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Abstract14

The effect of natural selection on linked sites has been suggested to be a major de-15

terminant of genetic diversity. While it is in principle possible to estimate this effect16

from genome sequence data, interactions between selection, demography and inbreed-17

ing are expected to make inference less reliable. Here we investigate whether the18

genome-wide reduction in diversity due to background selection (B̄) can be accurately19

estimated when populations are at demographic non-equilibrium and/or reproduce by20

partial self-fertilisation. We show that the classic-BGS model is surprisingly robust to21

both demographic non-equilibrium and low rates of selfing, although both processes22

do lead to biased estimation of the distribution of fitness effects (DFE) of deleteri-23

ous mutations. A high rate of selfing leads to poor estimation of both B̄ and DFE24

parameters. We propose an alternative approach where background selection, demog-25

raphy and partial selfing are jointly estimated from windowed site frequency spectra.26

This approach resolves most of the bias observed under the classic-BGS model and27

can also generate estimates of past demography that account for the effect of back-28

ground selection and partial selfing. We apply the approach to genome sequence data29

from Capsella grandiflora and C. orientalis, which have contrasting mating systems30

and display a forty-fold difference in nucleotide diversity. Our results suggest that31

background selection has a weak effect on levels of genetic diversity in the outcrosser32

C. grandiflora (B̄ = 0.89) and a more substantial effect in the predominantly selfing33

species C. orientalis (B̄ = 0.44), but that background selection alone cannot explain34

their disparity in genetic diversity.35
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Introduction36

Genetic diversity varies by several orders of magnitude across species of animals and plants (Leffler37

et al. 2012; Romiguier et al. 2014; Chen et al. 2017; Buffalo 2021). A number of processes are38

suggested to contribute to this variation, including differences in de novo mutation rate, fluctuations39

in census population size, population structure and variance in offspring number (reviewed in40

Charlesworth and Jensen 2022). Comparative analyses have revealed several correlates of genetic41

diversity, including parental investment and longevity (Romiguier et al. 2014; Chen et al. 2017). In42

plants, mating system is a key determinant of genetic diversity (Chen et al. 2017), as species that43

reproduce via self-fertilisation will have reduced diversity from inbreeding (Nordborg and Donnelly44

1997). Despite these broad-scale patterns, it is still challenging to fully explain differences in45

diversity between closely related species (Stoffel et al. 2018; Mackintosh et al. 2019; Barry et al.46

2022). We also lack a precise explanation for why diversity varies so little in comparison to census47

population size (Lewontin 1974).48

The effect of natural selection on linked sites is a potential explanation for at least some of the49

variation in genetic diversity observed among species. Positive selection acting on a new mutation50

leaves a surrounding valley of reduced diversity, i.e. a selective sweep, with the width of the valley51

being inversely proportional to the sojourn time of the selected allele (Smith and Haigh 1974).52

Recurrent sweeps are expected to have a major impact on genetic diversity in species with large53

populations and low rates of sexual reproduction / recombination, but to have a much more limited54

effect in species with small populations and high rates of recombination (Nam et al. 2017; Ollivier55

et al. 2025). Purifying selection also leads to a reduction in genetic diversity at linked sites in56

a process known as background selection (BGS; Charlesworth et al. 1993; Charlesworth 2012).57

Although selection against a single deleterious mutation has only a very small effect on levels58

of linked diversity (Hudson and Kaplan 1995; Nordborg et al. 1996), deleterious mutations are59

common enough so that their combined effect can shape the landscape of diversity across genomes60

and, potentially, lead to considerable differences in genetic diversity between species.61

Evaluating the role of BGS in determining levels of genetic diversity within and between species62

requires estimation of BGS from sequence data. Hudson and Kaplan (1995) and Nordborg et al.63

(1996) derived expectations for the scaled reduction in diversity (B) due to purifying selection acting64
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on a deleterious mutation at some recombination distance away. Importantly, they showed that65

this expectation can be used to predict patterns of nucleotide diversity along the genome, provided66

that natural selection is strong relative to drift and that the frequencies of deleterious mutations67

are independent of one another. This model, hereafter referred to as classic-BGS, has since been68

used to estimate the reduction in diversity due to BGS in model systems such as humans and69

Drosophila (McVicker et al. 2009; Comeron 2014; Elyashiv et al. 2016; Murphy et al. 2022), as well70

as in a handful of non-model species (Liang et al. 2022; Pope et al. 2023). Most notably, Corbett-71

