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and Reveal Introgression of Disease Resistance Genes
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Abstract

African wild pigs have a contentious evolutionary and biogeographic history. Until recently, desert warthog
(Phacochoerus aethiopicus) and common warthog (P. africanus) were considered a single species. Molecular evidence
surprisingly suggested they diverged at least 4.4 million years ago, and possibly outside of Africa. We sequenced the
first whole-genomes of four desert warthogs and 35 common warthogs from throughout their range. We show that
these two species diverged much later than previously estimated, 400,000-1,700,000 years ago depending on assump-
tions of gene flow. This brings it into agreement with the paleontological record. We found that the common warthog
originated in western Africa and subsequently colonized eastern and southern Africa. During this range expansion, the
common warthog interbred with the desert warthog, presumably in eastern Africa, underlining this region’s import-
ance in African biogeography. We found that immune system-related genes may have adaptively introgressed into
common warthogs, indicating that resistance to novel diseases was one of the most potent drivers of evolution as com-
mon warthogs expanded their range. Hence, we solve some of the key controversies surrounding warthog evolution
and reveal a complex evolutionary history involving range expansion, introgression, and adaptation to new diseases.
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Harris and Cerling 2002; Souron 2017), or around 2.2-
2.0 Ma (Hopwood and Hollyfield 1954; Ewer 1956; Cooke
1994; Pickford 2006, 2012, 2013a, b; Pickford and
Gommery 2016). This inconsistency between the genetic
data and the fossil record has shrouded the evolutionary re-
lationship between the two species of warthog in contro-
versy, showcasing a more general conflict between
evolutionary chronology based on genetic data and fossils
(Yang and Donoghue 2016). Moreover, the unresolved di-

Introduction

The genus Phacochoerus has a contentious and complex
taxonomic history. Two species of warthog, the desert
warthog (P. aethiopicus) and the common warthog (P. afri-
canus), were recognized since 1788. Subsequent zoologists,
however, erroneously assumed that all extant warthogs be-
longed to P. africanus until Grubb (1993) established that
the extant Somali warthog (P. aethiopicus delamerei) is con-

specific with the extinct Cape warthog (P. aethiopicus
aethiopicus), meaning there are in fact two extant species
of warthog: the common and the desert warthog. Two
studies added to this evolutionary conundrum by estimat-
ing a surprisingly ancient divergence time between the two
species of warthogs: 4.4 Ma (Randi et al. 2002) and 8.8—
5.7 Ma (Randi et al. 2002; Gongora et al. 2011). These dates
are inconsistent with the fossil evidence, which indicates
that Phacochoerus first appeared either around 1.0-
0.8 Ma (White and Harris 1977; Harris and White 1979;

vergence time has raised fundamental biogeographic ques-
tions, as the earliest known Suinae fossil from Africa is
dated to 5.1 Ma (Pickford and Gommery 2016, 2020).
This means that the existing genetic estimates for the ap-
pearance of the two extant species of Phacochoerus overlap
with or predate the earliest known occurrence of Suinae in
Africa. This, controversially, suggests that the two extant
warthogs evolved outside Africa (Gongora et al. 2011).

In addition to the controversial evolutionary relation-
ship between the two warthog species, they remain
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understudied from a population genetic perspective.
Muwanika et al. (2003) used microsatellites and mtDNA
to infer three common warthog refugia (western, eastern,
and southern Africa). This is consistent with the prevailing
phylogeographic pattern for large African mammals
(Hewitt 2004; Lorenzen et al. 2012). Lorenzen et al.
(2012) built on these results and suggested that eastern
Africa was colonized from a southern African refugium, a
pattern emerging in many other savanna ungulates includ-
ing impala (Aepyceros melampus; Nersting and Arctander
2007; Lorenzen et al. 2006), wildebeest (Connochaetes spp.;
Arctander et al. 1999), greater kudu (Tragelaphus strepsi-
ceros; Nersting and Arctander 2001), and plains zebra
(Equus quagga; Pedersen et al. 2018).

Warthogs, in contrast to all other suids, are highly
adapted to the open grasslands of the African savannas
(Cumming 2013; Grubb and D’Huart 2013; Butynski and
De Jong 2018; De Jong and Butynski 2018). Their open-
country adaptations include longer legs for cursorial loco-
motion, a highly specialized dentition, and a large head
with broad vision. The adaptation to African savanna habi-
tat from an ancestral forest-adapted stock mirrors those of
early hominins relative to their great ape ancestors, and the
possible correlation between African suid and hominid
evolution and biogeography has been pointed out
(White and Harris 1977). Hence, an increased understand-
ing of warthog phylogeography is desirable to enhance our
understanding of the biogeographic theater in which hu-
mans evolved.

Of the two extant species of warthog, the common
warthog occupies a wide range of habitats and has by far
the greatest present distribution (fig. 1A). Four subspecies
of common warthog are currently recognized (africanus,
aeliani, massaicus, and sundevallii; Grubb 1993, 2005),
but the limits of their geographic distributions are poorly
understood and their taxonomic arrangement is in need of
validation (Butynski and De Jong 2018). Desert warthogs
are currently restricted to Ethiopia, Kenya, and Somalia
where they are sympatric with common warthogs in sev-
eral regions (fig. 1A; De Jong and Butynski 2018, 2021;
Butynski and De Jong 2021; De Jong et al. in press).
Desert warthogs are adapted to low-lying, arid habitats,
whereas common warthogs are typically associated with
more moist savanna habitats and open woodlands
(De Jong and Butynski 2018). The literature is conflicted
as to whether hybridization between common and desert
warthogs occurs. Souron (2016) found atypical warthog
skulls in the Horn of Africa that might indicate hybrids,
but De Jong and Butynski (2018) argued that their ancient
divergence time makes hybridization unlikely. These unre-
solved questions and conflicting observations currently
prevent any resolution of the evolutionary history of
Phacochoerus, as well as pose outstanding questions re-
garding African suid biogeography and conservation.

In this study, we present the first whole-genome data
from warthogs and use it to resolve some of these out-
standing questions regarding warthog evolution. To do
so, we investigate the genetic structure and
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phylogeography within Phacochoerus. We particularly fo-
cus on estimating the divergence time between the two
extant warthog species and identifying possible introgres-
sion between them.

Results

After sample filtering, we analyzed 35 common warthogs
and four desert warthogs (supplementary material table
S1, Supplementary Material online, fig. 1A). Six samples, in-
cluding one desert warthog, were sequenced to high-depth
(~17x%) and the remaining samples were sequenced to low-
depth (~3%). An mtDNA tree with two deeply divergent
clades confirmed the taxonomic status of our samples as
desert and common warthogs (supplementary material
fig. S1, Supplementary Material online). After strict filtering
of genomic sites, excluding repeats, regions with low mapp-
ability, sites with outlying depth patterns, and regions in-
ferred to be exclusively heterozygous, we retained
1.3 Gbp of the autosomal genome for further analysis.

