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Abstract

The effect of natural selection on linked sites has been suggested to be a major de-
terminant of genetic diversity. While it is in principle possible to estimate this- effect
from genome sequence data, interactions between selection, demography and inbreed-
ing are expected to make inference less reliable. Here we investigate whether the
genome-wide reduction in diversity due to background selection (B)‘can be accurately
estimated when populations are at demographic non-equilibrium and/or reproduce by
partial self-fertilisation. We show that the classic-BGS model is surprisingly robust to
both demographic non-equilibrium and low rates of selfing, although both processes
do lead to biased estimation of the distribution of fitness effects (DFE) of deleteri-
ous mutations. A high rate of selfing leads to poor estimation of both B and DFE
parameters. We propose an alternative approach where background selection, demog-
raphy and partial selfing are jointly estimated from windowed site frequency spectra.
This approach resolves most of the bias observed under the classic-BGS model and
can also generate estimates of past demography that account for the effect of back-
ground selection and partial selfing. ‘We apply the approach to genome sequence data
from Capsella grandifiora and C. orientalis, which have contrasting mating systems
and display a forty-fold difference in nucleotide diversity. Our results suggest that
background selection has a weak effect on levels of genetic diversity in the outcrosser
C. grandifiora (B =/0.89) and a more substantial effect in the predominantly selfing
species ,C. orientalis (B = 0.44), but that background selection alone cannot explain

their disparity in genetic diversity.
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Introduction

Genetic diversity varies by several orders of magnitude across species of animals and plants (Leffler
et al. 2012; Romiguier et al. 2014; Chen et al. 2017; Buffalo 2021). A number of processes are
suggested to contribute to this variation, including differences in de novo mutation rate, fluctuations
in census population size, population structure and variance in offspring number (reviewed:.in
Charlesworth and Jensen 2022). Comparative analyses have revealed several correlates of genetic
diversity, including parental investment and longevity (Romiguier et al. 2014; Chen et al. 2017). In
plants, mating system is a key determinant of genetic diversity (Chen et al-2017), as species that
reproduce via self-fertilisation will have reduced diversity from inbreeding (Nordborg and Donnelly
1997). Despite these broad-scale patterns, it is still challenging torfully explain differences in
diversity between closely related species (Stoffel et al. 2018; Mackintesh et al. 2019; Barry et al.
2022). We also lack a precise explanation for why diversity varies so little in comparison to census
population size (Lewontin 1974).

The effect of natural selection on linked sites‘is a potential explanation for at least some of the
variation in genetic diversity observed among species.~Positive selection acting on a new mutation
leaves a surrounding valley of reduced diversityy,i:e. a selective sweep, with the width of the valley
being inversely proportional to the sojourn time of the selected allele (Smith and Haigh 1974).
Recurrent sweeps are expected to-have a major impact on genetic diversity in species with large
populations and low rates of sexual reproduction / recombination, but to have a much more limited
effect in species with“small populations and high rates of recombination (Nam et al. 2017; Ollivier
et al. 2025). Purifying, selection also leads to a reduction in genetic diversity at linked sites in
a process known as background selection (BGS; Charlesworth et al. 1993; Charlesworth 2012).
Although selection against a single deleterious mutation has only a very small effect on levels
of linked diversity (Hudson and Kaplan 1995; Nordborg et al. 1996), deleterious mutations are
common enough so that their combined effect can shape the landscape of diversity across genomes
and, potentially, lead to considerable differences in genetic diversity between species.

Evaluating the role of BGS in determining levels of genetic diversity within and between species
requires estimation of BGS from sequence data. Hudson and Kaplan (1995) and Nordborg et al.

(1996) derived expectations for the scaled reduction in diversity (B) due to purifying selection acting
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on a deleterious mutation at some recombination distance away. Importantly, they showed that
this expectation can be used to predict patterns of nucleotide diversity along the genome, provided
that natural selection is strong relative to drift and that the frequencies of deleterious mutations
are independent of one another. This model, hereafter referred to as classic-BGS, has since been
used to estimate the reduction in diversity due to BGS in model systems such as humans and
Drosophila (McVicker et al. 2009; Comeron 2014; Elyashiv et al. 2016; Murphy et al. 2022), as well
as in a handful of non-model species (Liang et al. 2022; Pope et al. 2023). Most notably, Corbett-
Detig et al. (2015) used classic-BGS theory to estimate the combined effect of BGS and recurrent
sweeps on genetic diversity across 40 species of animals and plants. They found that species with
larger census size experience a greater reduction in genetic diversity from seleetion at linked sites,
and suggested that this effect explains the narrow range of genetic diversity levels observed across
species. Although the strength of this conclusion has since been: challenged (Coop 2016; Buffalo
2021), comparative analyses like that of Corbett-Detig et al. (2015) are an undoubtedly useful
approach for understanding the role of selection at'linked sites in determining levels of genetic
diversity in nature.

Classic-BGS theory assumes that a population is at demographic equilibrium, yet recent work
has shown that demographic change modulates the effect of BGS on genetic diversity (Torres et al.
2018; Johri et al. 2021; Barroso.and Ragsdale 2025). Inbreeding via self-fertilisation also influences
the strength of BGS, and although recombination rates and dominance coeflicients can be rescaled
to account for selfing (Nordborg 1997; Glémin and Ronfort 2013), this approach is known to be
inaccurate when the rate of selfing is high enough (Kamran-Disfani and Agrawal 2014; Roze 2016).
The fact that*BGS. is influenced by both demography and selfing suggests that the classic-BGS
model may provide inaccurate estimates under these conditions. More generally, it is unclear
whether this japproach can be used for full parametric inference given that previous investigations
often fix some of the parameters describing the distribution of deleterious fitness effects or only
assess a small number of parameter combinations (Comeron 2014; Corbett-Detig et al. 2015; Liang

et al. 2022).
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Overview

Here we investigate approaches for inference of BGS from genome sequence data. We use simulations
to test the performance of the classic-BGS model under a range of conditions involving demographic
non-equilibrium and partial-selfing. We also propose an alternative approach which aims to jointly
model BGS, demography and partial-selfing, and we compare the performance of this model to
classic-BGS. Our main focus is accurate estimation of the genome-wide reduction in genetic diversity
due to BGS (B), but we also test the ability of these methods to estimate the distribution of
deleterious fitness effects (DFE), variation in B along the genome (B-maps), and,; where applicable,
the demographic history of the population. We apply our proposed joint inference method to two
species of Capsella with contrasting mating systems and conclude by-discussing recent progress

and outstanding challenges in estimation of BGS from sequence data:

Results

Constant population size and strong selection

We implemented the classic-BGS model as a method for estimating the reduction in genetic diversity
due to BGS along the genome (B). Our implementation is similar to those of previous work
(Comeron 2014; Elyashiv et al<2016) (see Methods for details). One notable difference is that we
do not use the approximation for B’ derived by Hudson and Kaplan (1995) and Nordborg et al.

