gene regulation in natural populations.

Results

Local, but not global, ancestry is associated with variation in DNA methylation

levels

Our study subjects were 256 individually recognized baboons living in the Amboseli
ecosystem of Kenya, in an intensively monitored population that has been followed
continuously since 1971 by the Amboseli Baboon Research Project (Additional File 1:

Table S1) [24]. This population falls in a natural hybrid zone in southern Kenya with



predominantly yellow baboon ancestry, but where all individuals have some ancestry from
anubis baboons (also referred to as olive baboons), a species that diverged from yellow
baboons ~1.4 million years ago [17,21,25]. For each individual, we identified tracts of local
genetic ancestry based on whole-genome resequencing data and over 10 million ancestry
informative markers, defined based on a minimum allele frequency difference of 20%
between anubis baboons and yellow baboons from outside of the hybrid zone [17,23]
(Methods). Based on our previous work, this approach assigns correct local ancestry
states to 96% of the genome [17].

We complemented the resequencing data set with genome-scale DNA methylation
data profiles for 295 samples (38 animals were sampled multiple times) using reduced
representation bisulfite sequencing (RRBS [26]), which targets CpG-dense subsets of the
genome [27-29]. We profiled DNA methylation at 2,218,202 autosomal CpG sites,
producing DNA methylation estimates that followed the expected distributions for sites
captured by RRBS data (Additional File 2: Fig S1). To concentrate on CpG sites with
appreciable variation in genetic ancestry and DNA methylation levels, we then focused on
the subset of 636,955 autosomal CpG sites that were not constitutively hyper- or
hypomethylated in our sample (mean methylation € [0.1,0.9]) and where each possible
local ancestry state overlapping the CpG site (homozygous yellow, heterozygous, and
homozygous anubis) was represented by at least 10 individuals. For each site, we modeled
variation in DNA methylation levels as a function of local (i.e., putatively cis-acting) and
global ancestry while controlling for technical and biological covariates known to affect

DNA methylation (Methods).



Consistent with previous findings for gene expression in this population and in admixed
humans [17,30], we found little evidence for an association between genome-wide genetic
ancestry and gene regulation (minimum FDR in this study = 58%), but substantial evidence
for the effects of local genetic ancestry. Specifically, local genetic ancestry was
significantly associated with DNA methylation levels at 100,482 CpG sites (FDR < 10%;
15.8% of tested sites; Additional File 1: Table S2). Some of these cases may be due to
mutations at the CpG site itself, which abolish the potential for DNA methylation. Indeed,
polymorphisms were detectable in the Amboseli baboons for 41.2% of ancestry-
associated sites, and differences in the allele frequencies of these variants between
anubis and yellow baboons explained 63.2% of the ancestry effect for CpG sites within this
set (R=0.795, p < 103%; Additional File 2: Fig S2). Across all ancestry-associated sites, we
estimated higher methylation for anubis alleles at 60% of sites, likely because some CpG
sites present in the anubis baboon genome are absent in yellow baboons (see Additional
File 2: Supplementary Methods). Finally, in line with previous analyses of local ancestry
and gene expression in this population [17], we observed little to no evidence for non-
additive effects (see Methods; Additional File 2: Fig S3). Ancestry effects on DNA
methylation in our sample therefore appear to be overwhelmingly additive and cis-acting,

with the majority explained by genetic variants outside the CpG site itself.



Ancestry-associated differential methylation in admixed Amboseli baboons

recapitulates divergence in DNA methylation levels between species

Previous work investigated divergence in DNA methylation levels across the baboon
radiation, including 9 anubis baboons (7 from Washington National Primate Research
Center and 2 from Maasai Mara National Reserve, Kenya) and 6 yellow baboons from
Mikumi National Park, Tanzania [31]. If DNA methylation differences between these
populations reflect cis-regulatory genetic effects, as opposed to environmental or genetic
background effects, they should be recapitulated in admixed animals within Amboseli.
Focusing on 393,698 sites measured in both datasets, we detected a large number of CpG
sites that were significantly differentially methylated between species, despite the modest
sample size (Additional File 2: Fig S4). 9,544 CpG sites were differentially methylated at a
nominal p-value < 0.01 (FDR = 30%, where 3,937 sites would be expected by chance),
including 480 sites that were significantly differentially methylated at an FDR of 10%.

Among the 9,544 sites with a nominal p-value < 0.01, the estimated difference in DNA
methylation between yellow and anubis baboons was correlated with the estimated
difference between alleles within the Amboseli population (r = 0.695, p < 1073%),
Consequently, if unadmixed anubis baboons exhibited higher DNA methylation levels than
unadmixed yellow baboons in the between-species comparison, anubis alleles predicted
higher DNA methylation levels relative to yellow alleles in Amboseli hybrids (and vice-
versa; Fig 1B). CpG sites that differed between unadmixed yellow and anubis baboons
were therefore also more likely to be associated with local ancestry in Amboseli —

approximately 4-fold more than expected by chance (3,970 sites at a 10% FDR; Fisher’s