Population Structure and Phylogeography of the
Common Warthog

From the filtered autosomal sites, we visualized the struc-
ture within common warthog populations using PCAngsd.
The observed genetic structure clustered the samples in
discrete groups according to the country from which the
samples were obtained (fig. 1B). Ghana was separated
from all other populations in PC1, suggesting a deep split
between Ghana and the other localities. The structure was
also recovered in NGSadmix, where each inferred admix-
ture component corresponds to a country at K=5, with
the exception of the single Zambian sample (fig. 1C) which
appears as genetically intermediate between Tanzania and
Zimbabwe. This is expected from biogeography and is in
line with the Principal Component Analysis (PCA). In the
Kenyan population there is some genetic substructure,
with one sample being modeled as a mixture of the other
Kenyan and the Tanzanian clusters, in accordance with the
two sampling localities (fig. 1A; supplementary material
table S1, Supplementary Material online). The mixed an-
cestry in one of the Kenyan samples and the single
Zambian sample are likely the result of having too few
samples from these localities, rather than true admixture
between the populations. Evaluation of the admixture pro-
portions using evalAdmix corroborated that five clusters
are needed to accurately model population structure
(supplementary material figs. S2 and S3, Supplementary
Material online). It also indicates that there is some sub-
structure or cryptic relatedness within most of the inferred
populations, especially among the Zimbabwean samples.
The admixture analyses did not converge for values of K
>5. This might be due to sample sizes that are too small
to characterize more subtle substructure.

Based on the inferred population structure, we used the
countries as population groupings for Treemix. We found
the Ghanian population to be the most basal split within
the common warthogs, with a progressive splitting of the
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A
Fic. 1. Sampling localities
and population  structure.
(A) Sampling localities and
number of individuals remain-
ing after filtering  (see
supplementary material table
S1, Supplementary Material
online). Approximate geo-
graphic limits of the four cur-
rently recognized subspecies
of common warthog are
shown. Species and subspecies
ranges based on Vercammen
and Mason (1993), Muwanika
et al. (2003), Butynski and De
Jong (2018), De Jong and
Butynski (2018), De Jong et al.
(2018, in press). (B) Plot of
common warthog samples, col-
ored by sample country, on the
first two principal components
inferred with PCAngsd. (C)
Admixture  proportions  of
common warthog samples, es-
timated with NGSadmix as-
suming five ancestral clusters.
(D) Genome-wide heterozy-
gosity of all desert and com-
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remaining populations from east to south. This progressive
splitting is accompanied by a decrease in heterozygosity along
an axis from west to east and southwards (fig. 1D,
supplementary material fig. S4, Supplementary Material on-
line). This suggests serial founder events as the common wart-
hog colonized new areas. Two outlying samples, one each in
Kenya and Namibia, diverged from this pattern by having
higher heterozygosity than expected given the position of
their population in the expansion. We correlated sample het-
erozygosity with error rates. This revealed that the high het-
erozygosity of these two samples is an artifact of their
higher per base sequencing error rates (supplementary
material fig. S5, Supplementary Material online).

We summarize the phylogeographic interpretation of
our analyses in figure 2A. We inferred a range expansion
in common warthogs from an origin in western Africa, col-
onizing first eastern Africa and subsequently southern
Africa. The range expansion followed a semi-circular
path circumnavigating the Central African rainforest, as
shown by the geographically aware population structure
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analysis which identifies the rainforest as a strong barrier
to gene flow (fig. 3B). This stepwise range expansion was
corroborated by a directionality test (supplementary
material table S2, Supplementary Material online). We
quantified the genetic distance between populations using
Fst and obtained similar results when using single high-
depth-sequenced individuals as when using genotype like-
lihoods (GLs) for groups of low-depth-sequenced indivi-
duals (fig. 2C). The inferred Fs; between common
warthog populations was as low as 0.06 between Kenya
and Tanzania and up to 0.34 between Namibia and
Ghana. Overall, genetic differentiation between Ghana
and all other common warthog populations (“eastern
and southern African” or “ESA” in the following) was
high, in agreement with the PCA and mtDNA tree
(supplementary material fig. S1, Supplementary Material
online). Despite nominally belonging to different subspe-
cies (fig. 1A), Tanzania and Zimbabwe had a low Fsr of
0.08. This is almost on par with that between Zimbabwe
and Namibia (Fst=0.07), which nominally belong to the
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same subspecies (fig. 1A). Finally, the range expansion is
further supported by a linear relationship between pair-
wise Fst and geographic distance when following a trajec-
tory around the Central African forest (fig. 3D). Common
warthog phylogeography is therefore closely tied to the
distribution of savanna habitat, and it is probable that ex-
tensive Central African forest cover prevented a south-
ward expansion of common warthogs for prolonged
periods of the Pleistocene.

Desert warthog samples in general showed lower genet-
ic diversity than common warthogs, although their hetero-
zygosity values overlap with common warthogs from
southern African populations (fig. 1D). Fst was 0.71-0.77
between desert and common warthog populations
(fig. 2C). When high, these Fsr values indicate that both
species still share a substantial amount of genetic variation
despite their presumed ancient divergence time.
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Introgression between Species

A population structure analysis combining common and
desert warthog samples did not identify recent hybrids be-
tween the two species (supplementary material fig. S6,
Supplementary Material online). We investigated historic-
al gene flow by using D-statistics and found a strong signal
of gene flow between desert warthog and all ESA common
warthog populations relative to Ghana (fig. 3A). We
verified that desert warthog gene flow was not an
artifact of gene flow from an out-group into Ghana
(supplementary material table S3, Supplementary
Material online). The similar magnitude of introgression
in all ESA common warthog populations suggests that
most of this admixture occurred in a population ancestral
to the ESA common warthog populations, that is, at an
early stage of their range expansion. One low-depth sam-
ple (sample ID 8931) from Tsavo West National Park, an
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timated with gqpGraph from called genotypes using a single high-depth sample per population. See in supplementary material fig. S7,
Supplementary Material online estimates of branch length for the graph, and all other compatible admixture graphs for the same set of popula-

tions identified with gpBrute.

area of sympatry in Kenya, shows excessive allele sharing
with desert warthogs compared with other ESA common
warthog samples (fig. 3A). This might suggest gene flow
that is too old to be detectable in the admixture analysis,
but recent enough to occur after the divergence between
Kenyan populations.

Using qpGraph, we identified 28 admixture graphs
without significant outliers (|Z| < 3). When using a top-
ology consistent with the inferred phylogeography, where
Ghana is an out-group to all other common warthog po-
pulations, all admixture graphs show gene flow between
common warthogs and desert warthogs (supplementary
material fig. S7, Supplementary Material online). We chose
the best-fitting graph as the one with the lowest maximum
absolute Z-score of the difference between observed and
fitted f, statistic. This graph includes 3% introgression
from a desert warthog population into a population ances-
tral to Tanzania and Namibia, and 13% introgression from
a ghost common warthog population into Tanzania
(fig. 3B). Similarly, when migrations were modeled in
TreeMix, we found migration edges between desert and
common warthogs at m =2 and m =3, albeit with incon-
sistent placement of the migration edges (supplementary
material fig. S8, Supplementary Material online).