(1996), and instead use:

pisihi(1 4 (=2r; + s;h;(2r; — 1))?)
B~FE — 1
xp( Zz: (ri + sihi — risih;)? ) .

from Roze (2016), where p; is the deleterious mutation rate at selected site 4, s; is the reduction in
fitness in'athomozygote, h; is the dominance coefficient, and r; is the recombination distance to the
selected site. Unlike the approximations of Hudson and Kaplan (1995) and Nordborg et al. (1996),
Equation 1 holds under loose linkage and for unlinked mutations (r; = 1/2; see Matheson and
Masel 2024 for an investigation of this issue). We assume that all selected sites share the same pu
and h but that fitness effects of deleterious mutations (DFE) are gamma distributed and therefore

parameterised by mean s and shape 5. There are four free parameters in the model — Nz, p,
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Figure 1: Analytic predictions for the reduction in genetic diversity from BGS. The predicted departure
from neutral levels of diversity (1 — B, y-axis) is plotted against the recombination distance of a selected
site (r, x-axis). Each panel shows the effect of varying a single DFE parameter across.an order of
magnitude, while holding the other parameters constant (u = 5.5 x 107, 5 = 0.0275,.8 = 0.55) and
assuming an N, of 10,000.

3, B — and we assume h = 0.5 throughout as this parameter is not identifiable (note that s and h
always appear together as a product in Equation 1). The Ny, parameter refers to the effective
population size in the absence of BGS, so that the overall reduction in genetic diversity (B) is equal
t0 Ne/Npaz. The problem of estimating B, which is oursmain quantity of interest, can therefore
be rephrased as estimation of Np,qz.

Before fitting this model to data, we can‘first gain intuition about how each DFE parameter
affects patterns of linked diversity by visualising analytic predictions of B. Figure 1 shows how
varying either p, § or 8 across.a factor.of ten, while holding the other two parameters constant,
affects the predicted value’of B given a single site under purifying selection at recombination
distance r. Varying p-affects B equally across all values of r. By contrast, varying § changes the
relative contributions of tightly and loosely linked sites to BGS. The shape parameter 8 determines
the spread of-selection coefficients around s and, as a result, it determines the spread of B across
recombination distances. The effect of 5 on B is subtle overall (Figure 1), suggesting that this
parameter may be challenging to estimate precisely. We nonetheless expect that all three DFE
parameters will be identifiable as long as their is sufficient information in the data (Figure S1).

To test the performance of the classic-BGS model under favourable conditions we simulated
a panmictic population of constant size where mutations within coding DNA sequence (CDS) are
subject to strong purifying selection (N = 10,000, . = 7.5 x 1079, 5 = 0.01, 3 = 3, see Methods
for more details). These simulations were conditioned on the CDS annotation and recombination

map of three Capsella rubella chromosomes (Slotte et al. 2013), totaling 49 Mb in length. In these
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simulations BGS reduced genetic diversity within intergenic regions by 19%, i.e. B = 0.81, and this
reduction varied across the genome due to variation in recombination rate and gene density (Figure
S2A). We fit the classic-BGS model to these simulated data, using nucleotide diversity across 10
kb windows at input. The B-map predicted by the model is a qualitatively good fit to the B-map
generated by the simulation (Figure S2A) and maximum composite likelihood (MCL) parameter
estimates (Npae = 9997, 1 = 7.21 x 1079, 5 = 0.0087, 8 = 3.08) are also a good match to the
parameters of the simulation. We estimated the uncertainty in parameters by bootstrapping across
the simulation replicates. While the 95% ClIs are narrow for the N, parameter (9957 — 10,049),
they are wider for p (7.03—7.56 x 10~?) and 5 (0.0070—0.0111), and very broad for B (1.23 —10.00)
(Figure S2B), which is consistent with S having a subtle effect on/B. These results show that
the classic-BGS model can accurately estimate Np,q., and by extension the reduction in genetic
diversity due to BGS — B — but that variation in nucleotide diversity across the genome is only
weakly informative about the DFE.

Our simulations are conditioned on the recombination map of C. rubella (Slotte et al. 2013;
Brazier and Glémin 2022), where recombination waries on a scale of 100 kb. We assume this
map when fitting the model, yet in reality most estimated recombination maps will tend to be
more coarse than the true map. To’investigate this issue we repeated the analysis conditioning
on maps where recombination rate is instead measured in intervals of 1 or 5 Mb. We find that
coarse recombination maps-lead to poorly fitting B-maps and biased parameter estimates (Figure
S2). However, Ny, is-still well estimated when using these recombination maps, albeit with more
uncertainty (Figure S2):. This suggests that accurate estimation of B is possible even with only

partial information about recombination.

Non-equilibrium demography

Wernext consider the effect of non-equilibrium demography on estimation of BGS parameters.
We modified the simulation procedure to include an instantaneous five-fold growth / decline in
population size at time T generations in the past, where T is equal to N in the most recent epoch
(see Methods). Values of N were chosen to ensure that different simulation scenarios would have
the same level of nucleotide diversity at the time of sampling in the absence of BGS. Within these

simulations the average reduction in diversity due to BGS was greater for the decline demography
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(B = 0.75) than for the growth demography (B = 0.89) (Figure 2A). This interaction between
demography and BGS has been reported previously (Torres et al. 2018; Johri et al. 2021; Barroso
and Ragsdale 2025). It can be explained by BGS increasing the rate of coalescence and by extension
the probability that lineages coalesce in earlier epochs, so more frequently when N is small (see
the Appendix of Johri et al. 2021). We fit the classic-BGS model to these simulated datasets and
found that in both cases the predicted B-map provides a good fit to the simulated B-map (Figure
2A). The Nyq, parameter (which for non-equilibrium demographies corresponds to the reciprocal
of the overall rate of coalescence in the absence of BGS) is slightly overestimated for the decline
demography, but the bias is very small (~ 1%; Figure 2B). Estimates of s and g have similar
accuracy and precision to those from simulations with constant population size. However, we find
that the deleterious mutation rate is estimated incorrectly for both mon-equilibrium demographies
(Figure 2B). This parameter (u = 7.50 x 107Y) is underestimated under a scenario of population
growth (3.96 x 1072, (3.85 — 4.16)) and overestimated under population decline (10.40 x 10~
(9.91 — 12.32)). This bias can be understood by considering the interaction between demography
and BGS described above: the effect of BGS oninucleotide diversity is modulated by changes
in population size and, because demography+is missing from the model, this is accounted for by
changing p. So although the classic-BGS model provides meaningful estimates of Np,4, under
demographic non-equilibrium, estimates of u become biased.

