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Abstract

Admixture, the exchange of genetic information between distinct source populations, is
thought to be a major source of adaptive genetic variation. Unlike mutation events, which
periodically generate single alleles, admixture can introduce many selected alleles simulta-
neously. As such, the effects of linkage between selected alleles may be especially pro-
nounced in admixed populations. However, existing tools for identifying selected mutations
within admixed populations only account for selection at a single site, overlooking phenom-
ena such as linkage among proximal selected alleles. Here, we develop and extensively val-
idate a method for identifying and quantifying the individual effects of multiple linked
selected sites on a chromosome in admixed populations. Our approach numerically calcu-
lates the expected local ancestry landscape in an admixed population for a given multi-locus
selection model, and then maximizes the likelihood of the model. After applying this method
to admixed populations of Drosophila melanogaster and Passer italiae, we found that the
impacts between linked sites may be an important contributor to natural selection in
admixed populations. Furthermore, for the situations we considered, the selection coeffi-
cients and number of selected sites are overestimated in analyses that do not consider the
effects of linkage among selected sites. Our results imply that linkage among selected sites
may be an important evolutionary force in admixed populations. This tool provides a power-
ful generalized method to investigate these crucial phenomena in diverse populations.

Author summary

In this text we introduce a method for modeling the transition rates between local ancestry
states at sites along a genome which may be in linkage to multiple sites under selection.
We implement our method as a tool called AHMM_MLS which we validate with simula-
tions and apply to admixed systems of Drosophila melanogaster and Passer italiae. In our
validations we found that our tool can accurately detect the number of sites and predict
their selection coefficients even when they are in linkage. We also found that the inferred
selection coefficients of selected sites in linkage may be overestimated if the effects of link-
age are ignored. In applying our tool to two admixed systems, we found that our lab’s pre-
vious tool AHMM-S may overestimate the number and selection coefficients of selected
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positions along chromosomes in these populations. Our multi-locus selection model for
these admixed chromosomes produces an expected local ancestry that closely matches the
local ancestry inferred from samples. We expect that our tool will allow greater insights
into admixed chromosomes which show signs of a few strong selected positions that are
in linkage.

Introduction

Admixture is one of the primary sources of selected alleles in natural populations [1-3]. For
example, in Helianthus sunflowers, introgressed alleles enhanced herbivore resistance at a
number of loci [4]. In the fish Fundulus grandis, recently introgressed alleles allow resistance
to extreme pollution and environmental change [5]. In humans, introgression from archaic
hominids is thought to have facilitated adaptation to a range of novel environments [6,7]. Sim-
ilarly, admixture can contribute alleles that are not adapted to local environments (e.g., as in
[8]) or it may contribute haplotypes that are deleterious due to accumulation of weakly delete-
rious mutations during long term isolation in small populations [9], and are therefore purged
by natural selection. Finally, in some cases admixed populations may contain mutations con-
tributed by separate parental populations that have negative interactions thereby resulting in
strong selection within the admixed populations [8,10]. Although the importance of selection
on admixed ancestry, or adaptive introgression, is increasingly appreciated, generalized meth-
ods to accurately detect and quantify the impacts of natural selection from genome sequence
data in admixed populations are in their infancy.

Admixture may be disproportionately likely to create circumstances where selected sites
affect the evolutionary dynamics of other selected sites through linkage. The effects of multi-
locus (non-epistatic) selection have been studied extensively in the context of populations
along a geographic cline. Theory demonstrates that closely linked locally selected alleles can
strongly reshape their expected frequencies across geographic clines (e.g., [11-13]), and fixa-
tion probabilities in a continent-island model (e.g., [14-17]). More generally, linkage among
selected alleles can generate dynamics in clines that include combinations of loci involved in
complex selection (e.g., [18]). Although multi-locus selection in admixed populations gener-
ated through a single admixture event, sometimes called an “admixture pulse”, has been less
extensively studied (although see e.g., [9]), linkage among selected alleles should also impact
evolutionary dynamics in such admixed populations. For example, if each ancestral population
contributes distinct adaptive variants that are closely linked, their fixation could be impeded
by Hill-Robertson interference [19,20]. Conversely, and of particular relevance to our applica-
tions below, if a single population contributes linked adaptive variants, their collective allele
frequency change could exceed expectations for a single locus due to complementary hitchhik-
ing effects. For example, we might expect the latter in circumstances where one ancestral pop-
ulation has recently undergone polygenic adaptation for a trait that remains beneficial within
the admixed population. It is therefore important to develop inference methods for detecting
and quantifying the impacts of multiple selected alleles within admixed populations.

General frameworks for detecting selection within admixed populations have developed
substantially in recent years, but they suffer from issues that affect their precision and applica-
bility, and so far, none have addressed the challenges of accurate inference with multiple linked
selected alleles. Many applications search for increases in allele frequencies at sampled sites,
but these sites have to be known in advance in order to be sampled [21-23]. Other applications
search for outliers in average local ancestry—the ancestry of admixed individuals at particular

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023

2/27


https://doi.org/10.1371/journal.pgen.1011062
http://github.com/genicos/ahmmmls_graphs
http://github.com/genicos/ahmmmls_graphs

PLOS GENETICS

Inferring multi-locus selection in admixed populations

loci—after applying tools that assume a neutral and uniform admixture process [24-34]. How-
ever, selection in an admixed population itself shapes the landscape of local ancestry, and most
tools do not incorporate information about the ancestry tract length distribution. The ancestry
tracts, or contiguous portions of the genome that are inherited from a single ancestral popula-
tion, can reveal portions of the genome which have hitchhiked due to selected loci. Other
approaches have been developed that use summary statistics to detect selection acting in
admixed populations, but most do not provide a means to estimate the selection coefficients of
the sites under selection [35-39]. Machine learning approaches can be quite powerful for
detecting adaptive introgression, but they also usually do not provide a means to estimate
selection coefficients, and it is sometimes difficult to interpret the biological underpinnings of
the model [40-42]. Our lab’s recently developed method resolves some of these difficulties by
explicitly modeling selection during admixture in sequence alignment data rather than geno-
types as a part of local ancestry inference [43]. Using this approach, it is possible to fit a model
with a single locus experiencing additive selection [43]. Although a huge range of new methods
are rapidly being developed, thus far, none have considered the effects of multiple linked
selected sites.

The previous approaches are suitable for finding evidence of selection at a single site in an
otherwise neutrally-evolving genome, but in general they do not account for cases where mul-
tiple selected sites are genetically linked and may affect the trajectories of each other due to
linkage [19,20,43]. Existing methods are expected to incorrectly estimate the selection coeffi-
cients of individual sites when they are impacted by linkage with other selected alleles. This
makes estimating the selection coefficient of each variant more difficult within admixed popu-
lations [43]. These methods also cannot distinguish between single and multiple site selection
models, which may lead to an overestimation of the number of selected sites present on a chro-
mosome within an admixed population in some circumstances. We therefore do not have the
tools to investigate the impacts of multi-locus selection in admixed populations, but we expect
that this phenomenon is widespread for the reasons we described above.

We introduce an approach for modeling the effects of linkage between multiple selected
sites within admixed populations of eukaryotic sexually recombining species. We validated
our method under a variety of simulated scenarios, where the introgressing population intro-
duced multiple alleles under selection. This approach can accurately identify the number of
linked selected sites, as well as determine their location and estimate their selection coefficients
by considering the impacts of the linked selected alleles. We applied our method to an admixed
population of D. melanogaster, and we show that our previous method may have overesti-
mated both the number of selected sites and their selection coefficients due to the effects of
linkage [43]. We also applied our method to an admixed population of P. italiae, and similarly
found that fitting single site models may overestimate the selection coefficients of selected
positions when compared to multi-locus models. Our results suggest that this is an important
contributor to evolutionary outcomes in admixed populations, and our work provides a pow-
erful generalized tool to quantitatively investigate these effects.

Description of the method
Model overview

To investigate the impacts of selection on many linked sites, we developed Ancestry-HMM
Multi-Locus-Selection (AHMM-MLS). AHMM-MLS is an extension of Ancestry HMM [44],
the latter of which infers both local ancestry and time since admixture for admixed populations
by modeling local ancestry in a set of samples from the admixed population as a hidden Mar-
kov model (HMM) using a neutral single or multi-pulse admixture model [45]. Our
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framework considers only single pulse admixture demographic models, where admixture
occurs t generations prior to sampling. The hidden states of the HMM are the local ancestries
of the samples at ancestry informative positions—i.e. the positions sampled from along the
genome in genotype or pileup data whose allele frequencies differ between the ancestral popu-
lations—and the observed states are the alleles in the aligned reads at these positions. The
emission probabilities of the HMM are computed based on the read alignment data from
admixed samples and the allele frequencies in reference unadmixed populations (see [44] for
details). AHMM-MLS uses the same emission probabilities as in prior work [44].

Our method introduces a new technique to infer the expected transition probabilities
between ancestry types at adjacent ancestry informative sites along the chromosome under
generalized models of multi-locus selection during admixture in a single pulse model (see
below). Because alleles near selected sites tend to hitchhike to the selected site, the tract
lengths for contiguous regions of local ancestry tend to be longer around selected sites [46],
and this effect can be captured in the transition probabilities between ancestry types. We
compute the expected transition probabilities using a numerical method (see below) and
then use the forward algorithm to compute model likelihoods given the samples [47], and a
direct search algorithm to optimize the multi-locus selection model. We do not consider
epistatic interactions among sites in this framework, but we consider their effects on selec-
tion inference (see Verification and Comparison). Our approach also does not include the
effects of genetic drift and instead assumes the admixed population is infinite. Below we
evaluated the impacts of population size on resulting inferences (see Verification and Com-
parison), but as an approximation we expect that drift will have small effects in large or
moderate admixed populations (S1 Fig).

Generating transition probabilities

To calculate the effects of multiple selected sites on the expected ancestry transition probabili-
ties between two adjacent ancestry informative sites, we use a numerical method to track the
expected distribution of haplotypes after t generations of admixture, including the local ances-
tries of the selected sites and the two ancestry informative sites. If there are n selected sites,
then we track » + 2 total positions (i.e., selected positions and ancestry informative sites), lead-
ing to 2"** haplotypes. We do not assume the selected sites are sampled as ancestry informative
markers in the admixed population and their positions may lie anywhere along the chromo-
some. The haplotype distribution in the admixed population at generation 0 is modeled by a
row vector H’, which undergoes a transformation in each generation, producing a sequence of
vectors H’. . .H', one for each generation. The vector H? is transformed into the vector H¢*',
representing the expected change in the haplotype distribution from generation gto g+ 1. Asa
convention for this work, H% is the frequency of the haplotype consisting of positions all origi-
nating from ancestral population 0, (i.e. the ancestral origin of the sites along the chromosome
is 00. ..00), and H®, is the frequency of the haplotype 00. . .01, and H¥, of haplotype 00. . .10,
and so on, counting in a binary fashion. At generation 0, only two haplotypes, H’, and
H',..2_,, have non-zero frequencies. That is because we assume a single admixture pulse
which begins from unadmixed population founders ¢ generations before the time of sampling.
These are the two haplotypes where all sites are of the same ancestry, and their initial values
are dictated by the admixture fraction m.