Demographic History

We estimated historical effective population sizes for the
high-depth individuals using the Pairwise Sequentially
Markovian Coalescent (PSMC). The three Ghanaian sam-
ples showed a different demographic history than the

ESA common warthog populations (fig. 4A), even in the
distant past. We attribute this to admixture between
ESA common warthogs and desert warthogs. The desert
warthog showed slightly different effective population
sizes compared with common warthog populations
around 900-200 thousand years ago (kya), but after
200 kya, the desert warthog and ESA common warthogs
had very similar population sizes. In contrast, from
200 kya onwards, the PSMC strongly suggests that
Ghana had an increase in effective population size, where-
as all other populations underwent population declines.
To better understand the time frame of the major evo-
lutionary events in Phacochoerus, we used fastsimcoal2 to
estimate divergence times and other demographic para-
meters based on two-dimensional site frequency spectra
(2dSFS). We initially evaluated a set of three models with
different assumptions on the admixture between common
and desert warthogs, based on the qpGraph results
(supplementary material fig. S9, Supplementary Material
online). Out of these three models, the “1-admixture”
model (fig. 4B), which corresponds to the best-fitting
gpGraph, had the best fit (supplementary material table
S4, Supplementary Material online). The time of the basal
split between desert and common warthogs was estimated
under this model to be 473 kya (95% confidence interval
[CI] 390-624 kya; fig. 4B, supplementary material table
S5, Supplementary Material online). However, qpGraph
cannot model bidirectional gene flow. Since some ac-
cepted admixture graphs included gene flow from com-
mon warthogs to desert warthogs (supplementary
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material fig. S7, Supplementary Material online), we could
not discard bidirectional gene flow to have occurred. For
this reason, we decided to explore an additional demo-
graphic model with fastsimcoal2 that allows for bidirection-
al and asymmetric introgression between the two species,
that we called “3-admixture” (fig. 4C, supplementary
material fig. S9, Supplementary Material online). This re-
sulted in estimated admixture proportions of 15% from des-
ert warthog to ancestral ESA common warthog and 8%
in the opposite direction. Based on this model, the esti-
mated desert-common divergence time is significantly older
(1,364 kya; 95% Cl 1,023-1,683 kya; supplementary material
table S6, Supplementary Material online). The split between
the western African and ESA common warthog lineages was
estimated to be 226 kya (95% Cl 193-260 kya) or 108 kya
(95% ClI 87-165 kya), assuming unidirectional or bidirec-
tional gene flow, respectively. The most recent divergence
between eastern (Tanzania) and southern (Namibia) popu-
lations of common warthog was 29 kya (95% Cl 16—44 kya)
or 45 kya (95% Cl 31-51 kya), respectively. Estimates of cur-
rent effective population sizes for each population under ei-
ther model closely resembled the results from PSMC, with
the highest N, inferred in Ghana and the lowest N, in the
desert warthog and common warthogs from Namibia
(supplementary material tables S5 and S6, Supplementary
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Material online). The inferred ancestral population sizes
were, however, more variable across methods.

The 3-admixture model has a considerably better likeli-
hood than the 1-admixture model, even when allowing the
admixture proportions of the latter to be estimated para-
meters instead of fixing them (supplementary material
table S4, Supplementary Material online). Due to limita-
tions on the use of composite likelihoods for model selec-
tion, however, and the sensitivity of SFS-based divergence
time estimates to demographic model assumptions, we
consider both model estimates as plausible for describing
the divergence history of Phacochoerus. Moreover, we cor-
roborated, by estimating the population pairwise Fst re-
sulting from each of these two models, that both of
them can capture the basic characteristics of the popula-
tion structure in warthogs (supplementary material table
S7, Supplementary Material online). Finally, we comple-
mented the SFS-based fastsimcoal2 divergence time esti-
mates with the TT method. This is based on single
samples from each population and makes different demo-
graphic model assumptions than fastsimcoal2. This meth-
od, likewise, suggested an older divergence time of 1.2-1.3
million years between desert and common warthogs
(supplementary material table S8, Supplementary
Material online). To reflect the uncertainty associated
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with the demographic modeling, we conservatively con-
clude that the species divergence time is 400—1,700 kya.
Of note, these divergence times are based on the most rea-
sonable available mutation rate for suids (see Materials
and Methods).

Adaptive Introgression Scan

We used genotype calls from the high-depth samples to
estimate regions of putative adaptive introgression be-
tween desert warthog and ESA common warthog popula-
tions. We used the f; statistic, which estimates the fraction
of the genome shared with a putatively introgressed ances-
try, and is suited for local analyses and to detect adaptive
introgression by an outlier based approach. A Manhattan
plot and histogram of the genome-wide distribution show
outliers of high f, values (figs. 5A and B). The signals in the
top 0.01% f,; windows are shown in supplementary
material table S4, Supplementary Material online. Most
of these windows also show exceptionally low values of
Fst between desert warthogs and ESA common warthogs
compared with the genomic averages (fig. 5C,
supplementary material fig. S5, Supplementary Material
online). Local genomic analyses are more sensitive to map-
ping and genotyping errors. We tried to alleviate this prob-
lem by filtering out all genomic windows that showed an
excess of problematic sites, based on the proportion of
sites filtered by the reference genome filtering (see
Materials and Methods). Although this does not definitely
exclude all local biases, we consider the top outlier win-
dows to be the best candidates for adaptive introgression
that can be identified with the available resources. This
makes them worthy of exploration here and of validation
in future studies. We did not pursue simulations to obtain
P-values of our selection peaks under neutrality. This was
because of the many assumptions needed to accurately
simulate both the population demography and the se-
quencing process, which we believe would make such
P-values difficult to interpret. Instead, we chose to only ex-
plore the top outliers from our scan.

Nine of the 22 top outlier windows contain prominent
immune system-related genes and gene clusters, including
four windows in the major histocompatibility complex
(MHC). In addition, the Fc gamma receptor (FCGR) locus
was also among the top regions, as well as genes Mx1, Mx2,
PTGS2, JAKMIP1, and ST3GALT (supplementary material
table S4 and fig. S4, Supplementary Material online), all
of which have well-characterized immune system-related
functions. The MHC is well-known for its role in the adap-
tive immune system and, thereby, in pathogen resistance
(Hill 1998). The FCGRs bind to immunoglobulin G and
are hence important modulators of the immune response
(Nimmerjahn and Ravetch 2006). PTGS2 encodes
cyclooxygenase-2 (COX-2), which is essential for synthesiz-
ing prostaglandins, contributing to the innate immune sys-
tem and inflammatory reactions (Ricciotti and FitzGerald
2011; Sander et al. 2017). The deadly African swine fever
virus evades the pig immune response partly by inhibiting
the expression of COX-2 (Granja et al. 2009). The two

myxovirus-resistance genes (Mx1 and Mx2) are involved
in resistance against viruses in general (Verhelst et al.
2013) and classical swine fever (Zhou et al. 2018).
JAKMIP1 is involved in T-cell differentiation, specifically
in the differentiation of virus-specific memory T cells
and, therefore, in the adaptive immune system (Libri
et al. 2008). ST3GALT plays a role both in T- and B-cell dif-
ferentiation (Giovannone et al. 2018). Host variants in this
gene are associated with the severity of influenza A infec-
tion (Maestri et al. 2015). Another gene in the outlier re-
gions, MUCT9, encodes a secreted mucin which is the
major gel-forming mucin in pig saliva (Chen et al. 2004),
and is perhaps also involved in immune system functions
(Hasnain et al. 2013; McBride et al. 2018).