Barroso and Ragsdale (2025) have‘also recently shown that demographic non-equilibrium leads
to biased DFE inference under the classic-BGS model and have developed an elegant two-locus
method to resolve’this issue. Here we investigate an alternative approach for jointly estimating
BGS and demography that uses information contained in site frequency spectra (SFS) along the
genome. , The approach is similar to the classic-BGS model with some notable differences. First,
we calculate the composite likelihood of observing windowed SFS along the genome, rather than
levels of nucleotide diversity. Second, we include a two-epoch demographic history and estimate B
values separately for each epoch. Finally, we account for the transition in the rate of coalescence
from Njpqz t0 BNjee in recent time using an approximation based on the results of Nicolaisen and
Desai (2013). In summary, we model the rate of coalescence within each genomic window using
demographic parameters that are shared genome-wide (Ny, Ny, T) along with epoch-specific B

values for each window that depend on the local effect of BGS through time (By, Bj) given the
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Figure 2: Estimation of BGS under non-equilibrium demography. (A): The reduction in genetic diversity
from BGS along one chromgsome is. shown for simulations with constant population size, population
growth and population decline. . The grey line in each panel is the observed reduction in the simulation,
whereas estimates from the classic-BGS and BGS-with-demography models are shown as blue and
dashed-red lines, respectively. (B): Estimates of N4z, ¢, 5§ and 3. Point estimates are shown as large
points and bootstrap estimates are shown as small jittered points. Vertical lines show 95% ClLs and
dashed horizontal lines correspond to the simulated parameter values. The demographic history of each
simulation scenario is'shown on the right. The grey line corresponds to the number of individuals (V) of
the simualated Wright-Fisher population. Estimates from the BGS-with-demography model are shown as
a dashed-red line and the estimated history from methods assuming selective neutrality are also plotted
for comparison.

local recombination rate, density of selected sites and the deleterious DFE (u, s, 3).
We fit this model of BGS-with-demography to the simulated datasets analysed in the previous
section, which differ only in their demographic history (constant, growth and decline). We find

that the B-maps predicted by this model are almost identical to those predicted by the classic-BGS
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model (Figure 2A). While the classic-BGS model failed to accurately estimate p for histories of
non-equilibrium demography, the new model provides accurate estimates of p for all three simulated
datasets (Figure 2B). The small bias in estimates of Ny, under the decline demography is also
resolved (Figure 2B). The BGS-with-demography model estimates a two-epoch demographic history
that approximately accounts for the effect of BGS on sequence variation. These estimated histories
provide excellent matches to the simulated demographic parameters (Figure 2B). As a comparison,
we estimated demography from the same simulated datasets using a neutral two-epoch model as
well as StairwayPlot2 (Liu and Fu 2020) (which also assumes selective neutrality). We find that
both of these methods generate estimates of N, that are lower than the simulated N values by
approximately a factor of B (Figure 2B). Additionally, these methods incerrectly estimate the
timing of changes in N, especially for the decline demography. For the constant population size
simulations these methods estimate a small increase in Ng"in recent time, corresponding to the
transition between Np,q; and BNp.. (Nicolaisen and Desai 2013; Figure 2B). By contrast, the
model of BGS-with-demography, which aims to capture this’transition in the rate of coalescence,
has only a very small amount of error in recent time (/N.is underestimated by 2.8%). Although the
model of BGS-with-demography that we consider'is approximate in nature, these results show that
it can resolve bias associated with the classic-BGS model and also provide estimates of demography

that account for the effect of BGS on sequence variation.

Weak selection

So far we have only simulated strong purifying selection where almost all deleterious mutations will
be removed by-natural/selection. Specifically, we simulated a deleterious DFE with § = 0.01 and
B = 3, where the large value of § ensures that most mutations will satisfy the condition 2/Nsh > 1.
However, estimates of the DFE across a wide range of species have shown that 5 tends to be < 1
(Chen et al. 2017), suggesting that the DFE often has a considerable fraction of weakly deleterious
mutations. The model of BGS-with-demography presented above can likely accommodate weak
selection to some degree because the DFE is truncated at s = 3/(2N.h) within each epoch (see
Methods). Truncating the DFE in this way is nonetheless an approximation and so inference could
become biased if weakly deleterious mutations are sufficiently common. To investigate the effect

of weak selection we repeated the simulations above while setting 5 = 0.333 and 5 = 0.001. These

10
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values imply that most new mutations will have mildly deleterious fitness effects (i.e. 2Nsh < 10)
when N, = 10,000.

The overall reduction in genetic diversity due to BGS in these simulations was B = 0.89,0.94, 0.87
for constant, growth and decline demographies, respectively, which are smaller reductions than ob-
served under strong purifying selection (see previous section). We fit both the classic-BGS. and
BGS-with-demography models to the simulated data. The B-maps predicted by these two mod-
els are almost identical and provide a qualitatively good fit to the simulations (Figure S3A). We
again find that the BGS-with-demography model generates accurate estimates‘of the demographic
history, whereas methods that assume neutrality are consistently biased/(Figure $3B). However,
we find that the DFE parameters tend to be poorly estimated (Figure S3B).»The two models give
similar DFE estimates for simulations with constant and decline demographies, but estimates from
the BGS-with-demography model for simulations with population growth are particularly biased.
We suspect that the piece-wise constant assumption of our model may introduce bias whenever
deleterious allele frequencies are slow to equilibrate. When we refit these models while fixing u to
the true value (which would be a realistic possibility in seme model species), we find that estimates
of the DFE parameters are more precise and accurate (Figure S4), although small biases can still
be observed. These results again show that the DFE is challenging to estimate from this type of
model. Importantly, N,,.., B-maps, and demographic histories are accurately estimated under the

BGS-with-demography model, even when the DFE is not.