Exact Test: logx(OR) = 2.00, p < 103%%), Among this set of sites (i.e., those that differed both
between populations and by local ancestry within Amboseli), the estimated difference
between anubis and yellow populations and the estimated difference between anubis and
yellow alleles were highly correlated (r = 0.846, p < 10%%°) and nearly universally (94.2%)
directionally concordant. Evidence of overlapping effects was even stronger for the 480
CpG sites passing a 10% FDR in the between-species analysis. 330 of these sites (69%)
were also significantly associated with local ancestry within Amboseli (log,(OR) = 4.36, p =
1.17x107®), These results support a genetic basis for many interspecific differences in
DNA methylation in baboons, robust enough to be detected despite major differences in
geography, ecology, and sampling design between -individuals sampled in distinct

populations.
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Figure 1: Associations between genetic ancestry and DNA methylation in a hybrid
population converge with estimates of differential methylation between species. A.
Geographic origins for baboons in this study (orange star = Amboseli), and DNA
methylation levels at an example CpG site on chromosome 10 where variation in DNA
methylation is both associated with local genetic ancestry and recapitulates the difference
in DNA methylation between unadmixed yellow baboons and anubis baboons. B.
Differences in DNA methylation associated with local ancestry in the Amboseli population
are strongly correlated with differences in DNA methylation between unadmixed yellow
and anubis baboons (r = 0.695, p < 103%), Sites shown pass a nominal threshold of p <0.01
for between population differences (n = 9,544 CpG sites). The x-axis represents the mean
difference in DNA methylation between baboon species, where samples were collected
from distinct populations; the y-axis represents the mean difference between yellow and
anubis alleles segregating within Amboseli. Darker shades of red represent CpG sites with
stronger evidence (smaller FDR) for ancestry-associated methylation within Amboseli.



Allele frequency differences at methylation quantitative trait loci account for

ancestry effects on DNA methylation

Anubis baboons and yellow baboons still share substantial genetic variation, although
the frequencies of shared variants have diverged (Fsr estimates range between 0.23 and
0.33 [23,25]). Consequently, ancestry-associated methylation patterns may reflect
differentiation in the allele frequencies of genetic variants that influence DNA methylation
levels, beyond disruptions to the CpG site itself (i.e., methylation quantitative trait loci).
Alternatively, they could stem from either changes in effect size at these sites (due to
epistasis or genotype-environment interactions) or different causal sites entirely (i.e.,
cases where the genetic variants that affect methylation at a given CpG site differ between
anubis and yellow baboons).

To test whether allele frequency differences generate interspecific differences in DNA
methylation, we mapped genetic variants that are associated with DNA methylation levels
at nearby CpG sites (meQTL) in the Amboseli population for 172,044 SNP-CpG pairs
(Methods). In this context, meQTL represent locations in the genome where genotype
predicts methylation levels at a nearby CpG site, across the combined set of individuals in
our population, irrespective of ancestry. Under the hypothesis that anubis and yellow
baboons share the same genetic effects on DNA methylation but are differentiated
because the underlying meQTL segregate at different frequencies, ancestry-related
differential methylation should be strongly predicted by the combination of estimated

meQTL effect sizes and allele frequencies for the parent taxa (Figure 2A). In contrast, this



relationship is not expected under the alternative hypothesis: that the genetics of DNA
methylation are based on different variants or different effect sizes in the two species.

We identified 21,732 meQTL-CpG pairs (FDR < 10%). CpG sites disrupted by a SNP
exhibited the expected reduction in DNA methylation levels, such that 96% of SNPs
overlapping a CpG site were meQTL associated with reductions in DNA methylation levels
(6,014 out of 6,264 sites). The minority of cases in which disrupted CpG sites were not
associated with a meQTL (4% of pairs tested) were explained by low levels of DNA
methylation even when the CpG site was intact (Additional File 2: Supplementary
Methods).

Even excluding disrupted CpG sites, meQTL were more common when SNPs fell close
to their associated CpG site (logistic regression B = -0.0092, p = 3.73x107%2), possibly
because SNPs close to a focal CpG site are more likely to impact transcription factor
binding [32]. 20,109 ancestry-associated CpG sites were tested as part of at least one
CpG-SNP pair, 49% of which (9,843 CpG sites) were associated with a meQTL (FDR < 10%).
The strong enrichment of meQTL at local ancestry-associated CpG sites (log,(OR) = 3.31, p
< 1073%) suggests that divergence in meQTL frequencies with shared or similar effect sizes
in both species may underlie the association between genetic ancestry and DNA
methylation.

We therefore asked whether meQTL and allele frequency differences between species
could be combined to predict the association between genetic ancestry and DNA
methylation. Here, we focused on the 9,843 CpG sites for which we detected ancestry-

associated DNA methylation in the Amboseli hybrid population (10% FDR), an meQTL (10%



FDR), and allele frequency data were available at the meQTL SNP for yellow and anubis
baboons outside the hybrid zone [17] (n= 9,136 unique SNPs). If cis-regulatory variants
underlie the effects of local ancestry in the Amboseli population, the predicted local
ancestry effect is expected to be the product of the estimated meQTL effect and the
difference in allele frequencies between the parental taxa. Indeed, this simple calculation
strongly predicts the observed local ancestry effect in the Amboseli sample, whether for all
ancestry-associated CpG sites with meQTL (Spearman’s rho = 0.762, p = < 10°%; Fig 2) or
when considering CpG sites that either contain a disrupting SNP or do not contain a
disrupting SNP separately (disrupting SNP: Spearman’s rho = 0.827; non-disrupting SNP:
Spearman’s rho =0.762).