Discussion

A Revision of Warthog Phylogeography and its
Broader Implications

Here we provide the first genome-level analyses of
Phacochoerus and detailed insight into its previously con-
tentious evolutionary history. We did not find support
for three continental refugia during the Pleistocene
(Muwanika et al. 2003), nor for a colonization of eastern
Africa from southern Africa (Lorenzen et al. 2012).
Instead, we found consistent evidence that extant common
warthog originated in western Africa, followed by an expan-
sion circumnavigating the central African rainforest, hence
first colonizing eastern Africa and later southern Africa.

Our results reject three common warthog subspecies
(P. a. africanus, P. a. massaicus, and P. a. sundevallii) across
the sampled populations, as there is very low differenti-
ation and a shared demographic history until the late
Pleistocene between eastern and southern populations.
In contrast, the Ghanaian population, representing
P. a. africanus, is highly differentiated from ESA population,
diverged long ago (108-226 kya), and has a markedly dif-
ferent demographic history with a much higher effective
population size. Together with the exclusive desert wart-
hog gene flow into ESA common warthogs, these differ-
ences might warrant the distinction of western and ESA
common warthog populations as different subspecies or
Evolutionary Significant Units (Moritz 1994). The large
sampling gap between Ghana and East Africa, however,
prevents us from making firm conclusions about whether
the Ghana population represents a highly distinct popula-
tion or the edge of a continuum.

Although our results revise several of the conclusions of
previous warthog studies (Muwanika et al. 2003; Lorenzen
et al. 2012) using lower numbers of genetic markers, they
support some key biogeographical hypotheses. First, they
show that major dispersal events in African savanna-
adapted mammals alternate between an east-west axis
in the northern savanna bioregion and a north—south
axis in the southern savanna bioregion—the inverted
L-shape coined by Kingdon (2013). Second, they corrobor-
ate East Africa as the intersection of these two savanna
bioregions, serving as a “melting pot” of secondary contact
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between previously vicariant lineages, as well as a mosaic
refugium for species (Lorenzen et al. 2012). Herein, we pro-
vide the most detailed phylogeographic validation of these
two cornerstones of African biogeography, and demon-
strate that adaptive introgression may be a previously un-
derappreciated feature within the East African contact
zone. This has wide-ranging implications for understand-
ing the biogeographic role played by eastern Africa, includ-
ing that of early hominins, of which at least three species
coinhabited the region during the early Pleistocene
(Anton et al. 2014).

Reconciling the Fossil and Genetic Records

Our demographic modeling is inconsistent with the previ-
ously suggested molecular divergence time of 4.4-8.8 Ma
(Randi et al. 2002; Gongora et al. 2011). We estimate a
much more recent divergence time that ranges within
390-624 or 840-1,728 kya, assuming either unidirectional
or asymmetric bidirectional gene flow between ancestral
desert warthog and common warthog populations. A spe-
cies divergence time within the 400-1,700 kya interval re-
conciles the genetic evidence with the fossil record, which
finds reliable evidence of desert warthog and common wart-
hog coexisting only since around 400 kya (Cooke and
Wilkinson 1978). The earliest fossils attributed to
Phacochoerus have been dated at 2.2-2.0 Ma (Pickford
20133, b; Pickford and Gommery 2016). Moreover, our
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inferred divergence time refutes the possibility that the two
warthog species diverged in Eurasia before moving to Africa
(Randi et al. 2002; Gongora et al. 2011), leaving no fossil traces
for millions of years in Africa. The inconsistency between the
genetic and fossil sources of evidence has obscured the evolu-
tionary relationship between the two extant species of wart-
hog, for example, by leading researchers to assume that any
interbreeding between the two taxa was highly unlikely (De
Jong and Butynski 2018).

The discrepancy between our coalescent-based
estimate of divergence time and previous phylogenetic
estimates can probably be attributed to two factors.
First, genomic divergence predates species divergence by
an expected 2N, generations due to the presence of poly-
morphism in the ancestral population (Edwards and Beerli
2000), but this distinction can only explain a minor pro-
portion of the discrepancy. Second, most of the literature
(e.g., Frantz et al. 2013, 2015, 2016; Groenen 2016) used
node calibrations that originated in the first phylogenetic
studies based on mtDNA and a few nuclear makers (Randi
et al. 2002; Gongora et al. 2011). Any early overestimations
of lineage split times would, therefore, have been propa-
gated in subsequent studies. A recent study highlights
the possibility that suid evolutionary rates were highly
overestimated (Zhang et al. 2022). Collectively, these re-
sults demonstrate the challenges of inferring mutation
rates that are accurate over evolutionary time scales, and
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the effect of mutation rate uncertainty on the dating of
evolutionary events.

Adaptive Introgression of Disease Resistance

We show that the ESA lineage of common warthogs ad-
mixed with desert warthogs after splitting from the west-
ern African lineage 87-260 kya. The majority of this gene
flow is inferred to be from desert warthogs to the ESA
common warthog lineage. We hypothesized that—similar
to Neanderthal (Homo neanderthalensis) introgression
into humans (Sankararaman et al. 2014)—desert warthogs
introgression contributed genetic variation beneficial to
the ESA common warthogs. The Zambezian (eastern and
southern African) savanna biomes differ from the
Sudanian (western) savanna biome in vegetation, climate,
and other aspects (Happold and Lock 2013). We, therefore,
searched for candidates for adaptive introgression in ESA
common warthog populations. The prevalence of immune
system-related genes among the f, outliers was striking,
with the MHC locus being particularly noteworthy.
Pathogen resistance has previously been identified as a ma-
jor driver of positive selection on genomic segments that
introgressed from Neanderthals to modern humans
(Dannemann et al. 2016; Deschamps et al. 2016; Quach
et al. 2016; Enard and Petrov 2018). Pathogens are a major
driver of selection in many species, perhaps particularly
when a species expands its range and encounters exotic
pathogens to which it has no pre-existing resistance
(Karlsson et al. 2014). In such cases, adaptive introgression
of resistance-conferring variants from a closely related na-
tive species is a plausible evolutionary scenario compared
with selection on standing variation or de novo mutations
(Hedrick 2013). It is likely that common warthogs encoun-
tered new pathogens as they moved eastwards and south-
wards through Africa, whereas desert warthogs may have
had a head start of hundreds of thousands of years in adapt-
ing to such pathogens. One well-known and highly lethal suid
pathogen naturally endemic to eastern and southern Africa,
but not western Africa (Taylor 1977; Costard et al. 2009; Jori
et al. 2013; Zhu et al. 2019), is African swine fever virus (Zhu
et al. 2019; Wang et al. 2020). Intriguingly, three genes iden-
tified as adaptively introgressed in our study—the two Mx
genes and PTGS2—play key roles in the immune response
to African and classical swine fever viruses (Netherton et al.
2009; Zhou et al. 2018; Fan et al. 2020). This raises the possi-
bility that African swine fever, or a similarly deadly pathogen,
drove adaptive introgression in warthogs.