Partial selfing

To investigate“the effect of partial selfing on estimation of BGS we modified the general simula-
tion progcedure used above to include reproduction by self-fertilisation at rate . We simulated
a mixed-mating population (« = 0.4) and a high-selfing population (o = 0.9), both with a con-
stant. population size of N = 10,000 diploids and a deleterious DFE that includes both strongly
and weakly selected mutations (5 = 0.01, § = 0.333). We find that overall nucleotide diversity is
reduced by a factor of 0.63 in the mixed-mating population and by a factor of 0.23 in the high-
selfing population. However, these reductions include both the effects of selfing and BGS. Using
knowledge of «, these values can be rescaled so that they only represent the effect of BGS: with

B = 0.80 and B = 0.43 for mixed-mating and high-selfing, respectively. Given that B = 0.85
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for a randomly-mating population with the same size and DFE (see above), this shows that the
interaction between selfing and BGS is weak when populations reproduce by mixed-mating but
substantial under high-selfing.

We fit the classic-BGS model to these simulated data. Estimates of Ny,q, from this model
are underestimates of the simulated N. This is expected given that partial selfing increases the
long-term rate of coalescence by a factor of (1+ F') (where F' = a;/(2 — «)) and the probability that
a pair of lineages reach this long-term process when sampled from a diploid is only (1 — F). The
DFE parameter estimates from the classic-BGS model broadly match the true values for the mixed-
mating population, albeit with a significant upwards bias in estimates of §. Estimates for the high-
selfing population are strongly biased (Figure 3). Similarly, the predicted B-map is a qualitatively
good fit for mixed-mating, but the effect of BGS on genetic diversity-is-underestimated for the
high-selfing population. The classic-BGS model is thereforesurprisingly robust to reproduction by
mixed-mating but gives inaccurate estimates of the DFE and B under high-selfing.

The BGS-with-demography model is expected to have the same limitations when fit to data
from partially selfing populations. It is, however, passible to extend the model to account for partial
selfing. First, the expected B value for a given time epoch and genomic window can be calculated
using an approximation for the effect’of BGS on the rate of coalescence under partial selfing. Here

we use a new approximation based on theresults of Roze (2016):

:sihi (1 + 2r;)?
B (=3 ST o) )
where ' = r(1= F)-and h' = h(1 — F) + F. This approximation is expected to better capture
the contribution of loosely linked loci to BGS than that of Nordborg (1997). Second, the expected
SFS for a genomic window should reflect the increased rate of coalescence from selfing, as well as
the distertion in shape due to sampling diploid individuals. This has been addressed by Blischak
et'al. (2020) and here we use their inbreeding aware implementation of dadi to obtain the SFS for
each genomic window. Together these changes allow estimation of BGS parameters conditional on
«, which can be estimated from Frg or the SFS prior to model fitting, or left as a free parameter.

We reanalysed the data from simulations including partial selfing using this selfing-aware model

of BGS-with-demography while conditioning each analysis on the value of a implied by Fjg. Under
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Figure 3: Estimation of BGS under partial selfing and _non-equilibrium demography. (A): Parameter
estimates from the classic-BGS and BGS-with-demography model under different rates of partial selfing
and demography. As in Figures S2 and 2, large points are point estimates, small jittered points are
bootstrap estimates and vertical lines correspond to 95% Cls. A log y-axis is used for plots showing
estimates of 5 and 3. (B): The reduction in genetic diversity from BGS along one chromosome is shown
for each simulated scenario. The grey line in each panel is the observed reduction in the simulation,
whereas estimates from the‘classic-BGS and BGS-with-demography models are shown as blue and
dashed-red lines, respectively. "The mean error (ME) between the simulated and estimated B-maps is
also shown in each panel.

mixed-mating; the model provides accurate parameter estimates, resolving the bias in § (Figure
3A). Under high-selfing, parameter estimates have more variance but are again approximately
unbiased (Figure 3A). The predicted B-map for the high-selfing population is also a better fit than
that from the classic-BGS model (Figure 3B). In principle, this model should also perform well
for‘partially selfing populations at demographic non-equilibrium. We therefore simulated partially
selfing populations with growth and decline demographies (as above) and fit both the classic and
new model to these data. We find that the new model always generates a better fitting B-map, but
that the improvement in mean error depends on demography (small for growth but substantial for

decline). Estimates of x4 and § from the new model are also always more accurate, although there
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is evidence for bias in some cases (e.g. estimates of § for a scenario of high-selfing with growth;
Figure 3A). We performed additional simulations under high-selfing with varying p and found that
estimation is less accurate when the deleterious mutation rate is high (Tables S1 and S2), but
that the new model consistently performs better than classic-BGS. Altogether, these results show
that it is possible to obtain better estimates of the effect of BGS on genetic diversity by explicitly
modeling demography and partial selfing.

While BGS leads to a small bias in the results of demographic inference under random mating
(Figure 2), we expect the bias introduced under partial-selfing to be much larger. We can evaluate
this by examining the distribution of pairwise coalescence times from the simulated genealogies
(i.e. tree sequences). Since the rate of coalescence through time is/inversely-proportional to the
coalescent N, we can use these distributions to obtain piece-wise constant’ N, trajectories. Figure
4A shows that partial-selfing leads to low coalescent N, in the very recent past due to coalescence
from self-fertilisation in immediate ancestors of diploid individuals. Further back in time, N,
reflects coalescence in the wider population, the rate of which‘is jointly determined by demography,
BGS and selfing. Although we simulated populations with constant size, N, varies through time
whenever simulations include BGS. In recent time this is due to the transition in coalescence
rate between N, and BN, as lineages move through fitness classes. After this transition, N,
tends to gradually increase again (see Discussion). The large departure between the simulated
demography and realised rate of coalescence shows that demographic inference in selfing populations
is challenging.

Two-epoch demographic histories estimated by the BGS-with-demography model are shown in
Figure 4B. As’a comparison we also estimated past demography using the method of Blischak et al.
(2020), which accounts for partial selfing but not BGS. Generally, we observe that the method of
Blischak et al. (2020) underestimates N, and estimates recent growth despite constant population
sizes. (Figure 4B). The BGS-with-demography model performs better in these respects, but does
overestimate N, in the distant past when the rate of selfing is high. This can be explained by
BGS generating a ‘U-shaped’ distortion in the SFS (Figure S5), while our model assumes that the
distortion is limited to low-frequency alleles. It is nonetheless encouraging that our approach can
provide meaningful estimates of Np,q, through time in selfing populations where the impact of BGS

on patterns of sequence polymorphism is strong.
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Figure 4: The effect of BGS and partial-selfing on coalescent N, through time. (A): The N, implied by
the distribution of pairwise coalescence from simulations that vary in a-and whether they include BGS.
The grey line in each plot corresponds to the simulated population:size and coloured lines correspond
to coalescent N, trajectories from tree sequences for five batches of simulation replicates. (B): Point
estimates of inferred demographic histories from these simulated-data using either the method of Blischak
et al. (2020) or the BGS-with-demography model extended to partial-selfing.