H, =m

0
H 2n+2 1
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H,=0ifi#0andi#2"" -1

In each generation, we take the tensor product of H® with itself to produce a row vector, D.
This vector corresponds to the expected distribution of diploid individuals that result from the
haplotypes assuming an infinite population, random mating, and no segregation distortion.

Dgi*2“+2+j = Hgi*ng
Now, to go from this diploid genotype distribution to the haplotype distribution of the next
generation, we apply the matrix operation M to D¥, the result of which is "', H'$*! is then

normalized to produce H8"' (Fig 1).

+1
H*" =DM
+1
H*™.
Hg+l _ J
j on+2 g+l
2 HE,

We call the matrix M the diploid to haploid transformation, as it converts the diploid geno-
type distributions of one generation to the expected haplotype distribution of the next genera-
tion, accounting for the effects of recombination and natural selection within diploid
individuals. A specific entry, such as M; ;, is the contribution of the diploid genotype i on the
haplotype j, taking into account the fitness of the diploid genotype i, and the probability that a
recombination event produces the haplotype j. The matrix depends on the location of the two
adjacent ancestry informative sites, the location of every selected site, and the fitness coeffi-
cients of those selected sites. Therefore, M needs to be recomputed for each pair of adjacent
ancestry informative sites, and each multi-locus model, but remains constant for each genera-
tion of the forward computation. Each selected position is determined by its position on the
chromosome in Morgans, and two fitness coefficients. The two fitness coefficients are the
dominance coefficient, h, and the selection coefficient, s. This would make the relative selec-
tion coefficients 1, 1—hs, 1—s. To simplify calculations, we assume all ancestry informative
sites are neutral sites where s = 0. Using this procedure we can compute transition rates for
around 30,000 sampled sites in a matter of seconds, making this method ideal for genome-
wide data.

To generate M, we iterate through all possible diploid genotypes. We assume that fitness
values combine across selected sites multiplicatively. For a particular diploid genotype i, it has
an associated fitness S;, which we compute by taking the product of the relevant selection coef-
ficients for each site. For this genotype i, we iterate through each region where a recombination
event may occur. If there are # sites, then there are #n + 1 regions. Each of these regions has a
corresponding recombination rate r. Recombination in a specific region would produce two
haplotypes, k and . So for each recombination event of this genotype, there would be a contri-
bution proportional to D;*S;*r to haplotypes k and I. This contribution is reflected in M by
adding S;*r to the M; , and M, entries. M is computed after we have iterated through all possi-
ble diploid genotypes and added their contributions to each haploid that they may produce
through meiosis. By reducing the most computationally expensive parts of the numerical pro-
cedure to matrix multiplications, we are able to use the optimized linear algebra library arma-
dillo [48,49] to quickly compute the transition probabilities for each pair of adjacent ancestry
informative sites.
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Fig 1. Single generation process for updating haplotype distribution vector. At generation 0, the haplotype vector H is initialized to only have non admixed
haplotypes, and the matrix M is computed. In each generation, the diploid genotype distribution D is computed from the haplotype distribution by assuming
random mating. When the M operation is applied to D, it results in the unnormalized haplotype distribution of the next generation, which is then normalized.

https://doi.org/10.1371/journal.pgen.1011062.9001

After iterating for t generations, we are left with the haplotype distribution that is expected
under our model of selection assuming an infinite admixed population size. We directly calcu-
late the transition probabilities between the local ancestries of the ancestry informative sites by
iterating through the haplotype distribution and recording the rates of the four possible ances-
try state combinations for the two ancestry informative sites.

Model optimization

Once we have the expected transition probabilities for a particular model, we use the forward
algorithm to compute the likelihood of this model given the read pile-up or genotype data
[47]. We optimize the parameters of the model to maximize its likelihood using the Nelder-
Mead search simplex optimization algorithm [50]. For our hyperparameter values we used a
reflection constant of 1, a contraction constant of 0.5, an expansion constant of 2, and a shrink-
age constant of 0.5. For each site optimized with unrestricted selection, we optimize the loca-
tion of the site and two selection coefficients, h and s. If i is known and fixed (e.g., if additive

h =0.5), then only one selection parameter needs to be optimized.
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For each optimization, an initial starting point for the location of the selected sites must be
supplied by the user. Each optimization is done in two stages, where in the first stage the sim-
plex is centered around the supplied starting point, while in the second stage the simplex is
centered around the optimum of the first stage. Each stage consists of multiple starts, with dif-
ferent simplex sizes and orientations. If the range of log likelihoods for every point in the sim-
plex falls below a certain threshold, or if four shrinkage transformations occur in a row, then
that search is stopped and the optimum of the simplex is taken to be the optimum of that
search. In the first stage, the search is stopped if the range falls below 5 and it falls below a quar-
ter of the initial simplex range. In the second stage, the search is stopped if the range falls
below 0.1 and it falls below one 20th of the initial simplex range.

An iterative multi-locus model selection procedure

We developed, tested, and implemented an iterative procedure for fitting a multi-locus selec-
tion model to genotype data from admixed populations (Fig 2). Our method begins by identi-
fying a set of potential selected sites using Ancestry_ HMM-S [43], and applying basic local-
optimum selection approaches to remove trivially close positions that may correspond to a sin-
gle selected allele. We expect that even basic local-ancestry outlier analysis [51,52] might be
sufficient for generating a set of candidate positions, but we do not evaluate alternatives here.
We then sort the list of candidate selected sites by decreasing likelihood ratio. In the first itera-
tion, we test the site with the highest likelihood ratio as a single site selection model against a
null model consisting of a neutral admixture with similar demographic parameters. In each
subsequent iteration, we add one additional selected position, constructing an alternative
model that we test against the model obtained from the previous iteration.

Our method makes simplifying assumptions about the admixed and ancestral populations
that may make it unsuitable for common model selection methods such as the Bayesian infor-
mation criterion or the Akaike information criterion (S2 Fig) [53,54]. Instead, to obtain the
expected distribution of likelihood ratios under the null model, we perform simulations of
populations with selected positions that match this model, and we simulate the sampling of
reads from these populations. Simulations under the null model show that population size is a
contributor to additional variation not captured by the theoretically expected distribution
(S2 Fig), and we expect that other unmodelled components may also affect inferences. On
these simulated reads expected from the null model, we fit both the null model, and an alterna-
tive model which includes the same sites as the null but additionally includes the next site in
our sorted list of candidate selected positions, and we note the likelihood ratio between these
two estimated models. Essentially, evidence for selection at each site is evaluated in the context
of all previously estimated selected sites. When an alternative model exceeds the 95th percen-
tile of the simulated null model likelihood ratio distribution, we accept that position and this
new multi-locus selection model becomes the null model in the next iteration. If a given posi-
tion does not exceed the significance threshold, we discard it and attempt the same procedure
with the next candidate position against the same null model. The procedure terminates once
we have either accepted or rejected every candidate selected site (Fig 2). We use this same tech-
nique of simulating populations to obtain a null distribution for all of our verifications and
applications below.

Verification and comparison
Model validation with forward simulations

To evaluate our method over a large variety of plausible introgression scenarios, we performed
forward simulations. In each of our simulations, a diploid population received a single
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Fig 2. An example of our model selection procedure with four candidate selected positions. On the left, each panel shows the estimated
local ancestry proportion within the admixed population (black). On the right, each panel shows the distribution of log likelihood ratios
between the alternative and the null model on simulations of the null model (black), and on the underlying data (blue). In the first iteration
(top), we test a single site selection model (blue) against a neutral null model (orange). We then test a two-site selection model (blue, second
row) against the previous single site selection model which is now the null model (orange, second row). In the third iteration, we test a three-
site selection model (blue, third row) against the two-site selection model from the second iteration (orange, third row). Finally, in testing a
four-site selection model (blue, bottom), the likelihood ratio (blue, bottom right) does not exceed the 95th percentile of null simulations (black
line, bottom right) of the previously selected three-site model (orange, bottom). The method terminates and accepts the three-site selection
model obtained in the third iteration. In each panel, vertical gray lines indicate the positions of selected sites in the alternative model
considered.

https://doi.org/10.1371/journal.pgen.1011062.9g002

admixture pulse from another population carrying at least one selected allele, producing a
large admixed population (# = 10000, unless stated otherwise). As in prior work [43-45], we
first used the coalescent simulation program MaCS [55] to create the genotype data for unad-
mixed individuals. We simulated the local ancestry along the genome of admixed samples
using SELAM [56]. This procedure is described in detail in prior work [44,45]. For each popu-
lation and selection scenario, we simulated 20 admixture events that aligned with the null
model and 20 that aligned with the alternative model. We used GNU parallel to run many
batches of simulations at once [57]. We sampled 75 diploid individuals from each of these sim-
ulations, except in the simulations of the D. melanogaster and P. italiae populations below,
where we sample the same number of individuals from our simulation as we have sampled
from the population, which were 44 and 31 respectively.
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Fig 3. Performance of our method in detecting two nearby selected sites. We evaluated AHMM-MLS in its ability to distinguish
between the presence of two nearby sites under selection and the presence of a single site under selection. We ran simulations with
varying minor ancestry fractions (0.05, 0.1, 0.2, and 0.5 from left to right), times since admixture (100-1000 generations), and distances
between selected positions (0.005, 0.01, 0.02 and 0.05 Morgans, from top to bottom). In each simulation, the selection coefficient of both
sites was 0.01. There were a total of 64 different combinations of demographic and selection model parameters. We also ran null model
simulations, where there was only a single site under selection introduced in the admixture event, to establish a null model distribution.
The points on the lines indicate the proportion of two site simulations in which the single site null model was correctly rejected.

https://doi.org/10.1371/journal.pgen.1011062.9003

In evaluating performance with simulated data, we found that our method could accurately
distinguish between a single selected site and two nearby selected sites over varying population
parameters (Fig 3). We varied the time since admixture ¢ from 100 to 1000 generations, the
admixture proportion from 0.05 to 0.5, and the distance in Morgans between the selected sites
from 0.005 to 0.05. We found that one and two site selection models are easier to distinguish
as tincreases, and as the distance between the sites increases. This is because the selected posi-
tions have more time to rise in allele frequency and be broken up into separate haplotypes.
Our method could also accurately predict the location of the two nearby sites (S3 Fig), when
the number of generations is high enough (¢ = 500). The accuracy of the predicted locations
was not affected by the distance between the sites (S3 Fig). In most cases, our method per-
formed better as the time since admixture increased, and as the strength of selection increased.