Detig et al. (2015) used classic-BGS theory to estimate the combined effect of BGS and recurrent72

sweeps on genetic diversity across 40 species of animals and plants. They found that species with73

larger census size experience a greater reduction in genetic diversity from selection at linked sites,74

and suggested that this effect explains the narrow range of genetic diversity levels observed across75

species. Although the strength of this conclusion has since been challenged (Coop 2016; Buffalo76

2021), comparative analyses like that of Corbett-Detig et al. (2015) are an undoubtedly useful77

approach for understanding the role of selection at linked sites in determining levels of genetic78

diversity in nature.79

Classic-BGS theory assumes that a population is at demographic equilibrium, yet recent work80

has shown that demographic change modulates the effect of BGS on genetic diversity (Torres et al.81

2018; Johri et al. 2021; Barroso and Ragsdale 2025). Inbreeding via self-fertilisation also influences82

the strength of BGS, and although recombination rates and dominance coefficients can be rescaled83

to account for selfing (Nordborg 1997; Glémin and Ronfort 2013), this approach is known to be84

inaccurate when the rate of selfing is high enough (Kamran-Disfani and Agrawal 2014; Roze 2016).85

The fact that BGS is influenced by both demography and selfing suggests that the classic-BGS86

model may provide inaccurate estimates under these conditions. More generally, it is unclear87

whether this approach can be used for full parametric inference given that previous investigations88

often fix some of the parameters describing the distribution of deleterious fitness effects or only89

assess a small number of parameter combinations (Comeron 2014; Corbett-Detig et al. 2015; Liang90

et al. 2022).91
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Overview92

Here we investigate approaches for inference of BGS from genome sequence data. We use simulations93

to test the performance of the classic-BGS model under a range of conditions involving demographic94

non-equilibrium and partial-selfing. We also propose an alternative approach which aims to jointly95

model BGS, demography and partial-selfing, and we compare the performance of this model to96

classic-BGS. Our main focus is accurate estimation of the genome-wide reduction in genetic diversity97

due to BGS (B̄), but we also test the ability of these methods to estimate the distribution of98

deleterious fitness effects (DFE), variation in B along the genome (B-maps), and, where applicable,99

the demographic history of the population. We apply our proposed joint inference method to two100

species of Capsella with contrasting mating systems and conclude by discussing recent progress101

and outstanding challenges in estimation of BGS from sequence data.102

Results103

Constant population size and strong selection104

We implemented the classic-BGS model as a method for estimating the reduction in genetic diversity105

due to BGS along the genome (B). Our implementation is similar to those of previous work106

(Comeron 2014; Elyashiv et al. 2016) (see Methods for details). One notable difference is that we107

do not use the approximation for B derived by Hudson and Kaplan (1995) and Nordborg et al.108

(1996), and instead use:109

B ≈ Exp
(
−
∑
i

µisihi(1 + (−2ri + sihi(2ri − 1))2)

(ri + sihi − risihi)2

)
(1)

from Roze (2016), where µi is the deleterious mutation rate at selected site i, si is the reduction in110

fitness in a homozygote, hi is the dominance coefficient, and ri is the recombination distance to the111

selected site. Unlike the approximations of Hudson and Kaplan (1995) and Nordborg et al. (1996),112

Equation 1 holds under loose linkage and for unlinked mutations (ri = 1/2 ; see Matheson and113

Masel 2024 for an investigation of this issue). We assume that all selected sites share the same µ114

and h but that fitness effects of deleterious mutations (DFE) are gamma distributed and therefore115

parameterised by mean s̄ and shape β. There are four free parameters in the model – Nmax, µ,116
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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 (µ = 5.5 × 10−9, s̄ = 0.0275, β = 0.55) and
assuming an Ne of 10,000.