The effect of BGS on genetic diversity.in Capsella grandifiora and C. orientalis

We next investigate the role of BGS in determining levels of genetic diversity in two closely related
plant species; Capsella grandiflora; which is a self-incompatible outcrosser, and C. orientalis, which
reproduces predominantly by selfing. We reanalyse high-coverage whole genome sequence data from
Josephs et al. (2015) and Koenig et al. (2019) by jointly calling variants for 50 C. grandiflora and
16 C. orientalis individuals (see Methods; Tables S3-S5). Estimates of the inbreeding coefficient
Frg reflect the contrasting mating systems of these species, with Frg = 0.044 in C. grandiflora and
Frs =0.87 in € orientalis. Hereafter we assume that C. grandiflora mates randomly (o = 0) and
that C. erientalis reproduces by partial selfing (0 < a < 1). Nucleotide diversity per-site (excluding
CDS) is approximately forty-fold higher in C. grandiflora (m = 0.0094) than in C. orientalis (7 =
0.00024), consistent with a strong effect of selection at linked sites in the predominantly selfing
species.

We first fit the BGS-with-demography model to the outcrossing species C. grandiflora. While we

have previously assumed a two-epoch demographic history and perfect polarisation of alleles when
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Figure 5: The effect of BGS on genetic diversity in C. grandiflora‘and C. orientalis. (A): Nucleotide
diversity () is plotted as a grey line across seven C. grandiflora chromosomes in 200 kb sliding windows.
Predicted levels of w and B from BGS are shown as a red'line. The estimated DFE parameters are
listed above the plot. (B): The same as in (A) but for C. orientalis. (C): Estimates of Ny, through
time for C. grandiflora and C. orientalis plotted on a log-log scale. (D): The normalised unfolded SFS
for C. grandiflora is shown as grey bars and the predicted SFS is shown as red bars. (E): The same as
in (D) but for C. orientalis.

fitting this model to simulated. data, here-we instead assume a three-epoch history and also include
an allele polarisation error parameter that we estimate under neutrality prior the model fitting
(e = 0.0536). We estimate a genome-wide reduction in diversity of B = 0.887 in C. grandifiora,
with the B-map varying between 0.986 and 0.771 across 10 kb windows (Figure 5A). The gamma-
distributed deleterious’ DFE for CDS is estimated with parameter values of u = 3.74 x 1079,
5 =0.00307 and 3 = 10.0. Although this value of § is unrealistic, setting a realistic value gives a
very similar B-map (Figure S6). The inferred demographic history is consistent with an expanding
population as N, increases approximately three-fold over the last 400,000 generations (Figure
5C). Altogether, our results suggest that the effect of BGS on genetic diversity is weak in C.
grandiflora.

Ideally we would fit the same model of BGS-with-demography to the predominantly selfing

species C. orientalis while also including the effect of partial selfing. Unfortunately, the SFS
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for our sample of C. orientalis genomes is very flat (Figure 5E), which makes inference of past
demography challenging. For example, fitting a neutral two-epoch demographic model to this data
together with rates of polarisation error and selfing suggests a 50-fold decrease in N, at T' = 83,383,
with € = 0.232 and a = 0.981. These unrealistic parameter estimates (especially €) suggest that
the shape of the SFS in C. orientalis may reflect other evolutionary forces that are not captured
by our model (see Discussion). With this in mind, we chose to fit a simpler model of BGS-with-
partial-selfing that only uses variation in 7 along the genome, rather than the full'SES. Although
this means we cannot include past demography in our analysis, we avoid the pessibility of biasing
our inference by assuming that variation in the shape of the SFS across the genome reflects BGS.
Instead we only use the shape of the SFS to estimate the rate of gelfing prior to model fitting
(v =0.981).

For C. orientalis we estimate a genome-wide reduction in'diversity/of B = 0.444 from BGS and
a corresponding Np,q, of 40,328 (Figure 5). The estimated DFE suggests very weak selection, with
p=154x10"25=23.35x10"* and B = 0.384. Note that.these DFE estimates are informed by the
sojourn time of deleterious mutations, which we expect to be increased by any negative linkage-
disequilrbium between selected mutations. Although our simulations suggest that this effect is
small when o = 0.90, it is likely substantial.in C. orientalis given a &~ 0.98 and so may explain why
we estimate such a weak DFE. Although we have not used the SFS for estimating BGS parameters,
we can nonetheless obtain an expected SFS for this scenario of BGS-with-partial-selfing. We find
that the expectation from the model, which incudes no demographic change or polarisation error,
is a poor match tothe data (Figure 5E), especially in comparison to the model fit for C. grandiflora
(Figure 5D).

Our results suggest that the reduction in genetic diversity due to BGS (1 — B) is five-fold
greater in C.|orientalis than C. grandifiora. The fact that we simultaneously model partial selfing,
the:DFE and past demography means that we can also estimate the contribution of each of these
processes to the difference in B between the two species. For example, while our model of C.
grandiflora predicts B = 0.887 genome-wide, if we replace the expanding history of C. grandiflora
with a constant population size with equivalent overall N,,q, then we instead predict B = 0.878.
This shows that demography only plays a small role in modulating the effect of BGS on genetic

diversity in C. grandiflora, and that most of the difference in B between these species is instead
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due their contrasting mating systems.