The signal of ancient introgression, together with our
estimate of a shorter time of divergence, opens up the pos-
sibility that hybridization between the two warthog spe-
cies can still occur. Hybridization would be important
from a species conservation perspective. Although we
did not detect hybrids, one common warthog from an
area of sympatry in Kenya showed signs of increased desert
warthog ancestry. Based on our findings, rare but on-going
hybridization cannot be excluded, especially where the
two species are broadly sympatric (Butynski and De Jong
2021; De Jong et al. in press).

Conclusions

We solve the long-standing riddle of the time of diver-
gence of the two extant species of warthog and show
how an eastward range expansion in common warthogs
brought common warthog and desert warthog into con-
tact. We found evidence of introgression between the
two species. This occurred either in the Sudanian savanna
region or in eastern Africa. Our results suggest that patho-
gen resistance played a prominent role in driving intro-
gressed genomic segments from desert warthogs to high
frequencies in eastern and southern common warthogs.

Materials and Methods

Sample Collection and Laboratory Protocol

Fifty-five samples of warthog tissue, mainly dried skin, were
used in this study (supplementary material table S1,
Supplementary Material online). They were collected dur-
ing 1994-1999 in Ghana, Kenya, Tanzania, Zambia,
Zimbabwe, and Namibia, and most were previously ana-
lyzed by Muwanika et al. (2003) who describe sample col-
lection and storage. Six of the samples are from desert
warthogs. The samples from common warthog cover three
of the four currently recognized subspecies of common
warthog. We also included samples from a giant forest
hog (Hylochoerus meinertzhageni), a red river hog
(Potamochoerus porcus), a bush pig (Po. larvatus), and
two domestic pigs (Sus scrofa) from  Africa
(supplementary material table S1, Supplementary
Material online). Following the manufacturer’s protocol,
the QIAGEN DNeasy Blood and Tissue Kit (QIAGEN,
Valencia, CA, USA) was used for DNA extraction.
Subsequently, RNase was added to the samples to ensure
they consist of RNA-free genomic DNA. DNA concentra-
tions were then measured with a Qubit 2.0 Fluorometer
and a Nanodrop before using gel electrophoresis to check
the quality of the genomic DNA.

Sequencing

All samples were sequenced using Illumina paired-end
150 bp reads. Forty-nine were sequenced to low depth
(about 2-5X depth of coverage) on the Illumina
NovaSeq platform. Ten samples were sequenced to
medium-high depth (about 15-20X) on the Illumina
HiSeq2500 platform. A total of 9.07 billion raw reads
were generated and analyzed. Before mapping we assessed
the quality of the raw reads using FastQC (Andrews 2010)
and MultiQC (Ewels et al. 2016). We also downloaded pub-
licly available whole-genome sequencing data of a babirusa
(Babyrousa babyrussa) (Liu et al. 2019).

Processing and Mapping of Sequencing Data

Prior to mapping, we processed the paired-end reads with
NGmerge (Gaspar 2018) to merge all read pairs that over-
lapped by at least 11 bp. We then mapped nonmerged
paired-end reads and merged single-end reads with bwa
mem v0.7.17 (Li and Durbin 2010) separately in paired-end
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and single-end mode, using default settings and mapping
to the domestic pig genome assembly Sscrofa 11.1. We
marked and removed duplicate reads with samtools
v. 1.9 (Li et al. 2009), and removed other low quality align-
ments using the samtools flag -F 3852 and nonproperly
paired reads with samtools flag -f 3. Finally, we used sam-
tools to combine nonmerged and merged aligned reads for
each sample into a single BAM file.

Data Filtering

Throughout all analyses we excluded bases with a base call
quality below 30, as well as reads with a mapping quality
below 30. Furthermore, unless otherwise stated, we re-
stricted all analyses to autosomal chromosomes and ex-
cluded regions annotated as repeats in the reference
genome (Sscrofa 11.1). In addition, we conducted a series
of sample-filtering steps and site-filtering steps that we ex-
plain in the following sections.

Sample Filtering

We first filtered the samples to exclude those with exces-
sive per base sequencing error rates as well as closely re-
lated or duplicate individuals.

Error rate Estimation

We used the “perfect-individual” method described in
Orlando et al. (2013) and incorporated in ANGSD
(Korneliussen et al. 2014) to estimate the per base sequen-
cing error rate for each individual. This method measures
error rates as excess mismatches between each sample
and the out-group (domestic pig reference), relative to
the mismatches between the out-group and the
“perfect-individual.” This excess corresponds to the per
base sequencing error rate assuming that all individuals
are equally distant to the out-group and that the consensus
sequence from the “perfect-individual” has few errors.
Sample 1257 was chosen as the “perfect-individual” be-
cause it has higher depth. This sample can, therefore, be
used to create a consensus sequence with few errors. This
was done using ANGSD (-doFasta 2) and strict quality fil-
ters, including a minimum base quality of 35, minimum
mapping quality of 35, minimum sequencing depth per
site of 10, and keeping only uniquely mapping reads. Per
base sequencing error rates were then estimated using all
bases (-doAncError 1). Based on the results, we excluded
sample ID 6436 due to excessive errors (supplementary
material fig. S11, Supplementary Material online). After
all site filters were applied (see below), we re-estimated
the per-sample error rates using the same approach but
only considering the sites qualified after site filtering (see
below). This was used to correlate sample heterozygosity
with sample error rate (supplementary material fig. S5,
Supplementary Material online).

Identification and Removal of Close Relatives

We used the allele frequency—free method described in
Waples et al. (2019) to identify duplicate or closely related
samples based on the R0, R1, and KING-robust statistics.
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These statistics are based on identity by state (IBS) between
pairs of samples. We estimated GLs with ANGSD for all des-
ert warthog and common warthogs jointly, using the GATK
model (-GL 2; McKenna et al. 2010), and called single nu-
cleotide polymorphisms (SNPs) using a P-value threshold
of 107® and a MAF filter of 0.05. We then used the GLs as
input for NGSrelate (Hanghgj et al. 2019; Waples et al.
2019), which implements the estimation of the three IBS
statistics. We identified three groups of sample duplicates.
The duplicated samples, all of which came from Ghana, had
KING-robust kinship values >0.46, R1 values >6.37, and RO
values <2 x 107°. We excluded all but one sample from
each duplicated group, retaining samples 7152, 7155, and
6274 (supplementary material table S10, Supplementary
Material online). For some analyses, we pooled the sequen-
cing data for each duplicated individual to obtain higher
depth. We also identified five pairs of first-degree relatives
and removed one sample from each pair (supplementary
material table S10, Supplementary Material online). The fi-
nal data set for analysis consisted of four desert warthogs
and 35 common warthogs (supplementary material
tables S1 and S10, Supplementary Material online).