Thus, much of the DNA methylation divergence between yellow and anubis baboons
can be explained by divergence in allele frequencies at large effect, cis-acting genetic
variants associated with DNA methylation levels. Most of this divergence can be explained
without requiring a contribution from epistasis or new functional variants. However, cases
where the predicted effects of anubis ancestry deviate considerably from the observed
effects (e.g., points in quadrants Il and IV of Figure 2B) may indicate other mechanisms,

including genetic effects that have diverged between anubis and yellow populations.
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Figure 2: Ancestry-associated DNA methylation can be predicted from allele
frequency differences at mapped meQTL. A. In the absence of epistasis or new
functional variants in one or both lineages, ancestry differences in DNA methylation are
predicted to be the product of allele frequency differences at a causal (or linked to causal)
meQTL and that meQTL’s effect size. In this example, an meQTL is an A/T transversion and
its effect is identical in yellow and anubis baboon populations. A alleles (blue) are always
unmethylated while T alleles (red) are methylated 50% of the time (meQTL effect = 50%). T
alleles are at 25% frequency in yellow baboons, producing a mean methylation level of
12.5% population-wide or within'a pool of yellow alleles in a hybrid population. The T allele
is fixed in anubis baboons, leading to a mean methylation level of 50% in anubis
populations or within a pool of anubis alleles in a hybrid population. The ancestry effect
(50% - 12.5% = 37.5%) is equivalent to the meQTL effect (50%) multiplied by the allele
frequency difference (75%). B. For local ancestry-associated CpG sites, the estimated
effect of anubis ancestry on DNA methylation levels in the Amboseli hybrids (y-axis) is
predicted by the effect size of the meQTL for those sites and the difference in the meQTL
allele frequency between yellow and anubis baboons (x-axis; Spearman’s rho =0.762, p = <
10%%9), Red line represents y=x.

Admixture increases genetic variance for DNA methylation levels in the
Amboseli baboon hybrid population

Our results suggest that local ancestry effects on DNA methylation arise in large part

from changes in the allele frequencies of cis-acting meQTL (as opposed to different effect



sizes or different causal variants). If that is the case, we predict that anubis admixture has
increased gene regulatory variation in the Amboseli population. We investigated this
hypothesis by examining how admixture has changed the frequency of meQTL and the
variance in DNA methylation levels in the Amboseli baboons.

For meQTL SNPs, the minor allele frequency (MAF) increased 2.78 £ 15.4% (mean =
s.d.) when considering all individuals for whom resequencing data were available,
compared to allele frequencies estimated for individuals with homozygous yellow local
ancestry (15,962 variants: paired t-test p = 9.48x10°; Fig 3A). This effect is driven by
meQTL that are at low frequency (£10%) in yellow baboons but common in anubis baboons
(6,518 variants: 12.5 = 14.6% increase in MAF, p < 10%; Additional File 2: Fig S5). At the
extreme, we identified 2,420 meQTL that were invariant among homozygous yellow
individuals but variable in the population as a whole, representing regulatory variation that
was introduced into the Amboseli population via admixture. These patterns are unlikely to
be driven by kinship instead of ancestry, as allele frequency estimates are highly
correlated between stretches of homozygous ancestry within Amboseli and unadmixed
individuals sampled far from the hybrid zone (yellow ancestry vs yellow baboons: r = 0.911,
p <1073%; anubis ancestry vs anubis baboons: r=0.781, p < 103%),

These differences in meQTL allele frequencies translate into an increase in the
phenotypic variance in DNA methylation in the admixed population. The average standard
deviation of DNA methylation levels at a CpG site affected by a meQTL increases by 19.7%
when comparing locally homozygous yellow individuals to the full population (n = 20,655

CpG sites, paired t-test p < 103%; Fig 3B). This difference is magnified, as expected, for



CpG sites that also exhibit a significant relationship between local ancestry and DNA
methylation in Amboseli (n = 11,966 CpG sites): here, the standard deviation increases by
32.2% in the entire sample relative to locally homozygous yellow individuals (p < 103%). In
contrast, the increase is only 2.3% for CpG sites with an identifiable meQTL but no
ancestry effect (n = 8,689 CpG sites, p = 2.64x10%). Within the set of sites with both
significant local ancestry effects and mapped meQTL, the amount of added variance also
increases with the amount of introgressed anubis ancestry at that locus, within the

Amboseli population (linear model 3 =0.28, p =2.17x10%).
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Figure 3: Admixture increases functional genomic variation within Amboseli. A.
Density plot of the minor allele frequency at meQTL SNPs (n = 15,962 SNPs). Minor allele
frequencies were calculated for all individuals with locally homozygous yellow baboon
ancestry (yellow line) and for all genotyped individuals in the Amboseli population (orange
line). There is a significant shift towards higher minor allele frequencies when including
individuals with anubis ancestry (mean of 2.8%, paired t-test p = 9.48x10°%”). Note that the
minor allele frequency for the meQTL SNPs is shifted towards higher values than for all
segregating variants, as there is greater power to detect meQTL at more common variants.