We found that optimizing in the correct model space (e.g., with the correct number of
selected alleles) gave more accurate predictions of the selection coefficients and of the positions
of the sites under selection. We tested the prediction of selection coefficients in simulations
where we varied the selection coefficients of the selected sites s from 0.005 to 0.05, and the
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Fig 4. Comparing the inferred selection coefficients between single site and two site models. We evaluated the estimated selection
coefficients when using two different models to approach the same data. We ran simulations with varying selection coefficients (0.005, 0.01,
and 0.05 from top to bottom) and distances between selected positions (0.005, 0.01, 0.02 and 0.05 Morgans, from left to right). On each
simulation we fit a two-site model and a single site model. The dark blue and the light blue dots indicate the inferred selection coefficients of
the two sites in the two-site model, while the yellow dots are the inferred selection coefficients of the single site model. The horizontal black
lines indicate the simulated selection coefficients.

https://doi.org/10.1371/journal.pgen.1011062.9004

distance in Morgans between the selected sites from 0.005 and 0.05. In most simulated scenar-
ios, the selection coefficient was considerably overestimated if only a single selected site was
fit, as the effects of linkage between selected sites were not considered. This effect was most
prominent when the two simulated sites were closer to each other and when their selection
was strong (Fig 4).

Our method could also distinguish between dominant selective pressure and additive selec-
tive pressure in certain admixture and selection scenarios (54 Fig), although this was much
more sensitive to the demographic parameters. We also obtained more accurate estimated
selection coefficients in simulations including dominance when we model that site as having
dominant, rather than additive, fitness effects (S5 Fig). For relatively recent admixture events
(t=100) and lower selection coefficients (s < 0.02), this effect was most prominent, with the
selection coefficients overestimated by nearly 100% when optimizing an additive model on
simulations of a site under dominant selection. However, our method generally performs
poorly in inferring dominance (S4 Fig), and we caution against strong interpretation of results
obtained from this approach.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023

10/27


https://doi.org/10.1371/journal.pgen.1011062.g004
https://doi.org/10.1371/journal.pgen.1011062

PLOS GENETICS Inferring multi-locus selection in admixed populations

dist =0.01 dist = 0.01 dist = 0.02 dist =0.02
sites =3 sites =4 sites = 3 sites =4

1.00 1 . .

0.75 A a . .

0.50 - § . .

s =0.005

0.25 4 . . .

OOO T T T T T T T T T T T T

1.00 1 1 T ] ././I—I

0.75 - - - -

Proportion Correct

0.50 § . .

s =0.01

0.25 A a . .

0.00

T T T T T T T T T T T T T T T T
100 200 500 1000 100 200 500 1000 100 200 500 1000 100 200 500 1000
Admixture Time (Generations)

Fig 5. Performance of our method in detecting multiple nearby sites under selection. We evaluated the ability of AHMM-MLS to distinguish
three-site and four-site models from models with one fewer site. We ran simulations of admixed populations with an admixture proportion of 0.2,
and with varying selection coefficients (0.005, and 0.01 from top to bottom), distances between selected positions (0.01 Morgans for the two columns
on the left, and 0.02 Morgans for the two panels on the right), number of introgressed selected sites (three for the first and third columns, four for the
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models, where the null model had one fewer selected site. The points on the lines indicate the proportion of alternative model simulations in which
the null model was correctly rejected.

https://doi.org/10.1371/journal.pgen.1011062.g005

AHMM-MLS could accurately determine the number of linked sites under selection
(Fig 5). In simulations, we varied the number of sites to be tested (3 to 4), the distance between
the sites (1 to 2 centimorgans), the selection coefficients of the introduced sites (s = 0.005 to
5=0.01) and the number of generations since the admixture pulse (¢ = 100 to t = 1000). The
simulated populations were the result of an introgression event where the minor population
(m = 0.2) introduced multiple alleles spaced 1 to 2 centimorgans apart undergoing positive
additive selection. For simulations where the time since the admixture pulse was around 500
generations or more, we could reliably estimate the correct number of sites. This implies that
our method will be appropriate for many admixed populations including the population of
sub-Saharan D. melanogaster, and the population of P. italiae that we consider below, but that
caution is warranted for application to recently admixed populations with moderately weak
selection.

Effect of small population size

For relatively moderate or long times since admixture (such as our default 500 generations)
and with moderate selection coefficients (s = 0.005-0.05), our method starts to perform poorly
when the effective population size of the admixed population drops below 2000 individuals

(S1 Fig). We ran forward simulations of admixed populations with various numbers of
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individuals, and found that the ability to distinguish between two-site and single site models
was severely limited once the number of individuals dropped below 2000 (S1A Fig). The accu-
racy of the inferred locations and selection coefficients of the two simulated sites were also
hampered when the number of individuals was below 2000 (S1B and S1C Fig). This is because
our method assumes an infinite population size, with no genetic drift, and when populations
are too small and admixture is relatively ancient, this assumption will produce suboptimal
results. This may be an issue when studying ancient human populations, as these populations
tend to have a low effective population size, although some estimates for the effective popula-
tion size of the Eurasian population that admixed with Neanderthals place it right at the edge
of what our program can handle (Ne = 2,100) [58]. For larger admixed populations, such as e.
g, some species of Heliconius butterflies (Ne = 792,000) [59], we expect the population size to
be large enough for the effects to be negligible.

Likelihood approximation

To reduce the time taken to optimize each proposed model, we only calculate the effects of a
selected site on the transition probabilities between two ancestry informative sites if those sites
are less than a specified distance from the selected site (with a default of 2 centimorgans).
When this distance is smaller than the distance between two sites, and those sites have a strong
selection (e.g., selection coefficient of 0.05), then the selection coefficients for these sites can be
overestimated (56 Fig). We recommend increasing this distance when estimating models with
strong selection. We also only calculate the transition probabilities between every k-th pair of
adjacent ancestry informative sites, as an adjustable parameter (default of 4). We found that
calculating the transition probabilities for only every k-th pair of adjacent ancestry informative
sites does not affect the inference of selection coefficients when k is relatively small. If the local
ancestry must be decoded for a given MLS model, then we calculate the effects of sites through-
out the entire chromosome. This can be costly, as the size of the matrix M is exponential with
respect to the number of sites on each tracked haplotype, so we don’t recommend doing this
for models with more than 6 sites. We instead recommend that users split the model into
pieces with sites that are decently separated, as we have done with chromosome 3R of D. mela-
nogaster below.

Robustness to demographic model misspecification

We ran simulations of two nearby selected sites and, in different simulations, we misspecified
both the time since admixture and the admixture fraction by factors of 0.5, 0.8, 1.2, and 2. As
the true time since admixture increased, our method was generally more robust to time mis-
specification. When the true time since admixture was 500 generations or higher, misspecify-
ing by a factor of 0.5 or 2 produced only small effects for the ability of AHMM_MLS to
correctly support the alternative model (S7 Fig). The estimated strength of selection was
affected when the true time since admixture was small (¢ = 100), with most estimated selection
coefficients being off by more than 50% (S8 Fig). This effect decreased as the true time since
admixture increases to 500 or 1000, where most estimated selection coefficients had an error
less than 30%. When the true admixture fraction was relatively small (m < 0.2), our method
was not strongly impacted by misspecifications of the admixture fraction by a factor of 0.5 or 2
(S9 Fig).

Robustness to recombination map misspecification

Recombination occurring between linked selected sites allows us to discern their individual
effects, and recombination around a selected site allows us to infer its location and strength. As
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such, a misspecified recombination map may confound our method’s ability to infer the num-
ber of selected positions and their selection parameters. To address these potential confound-
ing effects, we ran simulations of two cases of recombination map misspecification.

In both of these cases we ran simulations of populations which admixed 500 generations
ago, with an admixture proportion of 0.2, with a two-site or a single site selection model, and
used our method to discriminate between these two scenarios. In the first case, we scaled the
provided recombination rate in 100kb regions by varying amounts, to test the effect of a
recombination map with high error rates. We found that our method was robust to these
errors in simulations of two-site versus single site tests. Even when the error rates of the
recombination maps were up to 75%, the two scenarios were accurately discriminated, and the
location and selection coefficients were accurately inferred (S10 Fig). In the second case, we
simulated cases where the recombination map had systematic correlated errors. We tested this
by scaling the entire recombination map by a varying scalar, in simulations like those just
described. We found that we could still accurately discriminate between the two cases, even
with the recombination map scaled by up to 2 times the simulated rate (S11 Fig). The locations
were accurately confirmed but the selection coefficients had some bias. When the map was
scaled by 2x, the selection coefficients were inferred to be about 150% of their simulated values,
and when the map was scaled by 0.5x, they were about 75% of their simulated values.

Recurrent migration and selection on a cline

Our method assumes that the admixed population is the result of a single admixture pulse hap-
pening at some point in the past, and that the resulting admixed population receives no subse-
quent migration after that pulse. These assumptions may be difficult to meet, so we explored
the effects of applying our tools to two simulated cases that break these assumptions. In both
cases, we tested our method’s ability to distinguish between the presence of two selected posi-
tions and a single selected position. In the first case, we simulated ancestry on a cline, where
we sample the center of the cline at various times after initial hybridization (¢ = 100, 200, 500,
1000) (S12 Fig). The clines were simulated as 20 sub-populations arranged on a line, with half
of the subpopulations originating from one ancestral population and the other half from
another. These sub-populations had a migration rate of 5% per generation between adjacent
sub-populations. We found that our method could detect the two selected positions as well as
their locations once 500 generations had passed since initial hybridization. However, even
after 500 generations, the selection coefficients were still generally underestimated. In the sec-
ond case, we explored the effects of recurrent migration. We simulated populations with our
standard demographic parameters, 500 generations since admixture and an admixture fraction
of 0.2, with varying amounts of migration from the ancestral populations into the admixed
population (S13 Fig). We found that migration rates of greater than 0.0005 per generation
tended to confound the signal of two-locus selection, and biased the estimation of selection
coefficients.

Effect of epistatic interactions between loci

Our method does not model epistatic interactions, which occur frequently in admixed popula-
tions. To investigate how our method reacts to epistatic interactions, we simulated simple
cases of epistasis between two distant loci on a single chromosome. These populations were
the result of an admixture event occurring 500 generations ago, with an admixture proportion
of 0.5, and we simulated recessive epistasis with a strength of s = 0.05 and s = 0.1, and domi-
nant epistasis with a strength of s = 0.01 and s = 0.05. We used our method to fit a model
including both of these sites, and inferred their selection coefficients as well as their locations.
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Unsurprisingly, the selection coefficients were underestimated, as our method is treating these
sites as independent selected positions (514 Fig), but the locations were still accurate. Our
method infers that one of the sites is positively selected, while the other one is negatively
selected, and cannot discern the interaction between them.

Applications
Multi-locus selection in Drosophila melanogaster

In order to investigate the potential impacts of interference between linked sites on inferences
of natural selection in real data, we applied our method to chromosome 3R of an admixed pop-
ulation of Drosophila melanogaster from South Africa. This population shows signals of admix-
ture which have been noted in previous studies [44,45,60]. The admixture history is consistent
with a one-pulse model, with admixture parameters that suggest that this population is suitable
for our program [45]. In a previous study, we found evidence that chromosome 3R may con-
tain multiple nearby selected alleles [43]. This study had found 13 putative sites under selection
on 3R, most of which were fewer than 5 centimorgans away from another selected site. Here
we fit models with multiple nearby selected positions, to determine whether and to what extent
interference may have impacted our prior estimates of the number of selected sites and their
selection coefficients. We used publicly available datasets of D. melanogaster collected from
South Africa [61]. In a previous study, the data was prepared so that it could be analyzed by
the AHMM programs [43]. This included removing the known large chromosomal inversions
found on some of the chromosome arms [60,62,63]. We used a publicly available fine-scale
recombination map of chromosome 3R [64]. However, we note that differences in the
assumed map and the true recombination rates in this population may impact the accuracy of
inferences we obtained here. We used the FlyBase sequence coordinates converter to convert
assembly 5 base pair coordinates to assembly 6 [65].