Site and Reference Sequence Filtering

We performed a series of quality controls on the reference
sequence, as ambiguous regions can impact downstream
analyses (Pecnerova et al. 2021). For these site-filtering
steps, we used only the samples retained after the sample-
filtering steps outlined above.

Mappability Filter

We estimated mappability with GENMAP (v1.2.0;
Pockrandt et al. 2020) conservatively using 100 bp k-mers
with up to two mismatches (and otherwise default set-
tings) to compute the mappability scores for each site.
Consequently, sites with a score <1 were excluded from
further analyses.

Global Depth Filter

We estimated global depth per site separately across low-
and high-depth desert warthog and common warthog
samples using ANGSD (Korneliussen et al. 2014). We
then estimated the median depth per site across each of
the low- and high-depth data sets, excluding sites that
had a depth below half the median or above 1.5 times
the median for any of the two sets.

Excess Heterozygosity (Hardy—Weinberg equilibrium ) Filter

We identified regions with excess of heterozygosity, which
is indicative of mapping problems, using the Hardy-
Weinberg equilibrium (HWE) likelihood ratio test built
into the PCAngsd framework (Meisner and Albrechtsen
2018, 2019). This accounts for population structure in es-
timating per site inbreeding coefficients. Inbreeding coeffi-
cients (F) take values in the range from —1, when there is a
total excess of heterozygous genotypes, to 1, indicating a
total excess of homozygous genotypes, whereas 0 corre-
sponds to having genotype in HWE proportions within
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each ancestry. It can, therefore, be used to identify regions
with a strong excess of heterozygosity.

We first used ANGSD to estimate GLs for all common
warthogs that passed sample quality control. We did not
use any site filtering, except basic base quality and map-
ping quality filters, calling SNPs with MAF >0.05 and
SNP P-value <107 and using the GATK GL model imple-
mented in ANGSD. We used the GLs as input for PCAngsd,
using the first three principal components (PCs) to obtain
the individual allele frequencies used to correct for popu-
lation structure (Meisner and Albrechtsen 2019). We con-
sidered sites with F<—0.95 and P-value <107° to be
exclusively heterozygous in the ancestral populations
that are polymorphic and excluded all sites within 10 kb
of such sites.

All the site filters were used in subsequent analyses un-
less stated otherwise.

Data Analyses

GLs, SNPs, and Genotype Calling

We used GLs or single read sampling for all analyses in
which the low-depth samples were analyzed in order to ac-
count for the genotype uncertainty of calling genotypes
(da Fonseca et al. 2016).

ANGSD was used to estimate the GLs by applying the
GATK model (-GL 2), inferring the major and minor allele
from the GLs (-doMajorMinor 1), estimating the allele fre-
quencies (-doMaf 1) and, where applicable, calling SNPs
using the default likelihood ratio test (-SNP_pval 1e-6)
and a minimum allele frequency filter of 0.05.

We called genotypes for the high-depth samples using
bcftools v. 1.10 consensus caller (-c) (Li et al. 2009), and
used bcftools v1.10 throughout to manipulate the called
genotype files (Danecek et al. 2021). We called genotypes
per sample for all sites, both variable and fixed, and using
only the base quality and read mapping quality filters.
Further filtering of sites depended on the analyses and is
described in the section corresponding to each of those
analyses.

mtDNA Analyses

To check the taxonomic status of our samples, we initially
performed a mitochondrial genome mapping and consen-
sus calling for each of our warthog and out-group samples.
We also included the published mtDNA sequence of a do-
mestic pig, a red river hog, and a babirusa. To generate the
consensus sequences, we mapped all desert warthog and
common warthog samples, and the giant forest hog sample
to the common warthogs mitochondrial genome
(NC_008830; Wu et al. 2007), the bush pig sample to the
red river hog mitochondrial genome (NC_020737; Hassanin
et al. 2012), and the babirusa to the domestic pig mitochon-
drial genome (NC_000845; Lin et al. 1999). In all cases, we used
the same pre- and post-processing of reads as with the nuclear
genome mapping. We used the mapped data to build consen-
sus mtDNA sequences for each sample using ANGSD
(Korneliussen et al. 2014), by keeping the consensus base in

each position (-doFasta 2). We removed heteroplasmic sites
by masking (as “N”) any mitochondrial site where <95% of
reads carried the same base.

After consensus calling, we aligned the mitochondrial
genomes using BioEdit (Hall et al. 2011) and used the align-
ment in a BEASTV.1.8.4 (Drummond and Rambaut 2007)
phylogenetic analysis. We used a GTR + G + | model and
a coalescent BSP prior to avoid restricting the tree prior
by imposing a narrow population size range. The popula-
tion size prior was set to a uniform range between 10°
and 10° to reflect that we use it as a nuisance parameter.
Default priors were used for the other parameters. We
used a single node calibration prior on the time of the
most recent common ancestor of Suinae (all individuals
except the babirusa). The prior was normally distributed
with mean 107 years and standard deviation 10° years
based on Frantz et al. (2016). We ran the MCMC chain
for 107 steps, sampling trees, and parameters every 1000
steps. Convergence and proper mixing were assessed by
visual inspection and by estimating parameter ESSs using
TRACER (Rambaut et al. 2018). We used TreeAnnotator
(Helfrich et al. 2018) to make a Maximum Clade
Credibility (MCC) tree, discarding the first 1000 trees.
Finally, we used iTol (Letunic and Bork 2021) to visualize
the MCC tree together with node posteriors and a time
scale.

Population Structure

Principal Component Analysis

We used PCAngsd (Skotte et al. 2013; Meisner and
Albrechtsen 2018) to estimate the genotype covariance
matrix of the 35 common warthogs left after sample filter-
ing. We used two PCs to estimate the individual allele fre-
quencies used to estimate the covariance matrix. This was
detected as the optimal number of PCs to model the
population structure based on Velicer's minimum average
partial test implemented in PCangsd.

Analyzing and Evaluating Population Admixture

We estimated admixture proportions for 35 common
warthogs using NGSadmix (Skotte et al. 2013) based on
GLs. We ran NGSadmix from K=2 to K=7 until either
the results converged, which we defined as a maximum dif-
ference of two log-likelihood units between the top three
maximum likelihood results, or 100 independent runs fin-
ished without convergence. For the runs that converged,
we subsequently evaluated the model fit using
evalAdmix (Garcia-Erill and Albrechtsen 2020). A positive
correlation of the pairwise residuals indicates a poor model
fit and can be used to identify the best-fitting value of K.

EEMS

We used ANGSD to generate an IBS matrix for 34 common
warthogs for which we had sample location data (exclud-
ing the Zambian sample) by sampling a single read at each
SNP (called with -snp_pval 1e6 and -minMaf 0.05) where
we had data for both individuals (-doIBS 1 -makeMatrix 1).
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Thus, the distance between samples is calculated at each
site (0 or 1) and averaged over all used sites.