B. Density plot of the standard deviation in DNA methylation levels, calculated from the
ratio of methylated to total reads for each individual at each CpG site associated with an
meQTL (n = 20,655). The curve shifts significantly to the right when calculated for all
baboons in the Amboseli population (orange line) versus the subset with locally
homozygous yellow baboon ancestry (yellow line) (mean increase of 19.7%, paired t-test p
<107%%9),

Functional consequences of local ancestry-associated CpG sites on gene

regulation

Finally, one of the main motivations to study genetic effects on gene regulation in
diverging species is to understand their downstream phenotypic consequences. For DNA
methylation, this path would most likely proceed through changes in gene expression, but
not all changes in DNA methylation are functionally important for shaping expression [33—
35]. We therefore performed three analyses to investigate whether local ancestry-
associated sites have the capacity to alter gene expression levels. First, we investigated
the distribution of local ancestry-associated sites in the baboon genome. Ancestry-
associated sites—especially the ones with the largest effect sizes—tended to be depleted
in functionally important elements, including promoters, enhancers, and CpG islands (Fig
4A, with some differences between CpG sites disrupted by allelic variation versus those
that are not: Additional File 2: Fig S6). This observation is consistent with functional and
sequence conservation in these elements. However, ancestry-associated CpG sites are
modestly enriched in non-exonic parts of genes (i.e., untranslated regions and introns),
suggesting possible effects on gene expression through regulatory elements contained in

these regions of the genome.



Second, we tested whether local ancestry-associated DNA methylation patterns are
enriched near genes for which local ancestry has previously been correlated with gene
expression levels in the Amboseli baboon population [17]. We considered 10,222 protein
coding genes that were expressed in whole blood or white blood cells in RNA-seq data sets
from this population [36-38]. DNA methylation was more likely to be significantly predicted
by local ancestry when the CpG sites fell in the promoter (logistic regression B = 0.692, p =
3.27x107), exons (B = 0.788, p = 2.20x10™"), or untranslated regions (introns, 3’ UTR, 5’
UTR: B =0.296, p = 8.09x10°) of genes where local ancestry also predicted gene expression
(Fig 4B). For example, a CpG site in the promoter region of a gene with strong ancestry-
associated differential expression (top 10%) is 32% more likely to exhibit ancestry-
associated DNA methylation levels than a CpG site in the promoter region of a randomly
chosen expressed gene (20% more likely for a CpG site in an exon; 2.5% for a CpG site in
an untranslated region). The direction of these effects was consistent with the canonical
role of promoter DNA methylation as a silencing mark (Fig 4C). Specifically, for ancestry-
associated CpG sites in the promoters of genes in the top quartile of ancestry effects on
gene expression, increased DNA methylation was associated with decreased gene
expression (log,(OR) = -0.794, p = 7.03x10®). In contrast, increased DNA methylation
predicted increased gene expression for ancestry-associated exonic CpG sites (log>(OR) =
0.342, p = 6.74x107) and there was no relationship between DNA methylation and gene
expression for intronic or UTR ancestry-associated CpG sites (log,(OR) = 0.067, p = 0.341).
These results indicate that local ancestry effects on DNA methylation and gene expression

often—although not always—occur in tandem.



Finally, we integrated our local ancestry results with data from a massively parallel
reporter assay, mMSTARR-seq, to investigate whether sites detected in our scan for ancestry
effects tend to causally alter enhancer-like activity, and hence gene expression output,
when differentially methylated [34,39]. mSTARR-seq takes advantage of the ability to
experimentally manipulate DNA methylation at CpG sites in vitro, on short DNA sequences
that are identical other than their CpG methylation status (Additional File 2: Fig $7). Cases
in which the regulatory output from methylated sequences differ from unmethylated
sequences point to functionally relevant, methylation-dependent regulatory activity.
Cases in which methylated and unmethylated sequences do not differ, but drive higher
regulatory activity than background, point to methylation-independent regulatory activity.
Here, we drew on the results of an mSTARR-seq experiment applied to sequences from the
baboon genome, which assayed 241,256 500-base pair windows [28] (~4% of the genome,
enriched for CpG-dense regions). Of these windows, 4,844 exhibited regulatory activity in
the methylated state, unmethylated state, or both states (10% FDR). Enhancer activity was
detected more frequently in the unmethylated condition (n = 4,335 regions detected at a
10% FDR versus n = 1,717 in the methylated condition) and was sensitive to DNA
methylation condition in 4,037 regions (10% FDR), most of which were more active in the
unmethylated condition (87%, or 3,516 regions).

Among the 241,256 windows included in the mSTARR-seq experiment, 42,661 windows
contained CpG sites also included in our analysis of local ancestry effects. In total, these
windows contained 128,666 CpG sites and 20,218 (15.7%) of these sites exhibited

associations between local ancestry and DNA methylation levels. Relative to all windows



with tested CpG sites, cases of ancestry-associated DNA methylation in the Amboseli
sample were depleted for evidence of regulatory potential (log,(OR) = -0.208, p = 0.0195).
Conditional on falling in regions with enhancer-like activity in any state (methylated or
unmethylated), they were also no more likely to exhibit methylation-dependence (log,(OR)
= -0.087, p = 0.730). This result suggests that, overall, divergence in DNA methylation
makes a limited causal contribution to gene expression divergence, even though ancestry-
differentially methylated CpG sites and ancestry-differentially expressed genes often
colocalize. This pattern agrees with generally higher levels of conservation in regulatory
elements than background rates in the genome [40].