Obtaining a demographic model

We first used AHMM [44] on chromosome arm 3L of this population of D. melanogaster, to
estimate a demographic model for this population. This is the other arm on chromosome 3,
opposing the arm 3R, and it showed no evidence for the presence of alleles that experienced
strong positive selection during admixture [43]. We inferred the admixture fraction and
admixture time, obtaining values (# = 0.138 and t = 466) similar to what we obtained in prior
work, which inferred these parameters on 3R directly [45], but we note that here the admixture
fraction is slightly lower and the number of generations since admixture is slightly higher.
Both differences are consistent with the notion that the presence of selected positions along
other chromosome arms may have slightly impacted our prior demographic modeling efforts
[44]. We do not account for other forms of selection that may be present, such as background
selection, but the demographic inference method is generally robust to a large range of weak
selection effects [44]. This supplied an estimated demographic history that we used as a base-
line in our models of selection.

Identifying candidate selected positions

We ran AHMMS-S [43] to evaluate evidence for positive selection for cosmopolitan ancestry
along chromosome arm 3R (Fig 6). This program evaluates a neutral model and optimizes an
additive selection model and outputs the likelihoods for each. At each position, we recorded
the log likelihood ratio between each model. To identify local optima, we performed a simple
peak finding algorithm, where we recorded each site that had the highest maximum likelihood
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Fig 6. Candidate selected positions on chromosome 3R of D. melanogaster. Chromosome 3R of D. melanogaster shows signs of
many nearby selected sites that are in close linkage. The likelihood ratio outputs of AHMMS-S, which test each site for additive
selection using a single selected site model, indicate high variation in models of natural selection (blue). Using a simple peak finding
algorithm, we identified 17 sites that may be experiencing selection in this admixed population (yellow dots).

https://doi.org/10.1371/journal.pgen.1011062.9g006

of the nearest 1,400 sampled sites and a log likelihood ratio above 15. This gave us 17 candidate
selected positions to examine, which we ordered by decreasing likelihood ratio. We then
applied the iterative procedure described above to produce a multi-locus selection model, fix-
ing the position of each selected position and optimizing their selection coefficients under an
additive selection model. When performing simulations under the null model to determine
the expected likelihood ratio distributions, we used a population size of 10,000. This is proba-
bly smaller than the effective population size in natural D. melanogaster populations. Presum-
ably, because smaller populations are more impacted by drift, we expect that this will be a
conservative choice when evaluating evidence for positive selection in this natural population
(S2 Fig). If the true population size is larger in reality, additional candidate positions might
exceed the significance threshold, but the selection coefficients are not expected to change
substantially.

After applying the procedure to iteratively construct a model of multiple selected sites for
chromosome arm 3R, we identified 9 selected sites (Fig 7). We then fine-tuned the position of
these sites, and then re optimized the selection coefficients to arrive at our final model
(Table 1). Among the 9 sites included in the multi-locus model is the Ace locus on 3R, which
has common alleles that confer resistance to insecticides [66]. Our model does not include the
CHKovlI gene on 3R, which was also not recovered from our lab’s previous study [43], perhaps
because the variants responsible for infection resistance are thought to have been present in
both ancestral African populations [67,68]. Comparing our model to our previous approach
that treated each site as a separate hypothesis test, we found that selection coefficients on 3R
may have been overestimated. Indeed, the selection coefficients estimated by AHMM-S were
up to 49% higher than those found by our method (Table 1). Presumably this occurs because
each positively selected site is hitchhiking to an extent on linked positively selected sites,
thereby increasing their frequencies in aggregate to a larger degree than would be expected
given the same selection coefficient at an isolated selected position. This effect would also con-
found other methods to estimate the selection coefficient, such as those based on excess of
local ancestry. We therefore conclude that linkage among selected positions has likely
impacted analyses of selection during admixture. More generally, the tool we present in this
work is a useful approach for disentangling these potentially complex effects.

Additionally, we found that many positions that when analyzed individually are consistent
with positive selection on admixed ancestry, are no longer supported when we consider the
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Fig 7. The local ancestry (LA) expected from the model roughly follows the estimated local ancestry of the samples. Due to our method having a time
complexity that is exponential with respect to the number of sites, we only calculate these expected local ancestries for half of the chromosome arm at a time
(subdivided on the left and right). (A) The identified sites and their selection coefficients from our method (yellow) along with 14 out the 17 candidate
selected positions from AHMMS-S (blue). (B) The mean local ancestries from the samples (blue) and the local ancestries expected from the model (yellow).
(C) Error between the model’s predicted local ancestry and what we infer from the empirical data.

https://doi.org/10.1371/journal.pgen.1011062.9g007

effects of linkage between selected sites. Of the original 17 candidate sites we identified using
AHMMS-S, 8 were not included in the final model selected by our iterative procedure. As
might be expected, these 8 positions are primarily those with lower selection coefficients as
estimated by AHMM-S (Table 1). However, when analyzed individually using AHMM-S, we
found that each had a large likelihood ratio when comparing a single site selection model to a
neutral model (16.56-73.74, Table 1). Support for sites that are relatively distant from other
selected positions, such as the candidate site at 31371682 base pairs, were still impacted. This
result emphasizes the importance of evaluating multi-locus selection models to capture the
evolutionary dynamics of natural selection in admixed populations.

Application to Passer italiae

We applied our method to another admixed system to confirm its wide applicability to other
recombining admixed populations. This system is a population of Italian Sparrows (Passer ita-
liae), which is an admixed population with P. domesticus bactrianus and P. hispaniolensis
ancestry [69]. Importantly for our work, this population has a previously estimated
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Table 1. Comparison of selection coefficients inferred for selected sites by AHMM-MLS and AHMM-S.

Approximate base pair
position of selected site

7902645

10946217
12088137
13239296
14265104
15062567
15914622
17284518
18229524
19040446
20255076
20820785
22277138
23665629
25258231
27968043
31371682

Selection Coefficient Selection Coefficient Percentage AHMM-S AHMM-MLS Likelihood ratio
estimated by AHMM-MLS estimated by AHMM-S change likelihood ratio with respect to null model

Not supported 0.0073 37.22 8.17

0.0086 0.0093 8% 72.82 54.09

Not supported 0.0093 73.74 6.31

0.0102 0.0125 23% 144.50 97.56

Not supported 0.0071 40.13 0.03

0.0082 0.0122 49% 130.89 82.73

0.0090 0.0098 9% 93.24 56.21

Not supported 0.0090 72.46 23.26

0.0050 0.0056 12% 21.92 21.46

Not supported 0.0061 23.95 6.82

0.0078 0.0116 49% 89.97 107.26

0.0082 0.0122 48% 116.61 39.90

0.0066 0.0094 41% 71.90 31.61

0.0080 0.0088 10% 57.31 34.14

Not supported 0.0074 39.85 18.99

Not supported 0.0053 16.56 0.52

Not supported 0.0056 22.90 5.53

Table 1. Comparison of selection coefficients inferred for selected sites on 3R of South African D. melanogaster in AHMM-MLS and AHMM-S.

https://doi.org/10.1371/journal.pgen.1011062.t001

demographic history [70], and the ancestry tract length distribution in this population shows a
single peak, possibly consistent with a single pulse admixture (S15 Fig). We collected whole
genome resequencing data for 122 specimens of European sparrow (Passer domesticus bactria-
nus, P. italiae and P. hispaniolensis) from the SRA repository [69,70]. We then used the
SNParcher workflow [71] to generate a multi-sample VCF. In short, SNParcher trims the fastq
files using fastp and aligns the trimmed reads to the P. domesticus genome
(GCA_001700915.1) using BWA mem [72], duplicate reads are marked and removed using
sambamba [73] and a multisample VCF is produced using GATK [74]. Individuals used to
construct the parental panels were identified using ancestry estimates from Admixture analysis
by selecting the subset of individuals displaying nearly complete, 0.95 or greater, ancestry from
one of the two populations [75]. We obtained the admixed population by selecting the subset
of individuals with a very similar admixture fraction (0.25-0.31) (S1 Table). This is necessary
because samples in the whole dataset were taken across a geographic range and display differ-
ent ancestry fractions in some cases. For admixed panels we used a flat recombination rate of 2
centimorgan per Mbp. For null model simulations, we used MaCS [55] to simulate genotypes
for unadmixed individuals based on the demographic history of the parental species [70] using
the following command line:

macs 400 112673505 -t 0.00409 -r 0.00772 -1 2 200 200 0 -n 2 0.951 -en 0.0182 1 0.0144 -en
0.032710.327 -en 0.0293 2 0.541 -¢j 2.368 1 2 -en 2.368 2 0.0562

Similarly to the D. melanogaster population, we simulated admixed populations with an
effective population size of 10,000.

Many chromosomes show evidence of multiple sites under selection for P. domesticus bac-
trianus ancestry according to AHMM-S, making this a suitable system for use with our
method. In particular, chromosome 1 shows evidence of a few strong peaks in the likelihood
ratio, potentially indicating the presence of selected sites throughout the whole chromosome,
which may be in linkage with each other. Because we lacked a neutral chromosome arm on
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chromosome 1, we used AHMM [44] on the chromosomes 1 through 6 and 16 to infer the
demographic parameters of the admixed population. We chose these chromosomes for their
larger size, as smaller chromosomes may have recombination rates that differ from our
assumed uniform rate and could affect our demographic inference. We obtained values for the
admixture fraction and time since admixture that were suitable for our program (m = 0.322,
and t = 438).

Selection model choice for P. italiae

We carried out the same procedure for choosing and evaluating selected positions as we did
for D. melanogaster. Candidate selected positions on chromosome 1 were chosen using
AHMM-S, where positions with the highest maximum likelihood of the nearest 300 sites and a
log likelihood ratio above 40 were candidates (Fig 8). Even with a high log likelihood ratio cut-
off, most candidate positions were rejected by our iterative method. Of the 12 candidate posi-
tions, only 4 were identified in our multi-locus model (Fig 9). As was the case with the D.
melanogaster population, the selection coefficients of the candidate positions appear to have
been overestimated when fitting single site models using AHMM-S, when compared to the
multi-site model that account for linkage using AHMM-MLS (Table 2).