Discussion

Here we have evaluated the performance of two different methods for estimating the effect of BGS
on genetic diversity: the classic-BGS model (Hudson and Kaplan 1995; Nordborg et al. 1996) and
an SFS-based method that aims to jointly model BGS, demography and partial-selfing. Consistent
with previous work, we found that demographic change (Torres et al. 2018; Johri et al. 2021;
Barroso and Ragsdale 2025) and partial-selfing (Nordborg 1997; Kamran-Disfani and Agrawal 2014;
Roze 2016; Burgarella et al. 2024) modulate the effect of BGS on genetie diversity and therefore
lead to biased results when using the classic-BGS model. However, these biases mostly affect
parameters describing the DFE rather than the predicted B-map. As a result, the classic-BGS
model appears to be robust to both demographic change and low rates of partial-selfing if one is
only interested in estimating the overall effect of BGS.on genetic diversity — B. This robustness can
be understood by considering the identifiability of the different parameters in the model. While the
DFE parameters are estimated from patterns.of variation in diversity along the genome (Figure 1),
information about Ny, is mostly contained in'regions where B is close to 1.0. The B-maps from
simulations of randomly mating and mixed-mating populations often had considerable regions of
chromosomes where B ~ 1.0 (Figures 2 and 3), making estimation of N, (and B) straightforward.
By contrast, B-maps from simulations of high-selfing populations tended to have values of B that
were much lower, meaning that estimation of Ny, requires accurate knowledge of the DFE in
order to extrapolate levels of diversity to an unobservable region that is free of BGS. Accurate
inference from such populations therefore requires alternative methods, and our proposed joint
inference approach appears promising in this respect (Figure 3).

Despite. the robustness of the classic-BGS model, our results show that jointly modelling BGS
and‘demography does provide several benefits. In particular, our joint inference approach resolves
the'bias in estimates of p introduced by demographic non-equilibrium and also generates accurate
inference of demography while accounting for BGS (Figure 2). These benefits are demonstrated in
our analysis of C. grandifiora, where we could also show that a demographic history of expansion has

slightly weakened the effect of BGS on genetic diversity in this species. Our approach does assume
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that natural selection is strong relative to drift (2N.sh > 1) and that frequencies of deleterious
mutations equilibrate quickly between epochs, which will not always be true when selection is
weak and effective population sizes are small (Figure S3). Barroso and Ragsdale (2025) have
also recently developed an approach for modelling BGS under non-equilibrium demography. Their
two-locus method does not currently support joint inference (demographic histories are specified
prior to BGS estimation), but it has the major advantage of explicitly modelling weak selection
and deleterious allele frequencies through time. We therefore expect the method of Barrose and
Ragsdale (2025) to be much more accurate than the one we propose here<in regimes of weak
selection. Additionally, because their approach uses polymorphism information at both selected
and linked sites, we expect that estimation of DFE parameters will be more“precise. While we
have found that patterns of linked diversity contain limited information _about the DFE (Figures
2 and 3), it will be interesting to see whether the approach.of Barroso and Ragsdale (2025) will
prove more powerful than DFE estimation methods that.ignore the effect of selection on linked
sites (Keightley and Eyre-Walker 2007).

We have shown that the classic-BGS model effectively breaks down when analysing data from
populations that predominantly reproduce by selfing. By using a new approximation (Equation
2, Roze 2016) we were able to generate far more accurate estimates of B and the DFE (Figure
3). We nonetheless expect that-BGS has additional effects on sequence variation in highly selfing
populations that are not captured.by/our joint inference approach. In particular, negative linkage
disequilibrium is expected to build up between deleterious mutations when outcrossing is rare,
leading to less efficient selection and deleterious mutations that segregate longer than expected given
sh (Hill and Rebertson 1966; Daigle and Johri 2025). This is evidenced by subtle underestimates of
5 for simulated data when o = 0.9 (Figure 3) and estimates of very weak selection for C. orientalis,
where a =~ 0198. We also found that distributions of coalescence times from simulations of BGS
and. partial-selfing were inconsistent with a piece-wise constant demographic history (Figure 4A).
While this could be due to insufficient burn-in (despite 200,000 total generations), an alternative
explanation is that a regime of weak purifying selection and low effective recombination rate leads
to distortions in genealogies that are not captured by a monotonic transition from N, to BN, (Seger
et al. 2010; Striitt et al. 2025). Additionally, Khudiakova et al. (2024) have recently suggested that

weak purifying selection results in a multiple-merger coalescent process, and although outside of
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the scope of this current work, it would be interesting to test whether this can explain the unusually
flat SEFS of C. orientalis (Figure 5E). We expect that our assumptions of independence between
selected sites and a Kingman-like coalescent process may be problematic when populations are
almost completely selfing. In such cases, simulation-based inference may be a better prospect for
accurately estimating the effect of BGS on genetic diversity (Johri et al. 2021).

Several authors have suggested that BGS should be included in baseline / null models of evolu-
tion (Comeron 2014; Johri et al. 2020). Here we have tested whether BGS (modulated by demog-
raphy and partial-selfing) can explain the large difference in genetic diversity-between two closely
related species — C. grandiflora and C. orientalis — or if additional demographic and selective forces
are required. We estimate that the effect of BGS on genetic diversity is approximately five-fold
greater in the predominant selfer C. orientalis, yet maximum composite/likelihood estimates of
Npaz for these species still differ by an order of magnitude (Figure 5): This suggests that much of
the difference in diversity between these species is instead explained by other factors. Both selective
sweeps and population bottlenecks are expected to have argreater impact on genetic diversity in pre-
dominantly selfing species (Baker 1955; Andersen et al. 2012; Pannell 2016; Hartfield and Bataillon
2020). These two processes are particularly promising explanations for the large disparity in genetic
diversity between C. grandiflora and” C. orientalis as they could also explain the highly distorted
SF'S of the latter species. Anothér important factor that we have not considered in our analysis is
population structure. While the C. grandiflora individuals that we analysed were sampled from a
single population in Greece (Josephs et al. 2015), the C. orientalis individuals were sampled from
across central Asia (Koenig et al. 2019; Table S3). This sampling scheme will lead to increased es-
timates of nucleotide diversity whenever migration between populations is weak relative to drift (Li
1976). Additionally, recent work has shown that the effect of BGS on total nucleotide diversity in a
metapopulation setting depends on the rate of migration (Hasan and Whitlock 2024). Accounting
fornthe effect of population structure when estimating BGS from sequence data is therefore an
important direction for future methods development. Although fitting models that include many
evolutionary processes is still difficult, methods that perform joint inference of a few interacting

forces provide a promising approach to disentangling the determinants of genetic diversity.
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Methods

Classic-BGS

We implemented the classic-BGS model by calculating the composite likelihood of levels of nu-
cleotide diversity in genomic windows across the genome, given values of N4, g, 5 and gt For
each genomic window we calculate B as BpB,,, where By is the contribution to B from purifying
selection elsewhere in the genome and B, is the contribution of purifying selection within that

window. By integrating Equation 1 across a DFE, By for genomic window k can be calculated as:

' sh(1+ (=2r; + sh(2r — 1))?)
Bo = Bop{= ui/ /(s ds), 3
o ( Z; 3/2N.h (®) (ri + sh — r;sh)? ) 3)

where p; is the deleterious mutation rate in window ¢ and r; is‘the map distance between windows
k and i given by Haldane’s mapping function (Haldane 1919). When windows k and i are on
different chromosomes r; = 0.5. f(s) is the probability density function of a gamma distribution
parameterized by mean § and shape :

S(Bfl)

S6L= e eI @)

To calculate B, we assume that.deleterious mutations are distributed uniformly within the window

and average Equation 9 of Nordborg et al. (1996) across a window by integration to give:

ds, (5)

S
/2Neh A R (sh —1)?