However, the combined data set also points to interesting candidates for further study,
where DNA methylation is ancestry-associated in Amboseli and falls in regions where the
MSTARR-seq data demonstrate causal effects of DNA methylation on gene expression.
There are 258 such sites in our sample. These sites are the most likely of those we profiled
to contribute to phenotypic differences between species and phenotypic diversity within
the hybrid population. Of particular note are 48 CpG sites near 14 genes that are
differentially expressed by local ancestry (Additional File 1: Table S3).

More than half of these CpG sites fall near genes involved in metabolism. 26 are
located near ZADH2, a gene implicated in adipocyte differentiation in humans, and two fall
near PFKP, which encodes the rate limiting step of glycolysis. PFKP is of particular interest
because it has been identified in a previous study of resource base and DNA methylation in
the Amboseli baboons [29]; in captive baboons, it is also upregulated in animals

maintained on a high fat diet [41]. Here, we show that DNA methylation in a PFKP intron is



associated with ancestry and anubis ancestry predicts higher expression of the gene (Fig
4D-E), indicating that both genetic divergence and environmentally induced plasticity
shape its regulation. As baboons are an important model system for human obesity and
metabolic disorders [42,43], PFKP and ZADH2 are particularly interesting candidates for

future work.
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Figure 4. Functional consequences of ancestry-associated DNA methylation. A.
Enrichment and depletion by genomic context for CpG sites in which local ancestry
predicts DNA methylation levels, compared to the background set of all CpG sites
analyzed. Results are shown for both all ancestry-associated CpG sites (n=100,482 sites,
10% FDR, light green) and for the most strongly associated sites (n=10,034, the top 10% of
significant associations, dark green). Error bars represent the 95% confidence interval
surrounding the log,(odds ratio). B. The proportion of CpG sites with ancestry-associated
DNA methylation increases with the strength of the association between local ancestry
and expression of the nearest gene (e.g., those in the most strongly associated fourth
quartile; logistic regression p < 10°¢). CpG sites are stratified by the functional context in
which they occur (gene exons; promoters; or introns and untranslated regions (UTRs). Error
bars represent the upper and lower 95% confidence intervals inferred from the standard
error. Functional contexts are jittered to prevent overplotting. C. Enrichment and depletion
of directionally concordant effect sizes between ancestry-associated CpG sites and



nearby ancestry-associated genes. A positive log,(odds ratio) indicates that increased
methylation is associated with increased expression. Error bars represent the 95%
confidence interval surrounding the log.(odds ratio). D. Local ancestry effects on gene
expression levels of PFKP. E. Effect of local ancestry on DNA methylation at CpG sites
throughout the PFKP gene. Some effect sizes are greater than 1 because they are
calculated following a logit transformation of the methylation values. Significant effects
(FDR < 0.1) are colored based on the ancestry state that exhibits higher levels of DNA
methylation (green = anubis ancestry, yellow = yellow baboon ancestry). CpG sites without
significant associations are shown in gray. The light blue shaded area represents a region
with methylation-dependent regulatory activity in the mSTARR-seq experiment. A gene
diagram of PFKP is also included, with black boxes for exons and a bent arrow showing the
transcription start site. A zoomed-in section of the PFKP gene (inset) shows the
methylation-dependent enhancer experimentally identified in the mSTARR-seq assay,
which also contains two ancestry-associated CpG sites. A third ancestry-associated site
occurs just outside of this methylation dependent enhancer.

Discussion
Our results show how admixture influences the genetic architecture of DNA

methylation in a natural primate hybrid zone. They emphasize the importance of genetic
contributions to DNA methylation divergence, which in our system arise primarily through
changes in the frequency of shared genetic variants in the parental taxa and result in
largely additive, cis-acting local ancestry effects on DNA methylation levels. While such
sites often occur near genes that exhibit ancestry-associated variation in gene expression,
many sites that exhibit ancestry-associated DNA methylation may be functionally silent
with respect to downstream gene regulation, at least in the cell type we interrogated here.
However, based on our mSTARR-seq data, at least some ancestry-associated CpG sites
are also functionally relevant for downstream gene regulation. At these loci, admixture
increases the genetic contribution to DNA methylation variance and, therefore, the amount

of gene regulatory variation upon which natural selection can act.



Our findings provide new insight into the population and evolutionary genetic
consequences of hybridization in primates. Unlike new mutations, variation introduced
through admixture often results in intermediate, instead of very rare, allele frequencies.
Thus, introgressed variants can have immediate consequences for population-wide
phenotypic variation and may be less likely to be lost through genetic drift [15,44].
Although introgressed variants are often selected against—potentially explaining why CpG
sites with strong ancestry effects are depleted in mSTARR-seqg-identified enhancers—
beneficial introgressed alleles can rapidly increase in frequency [8,45]. To date, this
phenomenon has been most clearly demonstrated for large-effect coding variants, such as
those that affect coat color and wing pattern traits in dogs, snowshoe hares, and
butterflies [46-48]. Our results suggest that one of the requirements for such scenarios—
admixture-mediated expansion of trait diversity—is also commonly met for genetic
variants underlying gene regulation. Data sets like ours can therefore be intersected with
sequence-based tests for selection to search for cases of adaptive introgression more
broadly. These analyses will likely benefit from the use of whole genome bisulfite
sequencing rather than the RRBS data used here. RRBS is cost-effective for population-
scale samples, but, unlike whole genome bisulfite sequencing, does not produce DNA
methylation estimates for all CpG sites in the genome. As such, RRBS may miss regions
where DNA methylation is identified by scans for selection.