Caveats

Although our method provides a promising means for quantifying and investigating the
impacts of interference and natural selection in admixed populations, there are several impor-
tant caveats. First, the state space of multi-locus selection models is extraordinarily complex,
and there is no evaluation procedure that could exhaustively attempt all possibilities. For
example, even in the scenario that we considered for D. melanogaster with 17 candidate
selected positions, there are 2'7 (~130,000) possible sets of sites in multi-locus selection mod-
els. This is an intractable number of models to test, as the time taken to optimize a single
model with three sites can take 10 minutes on a single core with an M2 processor. The iterative
procedure we present is an appealing way to prioritize model space and we expect that it will
perform well in a variety of scenarios, but undoubtedly there are other plausible models that
we could not evaluate. Second, our approach will accommodate scenarios where there are a
modest set of loci of relatively large effect. However, some authors have proposed that the
aggregate effect of hundreds of weakly selected linked mutations might shape the landscape of
admixed ancestry in natural populations [9]. Our approach is not well suited to such scenarios

150 -

100 A

50 -

0 20 40 60 80 100
Position (Mbp)

Fig 8. Candidate selected positions for chromosome 1 of P. italiae. The maximum likelihood of a single site model fit for every
sampled position along the chromosome (blue), and the local maxima that we take to be candidate selected positions for our iterative
method (yellow dots).

https://doi.org/10.1371/journal.pgen.1011062.9008
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Fig 9. Local ancestry expected from our model follows broad peaks in the local ancestry inferred from the P. italiae population. (A) Selection coefficients
of sites identified using AHMM-S (blue) and AHMM-MLS (yellow). (B) Expected local ancestry proportion from multi-locus model (yellow) and the mean
local ancestry from the samples (blue). (C) Error between the model’s predicted local ancestry and what we infer from the empirical data.

https://doi.org/10.1371/journal.pgen.1011062.9g009

Table 2. Multi-locus model inferred for chromosome 1 of P. italiae.

Approximate base pair Selection Coefficient Selection Coefficient Percentage AHMM-S AHMM-MLS Likelihood ratio
position of selected site estimated by AHMM-MLS estimated by AHMM-S change likelihood ratio with respect to null model

14180647 Not supported 0.0093 59.15 28.15

18805566 Not supported 0.0080 40.89 18.57

29151015 Not supported 0.0095 48.19 19.63

33530452 0.0109 0.0122 12% 72.99 30.08

41695798 Not supported 0.0103 65.87 18.04

62650766 0.0090 0.0125 40% 77.39 39.83

72625209 Not supported 0.0095 50.29 25.33

86810201 0.0114 0.0200 76% 166.18 80.78

87850243 Not supported 0.0143 103.37 5.61

101300767 Not supported 0.0095 55.00 10.02

103066002 0.0075 0.0119 60% 72.80 40.68

104031022 Not supported 0.0111 71.13 4.21

Table 2. Comparison of selection coefficients inferred for selected sites on chromosome 1 of P. italiae with AHMM-MLS and AHMM-S.

https://doi.org/10.1371/journal.pgen.1011062.t002
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because each site is unlikely to reach significance in itself and because the time taken to com-
pute the expected transitions for each model is exponential with respect to the number of sites.
Third, our approach is also not suitable for populations with a small number of individuals
(Ne < 2000), or which were admixed recently (t < 200), except possibly if selection is very
strong (e.g., s > 0.025). We expect that AHMM-MLS will typically perform best with popula-
tions that are only somewhat genetically divergent and where strong selection affects the
dynamics of introduced alleles.

Conclusion

Admixture has the potential to simultaneously introduce multiple linked selected sites, but this
phenomenon is rarely addressed in empirical investigations. To meet this need, we created
AHMM-MLS. In validating our method over simulated data, we found that it could identify
multiple nearby selected sites, and estimate the selection coefficients better when the linkage
between these sites was accounted for. We found that our previous study of adaptive introgres-
sion on chromosome arm 3R of an admixed D. melanogaster population may have overesti-
mated the number and strength of selected sites along the chromosome. We similarly found
that failing to account for linkage may overestimate the number and strength of selected sites
in an admixed P. italiae population. Because divergent populations may introduce many
selected alleles at once, analyzing the effects of linkage between these sites is critical for under-
standing the evolutionary dynamics of admixed populations. We hope that our method can be
applied to the many examples of adaptive introgression that have already been identified, and
can better quantify cases where multiple advantageous sites have been introduced at once.

Supporting information

S1 Fig. Evaluating the effects of population size. We simulated populations with admixture
parameters m = 0.2 and ¢ = 500, in which the introgressing population brought in two selected
alleles with selection coefficients of 0.01. We also simulated null model cases in which only a
single selected allele with the same selection coefficient was introgressed. For each of these
population models, we simulated populations with varying numbers of individuals,

(Ne = 100000, Ne = 10000, 5000, 2000, 1000, and 500 from left to right). (A) The proportion of
two site simulations in which the number of sites was correctly estimated. (B) The position in
Morgans of the two inferred selected sites (blue) and the simulated positions (black lines). The
x-axis is the position of the first selected position, and the y-axis is the position of the second
selected position. Each blue dot corresponds to fitting two sites on a single simulation. Both
axes have been translated so that the simulated position is at 0 Morgans. (C) The inferred
selection coefficients of the two sites (dark and light blue), and the simulated selection coeffi-
cients (black).

(EPS)

S2 Fig. Finite populations skew the likelihood ratio distributions. We simulated 50 neutral
admixed populations with admixture parameters m = 0.2, t = 500, and varying population
sizes. On each simulation we fit a neutral model and we fit the selection coefficient of a single
selected site with the location and dominance coefficient fixed. The swarm plots show the log
likelihood ratio between these two models, as well as the theoretically expected chi-squared
distribution when fitting a single parameter. Our model assumes an infinite population, so as
the simulated population grows larger, the log likelihood ratio distribution more closely
matches the theoretically expected distribution. We note that the finite population size does
not fully account for the disconnect between the simulated distributions and the theoretical
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distribution.
(EPS)

S3 Fig. Accuracy of the estimated positions of two selected sites. Each simulated chromo-
some was the result of an admixture event where m = 0.2, and the minor population intro-
duced two nearby sites under positive additive selection with a selection coefficient of 0.01. For
each of the 16 graphs, we ran 20 simulations which share the same distance between selected
sites (0.005, 0.01, 0.02 and 0.05 Morgans, from top to bottom) and time since the admixture
pulse (100, 200, 500, and 1000 generations). On the x-axis and y-axis are the locations of the
selected sites on the chromosome in Morgans. The black lines going through the graphs are
the true locations of the simulated sites.

(EPS)

S4 Fig. For strongly selected positions, AHMM_MLS can distinguish between selected sites
under dominant vs additive selection. Much like the simulations with two sites, we simulated
64 different introgression and selection scenarios, in which the introgressing population con-
tributed a positively selected allele. We varied the minor ancestry fractions (0.05, 0.1, 0.2, and
0.5 from left to right), times since admixture (100-1000 generations), and selection coefficients
(0.005, 0.01, 0.02 and 0.05, from top to bottom). For each introgression scenario, we ran null
model simulations where the site had additive selection, and alternative model simulations
where the site had dominant selection. The points on the line show the proportion of alterna-
tive model simulations in which the null model was correctly rejected.

(EPS)

S5 Fig. Fitting a dominant selection model on simulations of dominant selection gives
more accurate inferred selection coefficients. We inferred the selection coefficients of
selected sites for the same simulations from S4 Fig. The selection coefficients inferred when fit-
ting a dominant model (blue, & = 1) are much closer to the simulated value (black line) than
those coefficients inferred when fitting an additive model (yellow, h = 0.5).

(EPS)

S6 Fig. Speed ups employed in our method can affect the inference of strong selected sites
that are far away. We simulated an admixed population with two sites under selection, 0.05
Morgans apart, in which both had a selection coefficient of either 0.01 (top panels), or 0.05
(bottom panels). On these simulations we fit a two site model with different speed up parame-
ters in place. In light and dark blue are the inferred selection coefficients, and the black lines
indicate the simulated selection coefficients. We altered the number of pairs of adjacent sam-
pled sites that we skipped in the transition rate calculation, k, and found that it had very little
effect. We also altered the radius around each site in the model where we account for the effect
of that site (R = 0.1 Morgans, on the left panels, and R = 0.02, on the right panels) and found
that for large selection coefficients a radius large enough to encompass both sites is required
for accurate inference.

(EPS)

S7 Fig. Evaluating the effects of misspecifying the time since admixture when comparing
two site and single site models. We misspecified the time since admixture by a certain factor
from the true simulated time when analyzing simulations with a single site under additive
selection or two sites under additive selection. For the simulations with two selected sites, they
were placed one centimorgan apart. In every simulation, the sites had a selection coefficient of
0.01, and an admixture proportion of m = 0.2. We varied the time since admixture from 100 to
1000 generations since admixture (left to right), and misspecified this time in our
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AHMM_MLS models by a factor of 0.5 to 2. The points on the lines indicate the proportion of
two site simulations in which the single site null model was correctly rejected.
(EPS)

S8 Fig. Comparing the inferred selection coefficients when misspecifying the time since
admixture. We compared the inferred selection coefficients versus the simulated selection
coefficients for the two site simulations from S7 Fig. In blue we show the inferred selection
coefficients for one of the two sites, and in yellow we show the other. The black line indicates
the simulated selection coefficients of both sites.

(EPS)

S9 Fig. Evaluating the effects of misspecifying the admixture fraction when comparing two
site and single site models. We misspecified the admixture fraction by a certain factor from
the true simulated fraction when analyzing simulations with a single site under additive selec-
tion or two sites under additive selection. For the simulations with two selected sites, they were
placed one centimorgan apart. In every simulation, the sites had a selection coefficient of 0.01,
and the time since admixture was 400 generations. We varied the admixture fraction from
0.05 to 0.4, and misspecified this fraction in our AHMM_MLS models by a factor of 0.5 to 2.
The points on the lines indicate the proportion of two site simulations in which the single site
null model was correctly rejected.

(EPS)

S10 Fig. Effects of uncorrelated recombination map errors. We simulated populations with
the same demographic and selection parameters as those in the population size effect simula-
tions. We provided a misspecified recombination map to our method in which each 100kb
region was scaled by a random scalar from the range found above each column. (A) The pro-
portion of two site simulations in which the number of sites was correctly estimated. (B) The
position in Morgans of the two inferred selected sites (blue) and the simulated positions (black
lines). The x-axis is the position of the first selected position, and the y-axis is the position of
the second selected position. Each blue dot corresponds to fitting two sites on a single simula-
tion. Both axes have been translated so that the simulated position is at 0 Morgans. (C) The
inferred selection coefficients of the two sites (dark and light blue), and the simulated selection
coefficients (black).

(EPS)

S11 Fig. Effects of correlated recombination map errors. We simulated populations with the
same demographic and selection parameters as those in the population size effect simulations.
We provided a misspecified recombination map to our method which was scaled by the scalar
found above each column. (A) The proportion of two site simulations in which the number of
sites was correctly estimated. (B) The position in Morgans of the two inferred selected sites
(blue) and the simulated positions (black lines). The x-axis is the position of the first selected
position, and the y-axis is the position of the second selected position. Each blue dot corre-
sponds to fitting two sites on a single simulation. Both axes have been translated so that the
simulated position is at 0 Morgans. (C) The inferred selection coefficients of the two sites
(dark and light blue), and the simulated selection coefficients (black).