1 Ry — Rysh + sh In(4% + sh — Rysh)
By, = Uy /
3
where Uy, and Rj. arethe diploid deleterious mutation rate and recombination fraction in window k,

respectively. Given B values for each window of the genome we calculate a log composite likelihood

as:

InCL=3" p ln(eﬁl) +my ln(elﬂ) (6)

where p; and m; are counts of the number of sites in window 7 where a pair of samples are poly-

morphic and monomorphic, respectively, and 6; is calculated as:
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9@' = B;4Npaz Hn s (7)

where p, is the neutral de novo mutation rate per-generation. The value of pu, is not estimated
from the data and is instead set prior to model fitting. This parameter is expected to have little
effect on estimation of BGS as it only determines the absolute value of N, and the lower bound
of the integrals in Equations 3 and 5 (as N. = 7/(4pn)).

Even when grouping adjacent sites into windows, calculation of composite likelihoods. for whole
genomes can be prohibitively slow as the integrals in Equations 3 and 5 must. be taken over thou-
sands of recombination distances. To improve speed we evaluate these integrals across a grid 40 and
11 values of r and R given the parameters s and (5, and then usedinear interpolation to estimate
By and B,, for each window (Comeron 2014). We perform a two-step,derivative-free optimisation
procedure to maximize the InCL. We first perform a global‘search using our own implementa-
tion of the Controlled Random Search algorithm (Kaelo and\Ali 2006) and then use the maximum
likelihood parameter combination from this search as\a starting point for a local search with the

Nelder-Mead algorithm implemented in nlopt v2.7.1(Nelder and Mead 1965; Johnson 2007).

BGS-with-demography

We extended the classic-BGS model to jointly estimate the effects of demography and BGS on
sequence variation. Demaegraphy is modelled as a piece-wise constant history where time is divided
into epochs so that the rate of coalescence in epoch t is 1/(2N¢) and the boundary between epoch
t and t + 1 is 15. Por example, in the absence of BGS and assuming a two-epoch history, the
rate of coaléscence through time is determined by parameters Ny, N1,Tp. In the presence of BGS,
the coalescent:history of genomic window i can be approximated by rescaling each N; by B,
where B;; is calculated using Equations 3 and 5. One issue with these calculations is that the
lower-bound of the integrals depend on the coalescent N, that results from BGS, which is unknown
for individual epochs. We therefore initially assume the coalescent N, implied by genome-wide
nucleotide diversity and perform iterative calculation of the B-map until BMNt converges.
Backwards in time, the rate of coalescence only reaches 1/(B2Np,,;) once all lineages in the

sample are in the least loaded fitness class. Nicolaisen and Desai (2013) derived an approximation
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for the coalescent N, at time ¢ generations in the past due to this transition:

B ,LLSh(l o e—nt—sht)Z
Ne = Npag E:L’p(— Z (ri + Sh)2 ) (8)

Performing calculations across values of ¢ for every window in a genome would likely be prohibitively
slow. We instead perform a simpler calculation using the term in Equation 8 that determines the

speed of the transition, while neglecting recombination and again integrating across the DFE:

1

N, ~ Nmax<1 —(1- B)/3 F(5)(1 — e=ohty? ds). (9)

/2Neh
We thereby assume that the speed of the transition in coalescence rate is shared-across the genome.
This approximation is a drastic simplification of the coalescent process under purifying selection
/ BGS (Striitt et al. 2025). At the same time, a comparison of this approximation to those of
Nicolaisen and Desai (2013) show that it is a good fit for transition dynamics in regions of low
recombination (Figure S7), which is where BGS is expected to be strongest and capturing the
transition in coalescence rate is most important.

For each genomic window the coalescent history is described by rescaled demographic parame-
ters (e.g. BoNo, B1 N1, Tp) and a two-step transition from Ny, t0 B Nye, calculated by evaluating
Equation 9. We then use moments v1.1.16/to calculate the expected SFS of each window given its
piece-wise constant coalescent history/(Jouganous et al. 2017). The log composite likelihood of the

model given windowed.SE'S along the genome is calculated as:

n—1
InCL =Y "> pijin(&,), (10)
=0

i
where &; ; is the-expected frequency of sites with a derived allele count of j in window 7 and p; ; is
the observed count of these sites. Note that the 0! entry in the SFS corresponds to monomorphic
sites’in the sample. We perform the same optimisation procedure as described above, but during
the'initial global search we round values of B to two decimal places to reduce the computational
burden of calculating many similar expected SFS. Discretising the B-map in this way results in a

substantial speed-up in computation but does also reduce the smoothness of the likelihood surface.
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BGS-with-partial-selfing

To include partial-selfing in the inference approach we integrate Equation 2 over the DFE to
calculate Bp. This approximation combines Nordborg’s (1997) approximation (that is obtained
in the limit of weak recombination from Roze’s (2016) more general model), and Roze’s (2016)
high selfing approximation. Numerical analysis indicates that the predictions obtained from this
approximation are often close to the predictions from the more general model. To calculate B,
and the transition in coalescence rate we rescale recombination rates and dominance coefficients by
r(1 — F) and h(1 — F) 4+ F, respectively, in Equations 5 and 9 (Nordborg 1997).

As above, we calculate the expected SFS for each genomic window given locally rescaled demo-
graphic parameters. Under partial-selfing coalescence rates are additionally.rescaled by (14 F') and
we use the inbreeding aware implementation of dadi (v2.3.3).to calculate expected spectra while
accounting for the distortion introduced by sampling diploid individuals (Blischak et al. 2020).

Calculating B-maps and SFS along the genome under partial-selfing requires knowledge of a.
This can be included as a free-parameter in the model; with the shape of the SFS and patterns
of nucleotide diversity along the genome informing its ' value. We tested this approach and found
that convergence of model parameters was much slower than if fixing « prior to model fitting. We
therefore take the latter approach by calculating Frg or performing an initial estimation from the

SF'S under neutrality.