Consistent with previous studies of DNA methylation in naturally hybridizing animals
[49-51], we observed almost entirely additive effects of local genetic ancestry. This

observation differs from studies of gene regulation in laboratory crosses, which tend to



identify widespread non-additivity [11-14,19]. Our findings are in line with the idea that
reproductive isolation may be weaker in natural hybrid zones than in animal taxa chosen
for laboratory experiments. An alternative possibility is that non-additive effects are more
likely to arise for gene expression than DNA methylation. However, this explanation is
inconsistent with other observations from our study system, where previous analyses of
local ancestry effects on gene expression also identify mostly additive effects [17].

Previous studies have proposed a largely cis-regulatory basis for divergence in DNA
methylation levels [51,52], including in natural hybrid zones (e.g., carrion crows and
hooded crows in Europe [53]), which is consistent with our results. Indeed, we extend this
argument by identifying cis-acting methylation QTL that, in combination with allele
frequency differences between anubis and yellow baboons, are a remarkably good
predictor of estimated local ancestry effects. This is true for both mutations which disrupt
the CpG site directly and those affecting nearby variants, which likely affect DNA
methylation levels through distinct mechanisms.

4,333 CpG sites where ancestry predicts DNA methylation also have a mappable,
large-effect, putatively cis-acting meQTL in our data set. However, we were unable to
identify meQTL for many ancestry-associated CpG sites, suggesting that many smaller
effect meQTL remain to be discovered. Notably, our method for meQTL mapping, which
measures DNA methylation and maps meQTL using allele-specific data from a single data
set, is limited to the analysis of CpG-SNP pairs observed on the same read (in this data set,

within 100 bp of each other). Improvements in population-scale genotyping, especially



assisted by imputation [54], should substantially expand the scope of these types of
analyses and alleviate several of the blind spots in studies like this one.

Nevertheless, our results already suggest that, although yellow and anubis baboons
diverged more than a million years ago, meQTL effect sizes remain largely conserved
across genetic backgrounds. This result extends findings in humans that differences in
DNA methylation and gene expression between populations can be explained by QTL
mapped within populations [55-57] and do not necessarily require more complex
underlying mechanisms, such as ancestry-associated epistasis or the emergence of
distinct causal variants. Indeed, recent studies indicate that even variants associated with
complex traits such as height and gene expression often show conserved effect sizes
across populations, suggesting that well-known challenges with the portability of genetic
prediction stem primarily from differences in linkage disequilibrium and allele frequency
[30,58-60]. Our findings suggest that, at least at the level of molecular phenotypes, effect
sizes can remain consistent even over much longer timescales. This result raises
interesting questions about the timescale of evolutionary divergence when effect sizes no
longer tend to be shared. For example, to what degree does this timescale correlate with
the timescale of reproductive isolation? And when genetic effect sizes are no longer
shared, is this change due primarily to interactions with genetic background, interactions
with fixed environmental differences, or simply the loss of shared genetic variation?

Finally, our findings have several practical implications for studies of gene regulatory
evolution in natural populations. First, they indicate that genetic effect sizes may be

partially generalizable across closely related species, which is important when one



population or taxon is much more genetically well-sampled or well-characterized than
others. The power and limits of this generalizability will be important to explore further.
Second, our analyses support the value of comparative approaches for understanding
gene regulatory evolution. Our study indicates that between-species differences from
individuals sampled from environmentally and geographically distinct populations (and
often in different sampling efforts) can nevertheless faithfully capture genetic effects that
are recapitulated in the “common garden” of a naturally occurring hybrid zone. Finally, our
results point to the feasibility of linking ancestry-associated DNA methylation and
ancestry-associated gene expression within hybrid populations by combining
observational mapping approaches with experimental assays to pin down causality. Future
work should explore whether integrating sequence-based evidence for selection can
further refine the discovery of variants responsible for reproductive isolation and/or trait

divergence in non-model systems.

Conclusions
This study shows that differences in allele frequencies at DNA methylation-associated

variants account for a substantial portion of methylation divergence between closely
related primate species. As a result, admixture increases genetic variation in DNA
methylation in hybrid populations—and potentially, by extension, in other regulatory traits
and their downstream effects. These findings provide new insight into how admixture

shapes trait variation in natural hybrid zones. They also demonstrate the power of



integrating comparative genomics, within-species QTL mapping, and functional assays to

investigate gene regulatory evolution in non-model organisms.

Methods

Study population and samples

The primary subjects of this study were members of a long-term study population of
wild baboons that has been monitored by the Amboseli Baboon Research Project (ABRP)
for over five decades [24]. Approximately a third of the population directly descends from
anubis or yellow-anubis admixed individuals who immigrated into the study area starting in
the early 1980s. The remainder also exhibit lower levels of anubis admixture from older,
unobserved bouts of gene flow [17,23].