(EPS)

S12 Fig. Estimating parameters of selection on clinal hybrids. We simulated two-site selec-
tion acting on hybrids in a cline, and used our method to distinguish between two-site and sin-
gle site selection. In each column, we vary the number of generations since initial
hybridization after which we sample the population. These values are found at the top of each
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column. (A) The proportion of two-site simulations in which the number of sites was correctly
estimated. (B) The position in Morgans of the two inferred selected sites (blue) and the simu-
lated positions (black lines). The x-axis is the position of the first selected position, and the y-
axis is the position of the second selected position. Each blue dot corresponds to fitting two
sites on a single simulation. Both axes have been translated so that the simulated position is at
0 Morgans. (C) The inferred selection coefficients of the two sites (dark and light blue), and
the simulated selection coefficients (black).

(EPS)

S13 Fig. Effects of recurrent migration. We simulated two-locus selection in populations
which received recurrent migration from the ancestral populations at varying rates per genera-
tion (top of each column). Each population had an admixture fraction of 0.2 and was sampled
500 generations after admixture. (A) The proportion of two site simulations in which the num-
ber of sites was correctly estimated. (B) The position in Morgans of the two inferred selected
sites (blue) and the simulated positions (black lines). The x-axis is the position of the first
selected position, and the y-axis is the position of the second selected position. Each blue dot
corresponds to fitting two sites on a single simulation. Both axes have been translated so that
the simulated position is at 0 Morgans. (C) The inferred selection coefficients of the two sites
(dark and light blue), and the simulated selection coefficients (black).

(EPS)

S14 Fig. Inference on epistatic loci. We simulated populations with two loci with a dominant
or recessive epistatic interaction with varying selection coefficients (top of each column). Each
population had an admixture fraction of 0.5 and was sampled 500 generations after admixture.
(A) The position in Morgans of the two inferred selected sites (blue) and the simulated posi-
tions (black lines). The x-axis is the position of the first selected position, and the y-axis is the
position of the second selected position. Each blue dot corresponds to fitting two sites on a sin-
gle simulation. Both axes have been translated so that the simulated position is at 0 Morgans.
(B) The inferred selection coefficients of the two sites (dark and light blue).

(EPS)

S$15 Fig. Distribution of ancestral tract lengths in P. italiae. Probability density estimation
of lengths of tracts of contiguous ancestry in P. italiae samples from chromosomes 1, 2, 3, 4, 5,
6, and 16. The tract lengths were inferred from the Viterbi decoding of a neutral model using
AHMM.

(EPS)

S1 Table. Passer samples and their original projects.
(DOCX)

Acknowledgments

We thank all members of the Corbett-Detig lab. We thank in particular Jesper Svedberg, Jakob
McBroome, and Rasmus Nielsen for helpful feedback and discussion.

Author Contributions
Conceptualization: Russell Corbett-Detig.
Data curation: Nicolas M. Ayala, Maximilian Genetti.

Formal analysis: Nicolas M. Ayala.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023 23/27


http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011062.s013
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011062.s014
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011062.s015
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011062.s016
https://doi.org/10.1371/journal.pgen.1011062

PLOS GENETICS

Inferring multi-locus selection in admixed populations

Funding acquisition: Russell Corbett-Detig.

Investigation: Nicolas M. Ayala.

Methodology: Nicolas M. Ayala, Russell Corbett-Detig.

Project administration: Russell Corbett-Detig.

Resources: Russell Corbett-Detig.

Software: Nicolas M. Ayala.

Supervision: Russell Corbett-Detig.

Validation: Nicolas M. Ayala.

Visualization: Nicolas M. Ayala.

Writing - original draft: Nicolas M. Ayala, Maximilian Genetti, Russell Corbett-Detig.

Writing - review & editing: Nicolas M. Ayala, Maximilian Genetti, Russell Corbett-Detig.

References

1. Barton NH. The role of hybridization in evolution. Mol Ecol. 2001; 10: 551-568. https://doi.org/10.1046/j.
1365-294x.2001.01216.x PMID: 11298968

2. Evolution: Replacing Genes and Traits through Hybridization. Curr Biol. 2009; 19: R119-R122. https://
doi.org/10.1016/j.cub.2008.12.016 PMID: 19211049

3. Hedrick PW. Adaptive introgression in animals: examples and comparison to new mutation and stand-
ing variation as sources of adaptive variation. Mol Ecol. 2013; 22: 4606—4618. https://doi.org/10.1111/
mec.12415 PMID: 23906376

4. Whitney KD, Randell RA, Rieseberg LH. Adaptive introgression of herbivore resistance traits in the
weedy sunflower Helianthus annuus. Am Nat. 2006; 167: 794-807. https://doi.org/10.1086/504606
PMID: 16649157

5. Oziolor EM, Reid NM, Yair S, Lee KM, Guberman VerPloeg S, Bruns PC, et al. Adaptive introgression
enables evolutionary rescue from extreme environmental pollution. Science. 2019; 364: 455-457.
https://doi.org/10.1126/science.aav4155 PMID: 31048485

6. Racimo F, Gokhman D, Fumagalli M, Ko A, Hansen T, Moltke |, et al. Archaic Adaptive Introgression in
TBX15/WARS2. Mol Biol Evol. 2017; 34: 509-524. https://doi.org/10.1093/molbev/msw283 PMID:
28007980

7. Huerta-Sanchez E, Jin X, Asan, Bianba Z, Peter BM, Vinckenbosch N, et al. Altitude adaptation in Tibet-
ans caused by introgression of Denisovan-like DNA. Nature. 2014; 512: 194-197. https://doi.org/10.
1038/nature13408 PMID: 25043035

8. Sankararaman S, Mallick S, Dannemann M, Priifer K, Kelso J, Pdabo S, et al. The genomic landscape
of Neanderthal ancestry in present-day humans. Nature. 2014; 507: 354—357. https://doi.org/10.1038/
nature12961 PMID: 24476815

9. Harris K, Nielsen R. The Genetic Cost of Neanderthal Introgression. Genetics. 2016; 203: 881-891.
https://doi.org/10.1534/genetics.116.186890 PMID: 27038113

10. Schumer M, Cui R, Powell DL, Dresner R, Rosenthal GG, Andolfatto P. High-resolution mapping
reveals hundreds of genetic incompatibilities in hybridizing fish species. Elife. 2014;3. https://doi.org/10.
7554/eLife.02535 PMID: 24898754

11.  Kruuk LE, Baird SJ, Gale KS, Barton NH. A comparison of multilocus clines maintained by environmen-
tal adaptation or by selection against hybrids. Genetics. 1999; 153: 1959-1971. https://doi.org/10.1093/
genetics/153.4.1959 PMID: 10581299

12. Slatkin M. Gene flow and selection in a two-locus system. Genetics. 1975; 81: 787-802. hitps://doi.org/
10.1093/genetics/81.4.787 PMID: 1213276

13. Barton NH. Multilocus clines. Evolution. 1983; 37: 454—471. https://doi.org/10.1111/].1558-5646.1983.
tb05563.x PMID: 28563316

14. Birger R, Akerman A. The effects of linkage and gene flow on local adaptation: a two-locus continent-
island model. Theor Popul Biol. 2011; 80: 272-288. https://doi.org/10.1016/j.tpb.2011.07.002 PMID:
21801739

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023 24/27


https://doi.org/10.1046/j.1365-294x.2001.01216.x
https://doi.org/10.1046/j.1365-294x.2001.01216.x
http://www.ncbi.nlm.nih.gov/pubmed/11298968
https://doi.org/10.1016/j.cub.2008.12.016
https://doi.org/10.1016/j.cub.2008.12.016
http://www.ncbi.nlm.nih.gov/pubmed/19211049
https://doi.org/10.1111/mec.12415
https://doi.org/10.1111/mec.12415
http://www.ncbi.nlm.nih.gov/pubmed/23906376
https://doi.org/10.1086/504606
http://www.ncbi.nlm.nih.gov/pubmed/16649157
https://doi.org/10.1126/science.aav4155
http://www.ncbi.nlm.nih.gov/pubmed/31048485
https://doi.org/10.1093/molbev/msw283
http://www.ncbi.nlm.nih.gov/pubmed/28007980
https://doi.org/10.1038/nature13408
https://doi.org/10.1038/nature13408
http://www.ncbi.nlm.nih.gov/pubmed/25043035
https://doi.org/10.1038/nature12961
https://doi.org/10.1038/nature12961
http://www.ncbi.nlm.nih.gov/pubmed/24476815
https://doi.org/10.1534/genetics.116.186890
http://www.ncbi.nlm.nih.gov/pubmed/27038113
https://doi.org/10.7554/eLife.02535
https://doi.org/10.7554/eLife.02535
http://www.ncbi.nlm.nih.gov/pubmed/24898754
https://doi.org/10.1093/genetics/153.4.1959
https://doi.org/10.1093/genetics/153.4.1959
http://www.ncbi.nlm.nih.gov/pubmed/10581299
https://doi.org/10.1093/genetics/81.4.787
https://doi.org/10.1093/genetics/81.4.787
http://www.ncbi.nlm.nih.gov/pubmed/1213276
https://doi.org/10.1111/j.1558-5646.1983.tb05563.x
https://doi.org/10.1111/j.1558-5646.1983.tb05563.x
http://www.ncbi.nlm.nih.gov/pubmed/28563316
https://doi.org/10.1016/j.tpb.2011.07.002
http://www.ncbi.nlm.nih.gov/pubmed/21801739
https://doi.org/10.1371/journal.pgen.1011062

PLOS GENETICS

Inferring multi-locus selection in admixed populations

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Aeschbacher S, Birger R. The effect of linkage on establishment and survival of locally beneficial muta-
tions. Genetics. 2014; 197: 317-336. https://doi.org/10.1534/genetics.114.163477 PMID: 24610861

Pontz M, Birrger R. The effects of epistasis and linkage on the invasion of locally beneficial mutations
and the evolution of genomic islands. Theor Popul Biol. 2022; 144: 49-69. https://doi.org/10.1016/j.tpb.
2022.01.004 PMID: 35124094

Yeaman S, Aeschbacher S, Birger R. The evolution of genomic islands by increased establishment
probability of linked alleles. Mol Ecol. 2016; 25: 2542—2558. https://doi.org/10.1111/mec.13611 PMID:
27206531

Burger R. Two-locus clines on the real line with a step environment. Theor Popul Biol. 2017; 117: 1-22.
https://doi.org/10.1016/j.tpb.2017.08.002 PMID: 28818453

Hill WG, Robertson A. The effect of linkage on limits to artificial selection. Genet Res. 1966; 8: 269-294.
PMID: 5980116

Kim'Y, Stephan W. Selective sweeps in the presence of interference among partially linked loci. Genet-
ics. 2003; 164: 389-398. https://doi.org/10.1093/genetics/164.1.389 PMID: 12750349

Hodgson JA, Pickrell JK, Pearson LN, Quillen EE, Prista A, Rocha J, et al. Natural selection for the
Duffy-null allele in the recently admixed people of Madagascar. Proc Biol Sci. 2014; 281: 20140930.
https://doi.org/10.1098/rspb.2014.0930 PMID: 24990677