This matrix was used as input for Estimated Effective
Migration Surfaces (EEMS) (Petkova et al. 2016) along
with coordinates of the sample origin, and analyzed using
runeems_snps. We used 10 million steps and a burn-in of 2
million steps with 400 demes and 10,176,836 sites in total.
The results were visualized using rEEMSplots.

Population Differentiation

We used ANGSD to generate per-population site allele fre-
quency (saf) files from GLs for every population with more
than one sample. For the Kenyan population, we excluded
the sample modeled as a mixture of different clusters in
NGSadmix. For each pairwise population, we then used
realSFS (Nielsen et al. 2012) to estimate population pair-
wise 2dSFS from saf files based on randomly sampled
blocks of contiguous nonfiltered sites until reaching
200 Mbp. We then used these 2dSFS as a prior for estimat-
ing genome-wide Fs from saf files estimated from all auto-
somal sites (except those removed by the previously
described site filters), using Hudson's Fst estimator
(Bhatia et al. 2013). We also estimated Fs between pairs
of single high-depth samples, estimated from the 2dSFS
between each pair of individuals using the called geno-
types as input. This has been shown to be accurate in simi-
lar situations (Pe¢nerova et al. 2021).

Directionality of Range Expansion

To corroborate the direction of the range expansion, we
estimated a directionality index among common warthog
populations (Peter and Slatkin 2013). We included in this
analysis those populations with a high-depth sample and
known coordinate information of the sampling locality.
This resulted in keeping four populations, each with one
sample. We based the analyses on called genotypes, apply-
ing the same filters as when estimating D-statistics from
called genotypes (see below) and keeping only sites vari-
able within the four common warthog samples. The red
river hog sample as an out-group to assign ancestral and
derived states to each SNP. We then used the R package
“rangeexpansion” to infer the directionality index psi be-
tween each population pair.

Heterozygosity

We estimated the genome-wide heterozygosity for all sam-
ples using ANGSD and realSFS by estimating the individual
SFS and then dividing the number of heterozygous sites by
the total number of sites. For the six high-depth samples,
we also estimated the genome-wide heterozygosities
from the genotypes called with bcftools by counting the
total number of heterozygous sites of each sample and div-
iding by the total number of sites remaining after filtering.

D-Statistics

We used D-statistics (Green et al. 2010) to investigate pres-
ence of gene flow between desert warthogs and common
warthog populations, and to investigate potential
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introgression of an out-group to both warthog species
that might confound the analyses. We estimated
D-statistics for both low- and high-depth samples, using
different approaches for each.

For the low-depth samples, we applied the single read
sampling approach implemented in ANGSD (--
doAbbaBaba 1). Only sites that passed all reference gen-
ome filters, with a domestic pig (sample ID 1003) as
out-group, were used. We used a block jackknife approach
to estimate standard errors and calculate Z-scores (Busing
et al. 1999), using blocks of 5 Mbp size. We also estimated
D-statistics based on single read sampling for a subset of
common warthogs from Tanzania and Ghana, with the do-
mestic pig samples as P3 and a babirusa as the out-group.
This was to investigate potential confounding gene flow of
an out-group of all extant African suids into the Ghanian
common warthog population.

For the high-depth samples, we estimated D-statistics
based on called genotypes. We used bcftools to filter the
called genotypes with the following criteria. We removed
sites with mappability below one and sites within anno-
tated repeats in the reference genome as in other analyses.
Due to the inclusion of out-group samples that had not
been considered in the filters based on depth and excess
heterozygosity, we did not use the previous site filters.
Instead, we filtered based on the set of genotype calls, re-
moving sites where any of the samples had a depth below
10 or above 50, kept only biallelic SNPs, removed sites
where all samples were called as heterozygous, and re-
moved sites where any sample had a heterozygous call
with less than three reads supporting either of the two al-
leles. Based on the called genotypes, we used the gpDstat
program from the package AdmixTools (Patterson et al.
2012) to calculate the counts of ABBA and BABA sites
for trees where desert warthog was P3, domestic pig was
the out-group, and with all possible combinations of com-
mon warthog populations as P1 and P2. We furthermore
estimated D-statistics with the Ghanaian common wart-
hog population as P1, the desert warthog or Tanzanian
common warthog as P2, the red river hog sample as P3
and the domestic pig as out-group. This was done to inves-
tigate potential gene flow of an out-group of the
Phacochoerus genus to the Ghanaian common warthog
that could confound the results. We applied block jack-
knife to estimate standard errors and calculate Z-scores,
using 461 blocks of 5 cM and assuming a uniform conver-
sion of 1 cM/Mbp.

Treemix and qpGraph

We ran TreeMix (Pickrell and Pritchard 2012) on 34 com-
mon warthogs (excluding the Kenyan sample modeled as
admixed in the NGSadmixe analyses) grouped by the
country of origin of the samples and on four desert
warthogs and included the two domestic pig samples as
an out-group. We generated the input allele counts per
population by first estimating the likelihood of sample al-
lele frequency for each population with ANGSD. We used
only sites that passed all site filters, polarized using the
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reference domestic pig genome as the ancestral state. We
then merged all populations by keeping only sites where all
populations had data, and called within each population
the maximum likelihood sample frequency as the allele
count. This procedure resulted in approximately 17 million
sites as input data. For each possible migration from 0 to 3,
we ran 25 differently seeded replicates of TreeMix and
chose the run with the highest likelihood, breaking ties
at random. We set domestic pig as an out-group, and
used a block size of 28 k input sites, corresponding to an
assumed maximum LD of 5 Mbp.

We ran qpGraph from the package AdmixTools
(Patterson et al. 2012) on the high-depth individuals
from a subset of the populations (Desert, Ghana,
Tanzania, and Namibia) using the heuristic graph search
tool gpBrute (Ni Leathlobhair et al. 2018; Liu et al. 2019).
We used the same set of genotype calls as used to estimate
the D-statistics from high-depth samples. Z-scores were es-
timated with block jackknife using blocks of 5 Mbp. We
ran qpGraph on all SNPs from the filtered sites and, other-
wise, used the default settings.

Adaptive Introgression Scan
We scanned the genome of the common warthog samples
from eastern and southern Africa for regions showing
strong signals of introgression from desert warthogs. We
based this analysis on the same genotype call set as used
for estimating D-statistics (see above). We estimated local
admixture proportions between pooled high-depth
ESA samples (i.e, we pooled the four high-depth samples
from Tanzania, Zambia, Zimbabwe, and Namibia) and
the high-depth desert warthog sample using the
ABBA-BABA based f, statistic (Martin et al. 2015) in win-
dows of 100 kb. The f; statistic measures the fraction of
the genome shared due to introgression between popula-
tions P2 and P3. This is measured as the fraction of excess
sharing of derived alleles between P2 and P3 relative to be-
tween a P1 and the P3 population. This P1 population
must be sister to P2 and assumed to not have received
any introgression. An out-group is used to polarize derived
alleles. This statistic allows for the possibility of bidirection-
al introgression between P2 and P3 (Martin et al. 2015). It
has been shown that this statistic is powerful for detecting
adaptive introgression when selection is intermediate or
strong (Racimo et al. 2017). We used the high-depth sam-
ple from Ghana as P1 and a domestic pig (sample ID 1003)
as an out-group. We also estimated Fsy in sliding windows
between desert warthogs and the pooled ESA common
warthog samples using both low- and high-depth samples.
We estimated Fst in genomics windows with ANGSD by
estimating safs for both populations, and then using these
saf files d to estimate a 2dSFS. The saf file was then also
used to estimate Fst in 100 kb windows, using the
Hudson estimator and with the 2dSFS as prior
(Korneliussen et al. 2013).