For this study, we focused on 256 Amboseli individuals for whom both genome
resequencing data and genome-wide DNA methylation data were available. The DNA
methylation data were generated using reduced representation bisulfite sequencing (RRBS
[26], see Additional File 2: Supplementary Methods) and were previously analyzed in
[27-29]. RRBS provides cost-effective, high-depth coverage of CpG-dense regions of the
genome, but only captures a subset of the methylome and neglects CpG-sparse regions.
We also used genotype information for each of these individuals and an additional 178
individuals to calculate allele frequencies within the Amboseli population and to call local

genetic ancestry, as in[17] (see Additional File 2: Supplementary Methods).



Ancestry effects on DNA methylation

RRBS data were processed as in [28] and mapped to the Panubis1.0 anubis baboon
genome [61] (see Additional File 2: Supplementary Methods). The DNA methylation level
for each individual at each CpG site was calculated as the proportion of reads with non-
bisulfite converted (i.e., methylated) cytosine bases to total reads covering that site. We
retained estimates for DNA methylation at 2,218,203 autosomal CpG sites. To focus on the
sites most likely to exhibit biologically meaningful variation, we further excluded
constitutively hypermethylated (mean DNA methylation level >0.90) and constitutively
hypomethylated (mean DNA methylation level <0.10) sites. We also determined the
genetic ancestry (local number of anubis alleles) for each individual at each CpG site (see
Additional File 2: Supplementary Methods) and retained CpG sites where our data set
contained at least 10 individuals for each ancestry state (homozygous vyellow,
heterozygous, and homozygous anubis) at that CpG site (n = 636,955 analyzed CpG sites).

To test for associations between DNA methylation and genetic ancestry, we modeled
the number of methylated reads as a function of the number of observed reads, local
anubis ancestry, and global anubis ancestry while controlling for individual age, sex,
dominance rank, early life adversity (measured using cumulative early life adversity and
habitat quality, which are known to influence DNA methylation within this population [28]),
bisulfite conversion rate, sequencing batch, and a random effect capturing genetic
relatedness and population structure between samples. These models were run using
MACAU (v4), which directly models observed count data and controls for population

structure using a beta-binomial mixed effects model [62,63]. False discovery rates were



estimated using a g-value approach calibrated against a permutation-based null model,
implemented using the R qvalue package v2.24.0 [64,65]. Briefly, we compared the
observed p-values to permutation-based empirical null distributions in which either local
ancestry status (to test for local ancestry effects) or global ancestry (to test for global
ancestry effects) was randomized across individuals while keeping all other information

constant.

Differences in DNA methylation between baboon species

To identify CpG sites where DNA methylation significantly differs between yellow and
anubis baboons, we re-analyzed RRBS DNA methylation data on unadmixed yellow
baboons from Mikumi National Park, Kenya (n = 6) and unadmixed anubis baboons from
Maasai Mara National Reserve, Kenya (n = 2) and the Washington National Primate
Research Center (n = 7) from [31]. We retained CpG sites covered in at least 5 individuals
of each species, with mean coverage greater than 5x and with mean methylation
(calculated across all individuals) between 0.1 and 0.9. We then tested each CpG site for a
species difference in DNA methylation using MACAU [62] while controlling for the bisulfite
conversion rate, which varied slightly between sequencing batches (Additional File 1:
Table S1). As above, we estimated the false discovery rate compared to an empirical null

based on permuting the vector of species labels across samples.

Genetic effects on DNA methylation

To identify genetic effects on DNA methylation (meQTL), we jointly called DNA

methylation levels and genotypes at nearby genetic variants from RRBS data for each



sample (see Additional File 2: Supplementary Methods). We retained positions where a
genotype was called in at least 50% of individuals with an estimated minor allele frequency
= 0.05 in the present data set (to ensure power to map meQTL), and where the variant was
known to be polymorphic within the Amboseli baboon population based on whole genome
resequencing data [17].

We then extracted allele-specific counts for the number of methylated and
unmethylated reads and excluded CpG sites with mean coverage less than 5x, mean
methylation levels below 10%, or mean methylation levels above 90% (see Additional File
2: Supplementary Methods). We also annotated disrupted CpG-SNP pairs where the SNP
overlapped the CpG site and used this set to investigate how genetic variation within CpG
sites themselves contribute to ancestry-related differential methylation.

Our dataset included 218,047 SNP-CpG pairs, spanning 74,967 unique SNPs and
169,812 unique CpG sites. For each SNP-CpG pair, we tested whether the SNP predicted
methylation level using IMAGE [66]. IMAGE detects meQTL by jointly modeling an additive
effect of genotype on DNA methylation across individuals and the difference between
alleles within heterozygous individuals (i.e., allele-specific DNA methylation). We
calculated the false discovery rate via comparison to permuted data sets: first by
randomizing genotypes among samples and then, within each heterozygote, randomly

assigning each read to either the reference or alternate allele.