Breton G, Schlebusch CM, Lombard M, Sj6din P, Soodyall H, Jakobsson M. Lactase persistence alleles
reveal partial East African ancestry of southern African Khoe pastoralists. Curr Biol. 2014; 24: 852—858.
https://doi.org/10.1016/j.cub.2014.02.041 PMID: 24704072

Macholdt E, Lede V, Barbieri C, Mpoloka SW, Chen H, Slatkin M, et al. Tracing pastoralist migrations to
southern Africa with lactase persistence alleles. Curr Biol. 2014; 24: 875-879. https://doi.org/10.1016/.
cub.2014.03.027 PMID: 24704073

Guan Y. Detecting structure of haplotypes and local ancestry. Genetics. 2014; 196: 625—-642. https:/
doi.org/10.1534/genetics.113.160697 PMID: 24388880

Zhou Q, Zhao L, Guan Y. Strong Selection at MHC in Mexicans since Admixture. PLoS Genet. 2016;
12: e1005847. https://doi.org/10.1371/journal.pgen.1005847 PMID: 26863142

Laso-Jadart R, Harmant C, Quach H, Zidane N, Tyler-Smith C, Mehdi Q, et al. The Genetic Legacy of
the Indian Ocean Slave Trade: Recent Admixture and Post-admixture Selection in the Makranis of Paki-
stan. Am J Hum Genet. 2017; 101: 977-984. https://doi.org/10.1016/j.ajhg.2017.09.025 PMID:
29129317

Pierron D, Heiske M, Razafindrazaka H, Pereda-Loth V, Sanchez J, Alva O, et al. Strong selection dur-
ing the last millennium for African ancestry in the admixed population of Madagascar. Nat Commun.
2018; 9: 932. https://doi.org/10.1038/s41467-018-03342-5 PMID: 29500350

Pagani L, Kivisild T, Tarekegn A, Ekong R, Plaster C, Gallego Romero |, et al. Ethiopian genetic diver-
sity reveals linguistic stratification and complex influences on the Ethiopian gene pool. Am J Hum
Genet. 2012; 91: 83-96. https://doi.org/10.1016/j.ajhg.2012.05.015 PMID: 22726845

Rishishwar L, Conley AB, Wigington CH, Wang L, Valderrama-Aguirre A, Jordan IK. Ancestry, admix-
ture and fitness in Colombian genomes. Sci Rep. 2015; 5: 12376. https://doi.org/10.1038/srep12376
PMID: 26197429

Hamid I, Korunes KL, Beleza S, Goldberg A. Rapid adaptation to malaria facilitated by admixture in the
human population of Cabo Verde. Elife. 2021;10. https://doi.org/10.7554/eLife.63177 PMID: 33393457

Deng L, Ruiz-Linares A, Xu S, Wang S. Ancestry variation and footprints of natural selection along the
genome in Latin American populations. Sci Rep. 2016; 6: 21766. https://doi.org/10.1038/srep21766
PMID: 26887503

JinW, Xu S, WangH, YuY, Shen Y, Wu B, et al. Genome-wide detection of natural selection in African
Americans pre- and post-admixture. Genome Res. 2012; 22: 519-527. https://doi.org/10.1101/gr.
124784.111 PMID: 22128132

Norris ET, Rishishwar L, Chande AT, Conley AB, Ye K, Valderrama-Aguirre A, et al. Admixture-enabled
selection for rapid adaptive evolution in the Americas. Genome Biol. 2020; 21: 29. https://doi.org/10.
1186/s13059-020-1946-2 PMID: 32028992

Tang H, Choudhry S, Mei R, Morgan M, Rodriguez-Cintron W, Burchard EG, et al. Recent genetic
selection in the ancestral admixture of Puerto Ricans. Am J Hum Genet. 2007; 81: 626—633. https://doi.
org/10.1086/520769 PMID: 17701908

Cuadros-Espinoza S, Laval G, Quintana-Murci L, Patin E. The genomic signatures of natural selection
in admixed human populations. Am J Hum Genet. 2022; 109: 710-726. https://doi.org/10.1016/j.ajhg.
2022.02.011 PMID: 35259336

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023 25/27


https://doi.org/10.1534/genetics.114.163477
http://www.ncbi.nlm.nih.gov/pubmed/24610861
https://doi.org/10.1016/j.tpb.2022.01.004
https://doi.org/10.1016/j.tpb.2022.01.004
http://www.ncbi.nlm.nih.gov/pubmed/35124094
https://doi.org/10.1111/mec.13611
http://www.ncbi.nlm.nih.gov/pubmed/27206531
https://doi.org/10.1016/j.tpb.2017.08.002
http://www.ncbi.nlm.nih.gov/pubmed/28818453
http://www.ncbi.nlm.nih.gov/pubmed/5980116
https://doi.org/10.1093/genetics/164.1.389
http://www.ncbi.nlm.nih.gov/pubmed/12750349
https://doi.org/10.1098/rspb.2014.0930
http://www.ncbi.nlm.nih.gov/pubmed/24990677
https://doi.org/10.1016/j.cub.2014.02.041
http://www.ncbi.nlm.nih.gov/pubmed/24704072
https://doi.org/10.1016/j.cub.2014.03.027
https://doi.org/10.1016/j.cub.2014.03.027
http://www.ncbi.nlm.nih.gov/pubmed/24704073
https://doi.org/10.1534/genetics.113.160697
https://doi.org/10.1534/genetics.113.160697
http://www.ncbi.nlm.nih.gov/pubmed/24388880
https://doi.org/10.1371/journal.pgen.1005847
http://www.ncbi.nlm.nih.gov/pubmed/26863142
https://doi.org/10.1016/j.ajhg.2017.09.025
http://www.ncbi.nlm.nih.gov/pubmed/29129317
https://doi.org/10.1038/s41467-018-03342-5
http://www.ncbi.nlm.nih.gov/pubmed/29500350
https://doi.org/10.1016/j.ajhg.2012.05.015
http://www.ncbi.nlm.nih.gov/pubmed/22726845
https://doi.org/10.1038/srep12376
http://www.ncbi.nlm.nih.gov/pubmed/26197429
https://doi.org/10.7554/eLife.63177
http://www.ncbi.nlm.nih.gov/pubmed/33393457
https://doi.org/10.1038/srep21766
http://www.ncbi.nlm.nih.gov/pubmed/26887503
https://doi.org/10.1101/gr.124784.111
https://doi.org/10.1101/gr.124784.111
http://www.ncbi.nlm.nih.gov/pubmed/22128132
https://doi.org/10.1186/s13059-020-1946-2
https://doi.org/10.1186/s13059-020-1946-2
http://www.ncbi.nlm.nih.gov/pubmed/32028992
https://doi.org/10.1086/520769
https://doi.org/10.1086/520769
http://www.ncbi.nlm.nih.gov/pubmed/17701908
https://doi.org/10.1016/j.ajhg.2022.02.011
https://doi.org/10.1016/j.ajhg.2022.02.011
http://www.ncbi.nlm.nih.gov/pubmed/35259336
https://doi.org/10.1371/journal.pgen.1011062

PLOS GENETICS

Inferring multi-locus selection in admixed populations

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.
55.

56.

57.

Patin E, Lopez M, Grollemund R, Verdu P, Harmant C, Quach H, et al. Dispersals and genetic adapta-
tion of Bantu-speaking populations in Africa and North America. Science. 2017; 356: 543-546. https://
doi.org/10.1126/science.aal1988 PMID: 28473590

Schlebusch CM, Skoglund P, Sjédin P, Gattepaille LM, Hernandez D, Jay F, et al. Genomic variation in
seven Khoe-San groups reveals adaptation and complex African history. Science. 2012; 338: 374-379.
https://doi.org/10.1126/science.1227721 PMID: 22997136

Triska P, Soares P, Patin E, Fernandes V, Cerny V, Pereira L. Extensive Admixture and Selective Pres-
sure Across the Sahel Belt. Genome Biol Evol. 2015; 7: 3484-3495. https://doi.org/10.1093/gbe/
evv236 PMID: 26614524

Racimo F, Marnetto D, Huerta-Sanchez E. Signatures of Archaic Adaptive Introgression in Present-Day
Human Populations. Mol Biol Evol. 2017; 34: 296-317. https://doi.org/10.1093/molbev/msw216 PMID:
27756828

Zhang X, Kim B, Singh A, Sankararaman S, Durvasula A, Lohmueller KE. MaLAdapt Reveals Novel
Targets of Adaptive Introgression From Neanderthals and Denisovans in Worldwide Human Popula-
tions. Mol Biol Evol. 2023;40. https://doi.org/10.1093/molbev/msad001 PMID: 36617238

Gower G, Picazo PI, Fumagalli M, Racimo F. Detecting adaptive introgression in human evolution using
convolutional neural networks. Elife. 2021;10. https://doi.org/10.7554/eLife.64669 PMID: 34032215

Hamid I, Korunes KL, Schrider DR, Goldberg A. Localizing post-admixture adaptive variants with object
detection on ancestry-painted chromosomes. bioRxiv. 2023. p. 2022.09.04.506532. https://doi.org/10.
1093/molbev/msad074 PMID: 36947126

Svedberg J, Shchur V, Reinman S, Nielsen R, Corbett-Detig R. Inferring Adaptive Introgression Using
Hidden Markov Models. Mol Biol Evol. 2021; 38: 2152-2165. https://doi.org/10.1093/molbev/msab014
PMID: 33502512

Corbett-Detig R, Nielsen R. A Hidden Markov Model Approach for Simultaneously Estimating Local
Ancestry and Admixture Time Using Next Generation Sequence Data in Samples of Arbitrary Ploidy.
PLoS Genet. 2017; 13: e1006529. https://doi.org/10.1371/journal.pgen.1006529 PMID: 28045893

Medina P, Thornlow B, Nielsen R, Corbett-Detig R. Estimating the Timing of Multiple Admixture Pulses
During Local Ancestry Inference. Genetics. 2018; 210: 1089—1107. https://doi.org/10.1534/genetics.
118.301411 PMID: 30206187

Shchur V, Svedberg J, Medina P, Corbett-Detig R, Nielsen R. On the Distribution of Tract Lengths Dur-
ing Adaptive Introgression. G3. 2020; 10: 3663—3673. https://doi.org/10.1534/93.120.401616 PMID:
32763953

Rabiner LR. A tutorial on hidden Markov models and selected applications in speech recognition. Proc
|IEEE Inst Electr Electron Eng. 1989; 77: 257-286.

Sanderson C, Curtin R. Armadillo: a template-based C library for linear algebra. The Journal of Open
Source Software. 2016. p. 26. hitps://doi.org/10.21105/joss.00026

Sanderson C, Curtin R. An Adaptive Solver for Systems of Linear Equations. 2020 14th International
Conference on Signal Processing and Communication Systems (ICSPCS). 2020. https://doi.org/10.
1109/icspcs50536.2020.9309998

Nelder JA, Mead R. A Simplex Method for Function Minimization. The Computer Journal. 1965. pp.
308-313. https://doi.org/10.1093/comijnl/7.4.308

Secolin R, Mas-Sandoval A, Arauna LR, Torres FR, de Araujo TK, Santos ML, et al. Distribution of local
ancestry and evidence of adaptation in admixed populations. Sci Rep. 2019; 9: 13900. https://doi.org/
10.1038/s41598-019-50362-2 PMID: 31554886

Calfee E, Gates D, Lorant A, Perkins MT, Coop G, Ross-lbarra J. Selective sorting of ancestral intro-
gression in maize and teosinte along an elevational cline. PLoS Genet. 2021; 17: €1009810. https://doi.
org/10.1371/journal.pgen.1009810 PMID: 34634032

Akaike H. Information Theory and an Extension of the Maximum Likelihood Principle. In: Parzen E,
Tanabe K, Kitagawa G, editors. Selected Papers of Hirotugu Akaike. New York, NY: Springer New
York; 1998. pp. 199-213.