Forward simulations

Forward simulations)were performed with SLiM v4.2.2 (Haller et al. 2019; Haller and Messer 2023).
Each simulation included three chromosomes that emulate chromosomes 1, 2 and 3 of the Capsella
rubella-genome. Coordinates of CDS positions corresponded to those of the genome annotation
from Slotte et al. (2013) and recombination rates correspond to the map generated by Slotte
et al. (2013) and later curated by Brazier and Glémin (2022). Recipes from the SLiM manual
were used to model deleterious mutations within CDS, free recombination between chromosomes,
instantaneous changes in population size and reproduction by partial-selfing. We simulated three
different demographic scenarios: constant, growth and decline. The constant population size was

N = 10,000, the growth parameters were Ng = 19,425, N; = 3885, Ty = 19,425 and the decline
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parameters were Ng = 2919, N1 = 14,595, Ty = 2919, where Ny corresponds to the size of the
population in the most recent time epoch. Simulations with random mating consisted of 12N
generations and those with partial-selfing consisted of 12N/(1 + F') generations. We set the total
number of generations to 200,000 for the simulations used to generate the results shown in Figure 4
to reduce the possibility that insufficient burn-in explained changes in coalescent N, through'time.
Each simulation was repeated 100 times with the output being a population-level tree sequence
(Kelleher et al. 2018; Haller et al. 2019).

Tree sequences were recapitated and simplified using pySLiM v1.0.4, tskitv0.5.6 and msprime
v1.3.1 (Baumdicker et al. 2021). Five diploid individuals were sampled perssimulation for randomly
mating populations, whereas ten diploids were sampled for partial-selfing populations to ensure
that estimation of a was not a limiting factor in our analysis.. Neutral mutations were added to
tree sequences while assuming a discrete genome and a per-site per-generation mutation rate of
7.5 x 1072, Windowed SFS were tallied from tree sequences while removing the contribution of
CDS to both polymorphic and monomorphic sites. We also.outputted a VCF file for each simulation
which was used to calculate Frg via the method of Weir and Cockerham (1984).

For each simulation scenario we pooled data‘from the 100 replicates and fit BGS models to
these windowed SFS to obtain point”estimates of model parameters and B-maps. We generated
bootstrap replicates by randomly sampling 100 simulation replicates with replacement 100 times.
These bootstrap replicates were analysed to calculate the uncertainty in parameter estimates, with
upper and lower 95% Cls calculated as the 2.5 and 97.5 percentiles of parameter estimates across

bootstrap replicates:.

Analysis of Capsella data

Paired-end Illumina whole genome sequence data for 50 C. grandiflora and 16 C. orientalis indi-
viduals were downloaded from BioProjects PRINA275635 and PRJEBG6689, respectively (Josephs
et al. 2015; Koenig et al. 2019; Tables S3-S5). Mapping and variant calling was performed us-
ing a modified version of the snpArcher pipeline (Mirchandani et al. 2024; https://github.com/
ThomasBrazier/snpArcher-dev), with the C. rubella genome assembly (GCF_000375325.1; Slotte
et al. 2013) as a reference. The main modification was the inclusion of a module for calculating

callable sites for each sample (> 10 reads but < 3x mean coverage) using mosdepth (Pedersen and
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Quinlan 2018). Callable sites were further refined by identifying and removing putative paralogous
loci using ngsParalog (Linderoth 2018). The calculation for estimating excess heterozygosity used
by ngsParalog was modified to account for partial-selfing. Specifically, the probability of observ-
ing a heterozygous genotype given a derived allele frequency p and inbreeding coefficient F' was

calculated as:

P(het) = 2p(1 — p)(1 — F). (11)

This calculation allowed us to identify paralogous loci for C. orientalis by-calculating Frg and
removing paralogs iteratively. We used the resulting intervals to define non-CDS regions where
at least 10 C. grandiflora and 10 C. orientalis samples had callable sites (49 Mb in total). From
these intervals we calculated unfolded SFS in 10 kb windows'along the genome, with multivari-
ate hypergeometric sampling of genotypes used to downsample spectra to 10 diploids per-species.
Polarisation of alleles was performed using the genotypes of.the other species, with sites showing
polymorphism in both species being set to non-<callable. Given the possibility of imperfect allele
polarisation we estimated an error parameter.(€) for €. grandiflora by fitting a neutral three-epoch

model to the SFS with € as a free parameter. Under this model the expected SFS is calculated as:

Eengi<n—1 =& — €& +€&ni, (12)

where &; is the expected:frequency of polymorphisms with ¢ derived alleles given the demographic
history. The value- of ‘€ estimated under this model was assumed when fitting the BGS-with-
demography model. We also estimated e for C. orientalis under a neutral demographic model but
found that the parameter values were unrealistic (see Results) and therefore chose to fit a model
of BGS-with-partial-selfing where only levels of windowed nucleotide diversity are considered.

We used the recombination map and CDS annotation of C. rubella to fit BGS models, while
assuming that deleterious mutations are confined to CDS. Sequence variation on chromosome 5
(KB870809.1) was excluded from the analysis because of errors in the recombination map (Brazier
and Glémin 2022). Note that we included CDS positions across the entire genome in our analysis,
even for chromosomes or windows with no callable sites. We assumed a de novo mutation rate of

tn =7 x 1079 per-site per-generation, given estimates in Arabidopsis thaliana (Weng et al. 2019),
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and a generation time of one year. The last two bins of the SFS (n — 1, n — 2) were masked
when fitting BGS models as such polymorphisms are likely to be inflated by any reference bias.
We fit BGS models using 10 replicate runs for each dataset to assess convergence. We found that
the BGS-with-partial-selfing model that was fit to the C. orientalis data showed unsatisfactory
parameter convergence across replicates and so we repeated the analysis with narrower parameter
ranges. Results from repeated runs are found in Tables S6 and S7, with results from the maximum

composite likelihood run reported in the main text.

Data availability

Code for performing forward simulations with SLiM and fitting BGS models is available at https:
//zenodo.org/records/17465489 (Mackintosh 2025). The filtered VCF file, bed file of callable
regions and windowed spectra for the two Capsella species can be found at the same reposi-
tory. Python code for fitting BGS models to sequence data‘is available at https://github.com/

A-J-F-Mackintosh/Binfer.
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