Functional element annotations

We used gene annotations from NCBI to define coding sequences
(https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/008/728/515/GCF_008728515.1_Panubis1
.0/GCF_008728515.1_Panubis1.0_genomic.gtf.gz) and defined promoters as the 10 kb
upstream of the 5’-most annotated transcription start site. Because experimentally
derived baboon enhancer annotations are not available, we defined putative baboon
enhancers by projecting coordinates from ENCODE H3K4me1 ChlIP-seq data for human
peripheral blood mononuclear cells [67] onto the Panubis1.0 genome using the UCSC
Genome Browser liftover tool [68] and a liftover file that we generated previously [17]

(https://zenodo.org/records/5912279/files/Panubis1.0_to_hg38.chain.gz). CpG islands

were annotated using the emboss cpgplot function with default parameters to identify
windows of the genome longer than 200 bases with greater than 50% GC content and an
observed/expected CpG ratio > 0.6 [69]. CpG island shores were defined as the 2 kb
regions flanking either side of a CpG island [70]. Bed files for each annotation are available

at https://doi.org/10.5281/zen0d0.5912279. We then assigned CpG sites to one or more

genomic contexts if they fell within the designated genomic regions. Finally, we tested for

enrichment or depletion of differentially methylated sites using Fisher’s exact tests.

CpG sites near genes with ancestry-associated expression

To test whether local ancestry-associated DNA methylation was more common near
genes for which local ancestry is also associated with gene expression, we combined the

analysis of DNA methylation presented here with ancestry effects on gene expression


https://doi.org/10.5281/zenodo.5912279

reported by [17]. Briefly, we drew on summary statistics from a prior analysis using RNA-
seq gene expression data from 157 samples (n=10,202 genes), representing 145 unique
individuals [36-38]. As previously reported, all samples were collected from reproductively
mature individuals, and models for local ancestry effects controlled for age, sex, global
genetic ancestry, genetic relatedness, and batch/sampling effects; for part of the data,
collected on white blood cells, the analysis also controlled for cell type composition. Local
ancestry was defined as a window spanning the gene transcription start site to
transcription end site, plus an additional flanking 10 kb on each side. For very short genes,
we extended the total window size to 50 kb, as local ancestry calls are less reliable for
short windows. We used logistic regression to test whether the probability of detecting
ancestry-associated DNA methylation is predicted by the absolute effect of local ancestry

oh gene expression.

MSTARR-seq experiment and data analysis

Finally, to test whether local ancestry-associated DNA methylation can exert causal
effects on enhancer activity, we used mSTARR-seq data previously analyzed in [28]. Briefly,
plasmid libraries were prepared for mSTARR-seq transfection using genomic DNA isolated
from the same anubis baboon used to construct the Panubis1.0 genome assembly [61].
Genomic DNA was prepared using a Covaris S220 Focused-Ultrasonicator and via
restriction enzyme digest with Msp17 (in two separate batches that were then combined),
followed by size selection for fragments between 300 and 800 bp. Size-selected fragments
were cloned into pmSTARRseq1 (the CpG-free plasmid backbone used for mSTARR-seq

assays) using Gibson assembly. Methylated libraries were created via treatment of the



resulting library with M.Sss7, which methylates all CpG sites on the inserted fragments.
Unmethylated libraries underwent a parallel treatment with buffer only. Methylated and
unmethylated plasmid libraries were transfected in parallel into human K562 cell lines,
with six replicates per treatment. After 48 hours, cells were harvested and plasmid-specific
DNA and RNA were extracted and sequenced following the protocol reported in [34].

For each replicate (n=6 unmethylated DNA, n=6 methylated DNA, n=6 unmethylated
RNA, and n=6 methylated RNA), we used bedtools2 [71] to count the number of reads that
overlapped discrete, non-overlapping 500 bp windows of the baboon genome. For
downstream analyses, we retained only windows with (i) median coverage greater than 4x
in both methylated and unmethylated DNA samples, (ii) that were present in at least half of
the DNA samples for both the methylated and unmethylated conditions (i.e., where there
was sufficient DNA input to potentially drive gene expression), and (iii) where there were
non-zero counts in at least half of RNA-seq replicates in either treatment (n=241,256
windows). Before testing for enhancer activity, library sizes were normalized with
calcNormFactors from the edgeR package [72] and RNA-seq samples were normalized
against DNA-seq samples using voomWi.ithQualityWeights from the limma R package [73].
RNA abundance was modeled relative to DNA abundance, nested within treatment
condition (methylated or unmethylated), as in [28,39]. Regions capable of regulatory
activity generate more RNA than expected based on the DNA input. However, most regions
exhibit no regulatory activity and therefore show many more input DNA reads than RNA
reads. We therefore retained only regions with a positive effect for the sample type (RNA vs

DNA) in either the methylated condition, unmethylated condition, or both.



To estimate the false discovery rate, we compared the observed results to empirical
null distributions generated using 100 permutations of RNA/DNA labels within each pair of
samples using the g-value approach [64,65]. While most observed windows have
systematically less activity in the RNA condition than the DNA condition, permuted data
have more balanced effect sizes. To recreate the criteria for positive effect sizes, for each
permutation, we subsampled to retain the same number of regions with positive RNA vs
DNA effect sizes as detected in the empirical sample. These p-values from these windows
were used to generate the empirical null.

To identify methylation-dependent enhancer activity, we focused on the subset of
windows (n=4,844) with regulatory activity in the methylated condition, unmethylated
condition, or both. For these windows, we tested whether the effect of sample type (RNA
vs DNA) differed between the methylated and unmethylated conditions (i.e. an interaction
effect between RNA/DNA condition and the methylated/unmethylated condition). To
estimate the false discovery rate for identifying methylation-dependent windows, we
calculated g-values by comparing p-values from the empirical results against results from
100 permutations where treatment condition (methylated vs unmethylated) was randomly

assigned to each DNA-RNA replicate pair.
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