Schwarz G. Estimating the Dimension of a Model. Ann Stat. 1978; 6: 461-464.

Chen GK, Marjoram P, Wall JD. Fast and flexible simulation of DNA sequence data. Genome Res.
2009; 19: 136-142. https://doi.org/10.1101/gr.083634.108 PMID: 19029539

Corbett-Detig R, Jones M. SELAM: simulation of epistasis and local adaptation during admixture with
mate choice. Bioinformatics. 2016; 32: 3035-3037. https://doi.org/10.1093/bioinformatics/btw365
PMID: 27318207

Tange O. GNU Parallel 2018. Lulu.com; 2018.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023 26/27


https://doi.org/10.1126/science.aal1988
https://doi.org/10.1126/science.aal1988
http://www.ncbi.nlm.nih.gov/pubmed/28473590
https://doi.org/10.1126/science.1227721
http://www.ncbi.nlm.nih.gov/pubmed/22997136
https://doi.org/10.1093/gbe/evv236
https://doi.org/10.1093/gbe/evv236
http://www.ncbi.nlm.nih.gov/pubmed/26614524
https://doi.org/10.1093/molbev/msw216
http://www.ncbi.nlm.nih.gov/pubmed/27756828
https://doi.org/10.1093/molbev/msad001
http://www.ncbi.nlm.nih.gov/pubmed/36617238
https://doi.org/10.7554/eLife.64669
http://www.ncbi.nlm.nih.gov/pubmed/34032215
https://doi.org/10.1093/molbev/msad074
https://doi.org/10.1093/molbev/msad074
http://www.ncbi.nlm.nih.gov/pubmed/36947126
https://doi.org/10.1093/molbev/msab014
http://www.ncbi.nlm.nih.gov/pubmed/33502512
https://doi.org/10.1371/journal.pgen.1006529
http://www.ncbi.nlm.nih.gov/pubmed/28045893
https://doi.org/10.1534/genetics.118.301411
https://doi.org/10.1534/genetics.118.301411
http://www.ncbi.nlm.nih.gov/pubmed/30206187
https://doi.org/10.1534/g3.120.401616
http://www.ncbi.nlm.nih.gov/pubmed/32763953
https://doi.org/10.21105/joss.00026
https://doi.org/10.1109/icspcs50536.2020.9309998
https://doi.org/10.1109/icspcs50536.2020.9309998
https://doi.org/10.1093/comjnl/7.4.308
https://doi.org/10.1038/s41598-019-50362-2
https://doi.org/10.1038/s41598-019-50362-2
http://www.ncbi.nlm.nih.gov/pubmed/31554886
https://doi.org/10.1371/journal.pgen.1009810
https://doi.org/10.1371/journal.pgen.1009810
http://www.ncbi.nlm.nih.gov/pubmed/34634032
https://doi.org/10.1101/gr.083634.108
http://www.ncbi.nlm.nih.gov/pubmed/19029539
https://doi.org/10.1093/bioinformatics/btw365
http://www.ncbi.nlm.nih.gov/pubmed/27318207
http://Lulu.com
https://doi.org/10.1371/journal.pgen.1011062

PLOS GENETICS

Inferring multi-locus selection in admixed populations

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Witt KE, Funk A, Aforve-Garibay V, Fang LL, Huerta-Sanchez E. The Impact of Modern Admixture on
Archaic Human Ancestry in Human Populations. Genome Biol Evol. 2023;15. https://doi.org/10.1093/
gbe/evad066 PMID: 37103242

Pardo-Diaz C, Salazar C, Baxter SW, Merot C, Figueiredo-Ready W, Joron M, et al. Adaptive introgres-
sion across species boundaries in Heliconius butterflies. PLoS Genet. 2012; 8: e1002752. https://doi.
org/10.1371/journal.pgen.1002752 PMID: 22737081

Lack JB, Cardeno CM, Crepeau MW, Taylor W, Corbett-Detig RB, Stevens KA, et al. The Drosophila
genome nexus: a population genomic resource of 623 Drosophila melanogaster genomes, including
197 from a single ancestral range population. Genetics. 2015; 199: 1229-1241. https://doi.org/10.1534/
genetics.115.174664 PMID: 25631317

Lack JB, Lange JD, Tang AD, Corbett-Detig RB, Pool JE. A Thousand Fly Genomes: An Expanded Dro-
sophila Genome Nexus. Mol Biol Evol. 2016; 33: 3308-3313. https://doi.org/10.1093/molbev/msw195
PMID: 27687565

Corbett-Detig RB, Hartl DL. Population Genomics of Inversion Polymorphisms in Drosophila melanoga-
ster. PLoS Genetics. 2012. p. e1003056. https://doi.org/10.1371/journal.pgen.1003056 PMID:
23284285

Pool JE, Corbett-Detig RB, Sugino RP, Stevens KA, Cardeno CM, Crepeau MW, et al. Population
Genomics of sub-saharan Drosophila melanogaster: African diversity and non-African admixture. PLoS
Genet. 2012; 8: €1003080. https://doi.org/10.1371/journal.pgen.1003080 PMID: 23284287

Comeron JM, Ratnappan R, Bailin S. The many landscapes of recombination in Drosophila melanoga-
ster. PLoS Genet. 2012; 8: €1002905. https://doi.org/10.1371/journal.pgen.1002905 PMID: 23071443

Larkin A, Marygold SJ, Antonazzo G, Attrill H, dos Santos G, Garapati PV, et al. FlyBase: updates to
the Drosophila melanogaster knowledge base. Nucleic Acids Research. 2021. pp. D899-D907. https://
doi.org/10.1093/nar/gkaa1026 PMID: 33219682

Aldridge WN. Some properties of specific cholinesterase with particular reference to the mechanism of
inhibition by diethyl p-nitrophenyl thiophosphate (E 605) and analogues. Biochem J. 1950; 46: 451—
460. https://doi.org/10.1042/bj0460451 PMID: 15420172

Aminetzach YT, Macpherson JM, Petrov DA. Pesticide resistance via transposition-mediated adaptive
gene truncation in Drosophila. Science. 2005; 309: 764—767. https://doi.org/10.1126/science.1112699
PMID: 16051794

Magwire MM, Bayer F, Webster CL, Cao C, Jiggins FM. Successive increases in the resistance of Dro-
sophila to viral infection through a transposon insertion followed by a Duplication. PLoS Genet. 2011; 7:
e€1002337. https://doi.org/10.1371/journal.pgen.1002337 PMID: 22028673

Runemark A, Trier CN, Eroukhmanoff F, Hermansen JS, Matschiner M, Ravinet M, et al. Variation and
constraints in hybrid genome formation. Nat Ecol Evol. 2018; 2: 549-556. https://doi.org/10.1038/
s41559-017-0437-7 PMID: 29335572

Ravinet M, Elgvin TO, Trier C, Aliabadian M, Gavrilov A, Saetre G-P. Signatures of human-commensal-
ism in the house sparrow genome. Proc Biol Sci. 2018;285. https://doi.org/10.1098/rspb.2018.1246
PMID: 30089626

Mirchandani CD, Shultz AJ, Thomas GWC, Smith SJ, Baylis M, Arnold B, et al. A fast, reproducible,
high-throughput variant calling workflow for evolutionary, ecological, and conservation genomics. bioR-
xiv. 20283. p. 2023.06.22.546168. https://doi.org/10.1101/2023.06.22.546168

Li H. Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. arXiv [g-bio.
GN]. 2013. Available from: http://arxiv.org/abs/1303.3997.

Tarasov A, Vilella AJ, Cuppen E, Nijman IJ, Prins P. Sambamba: fast processing of NGS alignment for-
mats. Bioinformatics. 2015; 31: 2032—2034. https://doi.org/10.1093/bioinformatics/btv098 PMID:
25697820

Van der Auwera GA, O’Connor BD. Genomics in the Cloud: Using Docker, GATK, and WDL in Terra.
O’Reilly Media; 2020.

Alexander DH, Novembre J, Lange K. Fast model-based estimation of ancestry in unrelated individuals.
Genome Res. 2009; 19: 1655—-1664. https://doi.org/10.1101/gr.094052.109 PMID: 19648217

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011062 November 28, 2023 27/27


https://doi.org/10.1093/gbe/evad066
https://doi.org/10.1093/gbe/evad066
http://www.ncbi.nlm.nih.gov/pubmed/37103242
https://doi.org/10.1371/journal.pgen.1002752
https://doi.org/10.1371/journal.pgen.1002752
http://www.ncbi.nlm.nih.gov/pubmed/22737081
https://doi.org/10.1534/genetics.115.174664
https://doi.org/10.1534/genetics.115.174664
http://www.ncbi.nlm.nih.gov/pubmed/25631317
https://doi.org/10.1093/molbev/msw195
http://www.ncbi.nlm.nih.gov/pubmed/27687565
https://doi.org/10.1371/journal.pgen.1003056
http://www.ncbi.nlm.nih.gov/pubmed/23284285
https://doi.org/10.1371/journal.pgen.1003080
http://www.ncbi.nlm.nih.gov/pubmed/23284287
https://doi.org/10.1371/journal.pgen.1002905
http://www.ncbi.nlm.nih.gov/pubmed/23071443
https://doi.org/10.1093/nar/gkaa1026
https://doi.org/10.1093/nar/gkaa1026
http://www.ncbi.nlm.nih.gov/pubmed/33219682
https://doi.org/10.1042/bj0460451
http://www.ncbi.nlm.nih.gov/pubmed/15420172
https://doi.org/10.1126/science.1112699
http://www.ncbi.nlm.nih.gov/pubmed/16051794
https://doi.org/10.1371/journal.pgen.1002337
http://www.ncbi.nlm.nih.gov/pubmed/22028673
https://doi.org/10.1038/s41559-017-0437-7
https://doi.org/10.1038/s41559-017-0437-7
http://www.ncbi.nlm.nih.gov/pubmed/29335572
https://doi.org/10.1098/rspb.2018.1246
http://www.ncbi.nlm.nih.gov/pubmed/30089626
https://doi.org/10.1101/2023.06.22.546168
http://arxiv.org/abs/1303.3997
https://doi.org/10.1093/bioinformatics/btv098
http://www.ncbi.nlm.nih.gov/pubmed/25697820
https://doi.org/10.1101/gr.094052.109
http://www.ncbi.nlm.nih.gov/pubmed/19648217
https://doi.org/10.1371/journal.pgen.1011062