We restricted these sliding window f, and Fst analyses to
sites retained after the reference genome filtering outlined
above. Furthermore, we removed any windows in the

bottom 5% of missing data, which resulted in keeping win-
dows with information in at least 34.2% of sites. We se-
lected the top 0.1% of the remaining f; values and
lumped all outlier windows within 1 Mbp of each other
into a single signal. We considered these regions as candi-
dates of adaptive introgression and extracted the genes
contained in these windows from the domestic pig refer-
ence genome annotation. We acknowledge that our adap-
tive introgression scan is sensitive to the relatively small
sample sizes, as well as possibly biased by mapping issues
given that we map our data to the distantly related domes-
tic pig genome. We addressed the latter bias by imposing a
strict set of filters for the inclusion of sites in the analyses
(see above).

Demographic History Inference

Mutation Rates and Dating

Previous studies used a rate of 2.5 X 10~° mutations per
site per generation for demographic analyses in suids
(Groenen et al. 2012). This was based on now-obsolete
high estimates of the human mutation rate. This appears
excessively high compared with rates inferred from phylo-
genomic analyses in ruminants (Chen et al. 2019). Given
that mutation rates are notoriously difficult to estimate,
in our main results, we used the mean rate of 2.48 X
10~° mutations per site per year phylogenetically esti-
mated across wild ruminants (Chen et al. 2019), which
have life histories comparable with warthogs. This rate is,
furthermore, almost equal to the mean annual rate of
2.2x107° mutations per site per year inferred across a
broad range of mammals (Kumar and Subramanian
2002). We assumed a generation time of 6 years in accord-
ance with Pacifici et al. (2013) and therefore a per gener-
ation mutation rate of 149X 1072 The consensually
agreed mutation rate for cattle is 1.17 X 10™° per gener-
ation estimated using pedigrees and a reproductive age
of 5 years (Harland et al. 2017). This, again, is similar to
the rate we assumed for warthogs. Recently, Zhang et al.
(2022) used domestic pig pedigrees to estimate a much
lower mutation rate of 3.6 X 10~° per site per generation,
but mutation rates estimated through pedigrees are very
sensitive to filtering choices as they depend on the ability
to successfully distinguish between low numbers of true de
novo mutations and sequencing errors or other artifacts
(Bergeron et al. 2022). We note that inferred dates scale
about linearly with the assumed mutation rate, so our dat-
ing estimates can be readily converted should more accur-
ate estimates of the suid mutation rate become available.

PSMC

Using PSMC (Li and Durbin 2011), we estimated the effect-
ive population sizes back through time. We ran PSMC on
the six high-depth-sequenced samples and added two
high-depth samples from Ghana obtained by merging sev-
eral duplicate low-depth samples (see above and
supplementary material table S1, Supplementary
Material online). We applied the reference filters and
called genotypes using bcftools v1.10. We removed sites
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covered by less than ten reads or more than two times
each sample mean depth, as well as sites called as hetero-
zygous where any of the two alleles was in less than three
reads. We used default settings for all PSMC parameters.
Results were scaled to real time using a generation time
of 6 years following (Pacifici et al. 2013) and a mutation
rate of 1.49 X 10~° per generation (as discussed above).

Fastsimcoal

The demographic history of a representative subset of the
common warthog populations (Ghana, Tanzania, and
Namibia) and desert warthogs was further investigated
using a coalescent simulation based method implemented
in fastsimcoal2 v2.6.0.3 (Excoffier et al. 2013). To minimize
potential bias arising when determining ancestral allelic
states, we used the folded 2dSFS based on randomly sub-
sampled 200 Mbp (see Fsr estimation above) as input for
the inference. Five plausible demographic models were
tested (supplementary material fig. S5, Supplementary
Material online). As a baseline model, the “No-admixture”
scenario is a model without any admixture events and fol-
lows a population tree equivalent to the TreeMix tree with-
out any migration edges. We included a ghost population
for consistency with the two other models. The 1-admixture
scenario adds two admixture events with admixture pro-
portions fixed to the results from the best-fitting
gpGraph. The “2-admixture” models a scenario in which
there is admixture between the extinct Cape warthog, mod-
eled here as a ghost population branching off the desert
warthog, and Namibia. We also considered a model 3-ad-
mixture similar to 1-admixture, but where admixture be-
tween desert warthogs and ancestral ESA common
warthogs is bidirectional rather than unidirectional.
Finally, to check whether the better fit of the bidirectional
gene flow model 3-admixture relative to 1-admixture was
due to not fixing the admixture proportions, we included
an additional version of the 1-admixture model where the
unidirectional admixture is not restricted to the values in-
ferred by qpGraph.

For each model, we ran 50 independent runs to find the
best-fitting parameters yielding the highest likelihood, with
100,000 coalescent simulations per likelihood estimation
(-n100000) and 20 conditional maximization algorithm cy-
cles (-L20). The model fits were assessed by comparing
maximum likelihoods (Excoffier et al. 2013), despite limita-
tions due to using composite likelihoods. In order to evalu-
ate the fit of the unidirectional and bidirectional gene flow
models 1-admixture and 3-admixture to the real data sets,
we computed Hudsons Fst based on the simulated joint SFS
for the maximum likelihood parameters. To obtain the 95%
Cl, we generated 100 parametric bootstraps based on the
maximum likelihood parameters estimated under the
best model and ran 50 independent runs for each boot-
strap, using the same settings as for the analyses of the ori-
ginal data set. A mutation rate of 1.49 X 10~ per site per
generation (see Mutation Rates and Dating) and a gener-
ation time of 6 years (Pacifici et al. 2013) were used to
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convert model estimates from coalescence units to abso-
lute values (i.e., years).

Split Time Estimates with the TT Method

We applied the TT method (Schlebusch et al. 2017; Sjodin
et al. 2021) as a complement and validation of the split
times inferred with fastsimcoal2. This method is based
on modeling the probability of the genotype combina-
tions from two diploid samples from each population,
as a function of several parameters that include diver-
gence times. It does not make any assumption on the
population sizes after the split, but it assumes a constant
ancestral population size and a clean split without pos-
terior gene flow. We obtained the genotype combina-
tions as the 2DSFS between the high-depth desert
warthog sample and each of the five high-depth common
warthog samples, and polarized the ancestral state as the
allele in the domestic pig reference. In addition, we ex-
cluded from the analyses those sites for which the babi-
rusa and red river hog samples were not homozygous
for the reference allele.

Supplementary Material

Supplementary data are available at Molecular Biology and
Evolution online.
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