s̄, β – and we assume h = 0.5 throughout as this parameter is not identifiable (note that s and h117

always appear together as a product in Equation 1). The Nmax parameter refers to the effective118

population size in the absence of BGS, so that the overall reduction in genetic diversity (B̄) is equal119

to Ne/Nmax. The problem of estimating B̄, which is our main quantity of interest, can therefore120

be rephrased as estimation of Nmax.121

Before fitting this model to data, we can first gain intuition about how each DFE parameter122

affects patterns of linked diversity by visualising analytic predictions of B. Figure 1 shows how123

varying either µ, s̄ or β across a factor of ten, while holding the other two parameters constant,124

affects the predicted value of B given a single site under purifying selection at recombination125

distance r. Varying µ affects B equally across all values of r. By contrast, varying s̄ changes the126

relative contributions of tightly and loosely linked sites to BGS. The shape parameter β determines127

the spread of selection coefficients around s̄ and, as a result, it determines the spread of B across128

recombination distances. The effect of β on B is subtle overall (Figure 1), suggesting that this129

parameter may be challenging to estimate precisely. We nonetheless expect that all three DFE130

parameters will be identifiable as long as their is sufficient information in the data (Figure S1).131

To test the performance of the classic-BGS model under favourable conditions we simulated132

a panmictic population of constant size where mutations within coding DNA sequence (CDS) are133

subject to strong purifying selection (N = 10,000, µ = 7.5 × 10−9, s̄ = 0.01, β = 3, see Methods134

for more details). These simulations were conditioned on the CDS annotation and recombination135

map of three Capsella rubella chromosomes (Slotte et al. 2013), totaling 49 Mb in length. In these136
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simulations BGS reduced genetic diversity within intergenic regions by 19%, i.e. B̄ = 0.81, and this137

reduction varied across the genome due to variation in recombination rate and gene density (Figure138

S2A). We fit the classic-BGS model to these simulated data, using nucleotide diversity across 10139

kb windows at input. The B-map predicted by the model is a qualitatively good fit to the B-map140

generated by the simulation (Figure S2A) and maximum composite likelihood (MCL) parameter141

estimates (Nmax = 9997, µ = 7.21 × 10−9, s̄ = 0.0087, β = 3.08) are also a good match to the142

parameters of the simulation. We estimated the uncertainty in parameters by bootstrapping across143

the simulation replicates. While the 95% CIs are narrow for the Nmax parameter (9957− 10,049),144

they are wider for µ (7.03−7.56×10−9) and s̄ (0.0070−0.0111), and very broad for β (1.23−10.00)145

(Figure S2B), which is consistent with β having a subtle effect on B. These results show that146

the classic-BGS model can accurately estimate Nmax, and by extension the reduction in genetic147

diversity due to BGS – B̄ – but that variation in nucleotide diversity across the genome is only148

weakly informative about the DFE.149

Our simulations are conditioned on the recombination map of C. rubella (Slotte et al. 2013;150

Brazier and Glémin 2022), where recombination varies on a scale of 100 kb. We assume this151

map when fitting the model, yet in reality most estimated recombination maps will tend to be152

more coarse than the true map. To investigate this issue we repeated the analysis conditioning153

on maps where recombination rate is instead measured in intervals of 1 or 5 Mb. We find that154

coarse recombination maps lead to poorly fitting B-maps and biased parameter estimates (Figure155

S2). However, Nmax is still well estimated when using these recombination maps, albeit with more156

uncertainty (Figure S2). This suggests that accurate estimation of B̄ is possible even with only157

partial information about recombination.158

Non-equilibrium demography159

We next consider the effect of non-equilibrium demography on estimation of BGS parameters.160

We modified the simulation procedure to include an instantaneous five-fold growth / decline in161

population size at time T generations in the past, where T is equal to N in the most recent epoch162

(see Methods). Values of N were chosen to ensure that different simulation scenarios would have163

the same level of nucleotide diversity at the time of sampling in the absence of BGS. Within these164

simulations the average reduction in diversity due to BGS was greater for the decline demography165

7
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(B̄ = 0.75) than for the growth demography (B̄ = 0.89) (Figure 2A). This interaction between166

demography and BGS has been reported previously (Torres et al. 2018; Johri et al. 2021; Barroso167

and Ragsdale 2025). It can be explained by BGS increasing the rate of coalescence and by extension168

the probability that lineages coalesce in earlier epochs, so more frequently when N is small (see169

the Appendix of Johri et al. 2021). We fit the classic-BGS model to these simulated datasets and170

found that in both cases the predicted B-map provides a good fit to the simulated B-map (Figure171

2A). The Nmax parameter (which for non-equilibrium demographies corresponds to the reciprocal172

of the overall rate of coalescence in the absence of BGS) is slightly overestimated for the decline173

demography, but the bias is very small (∼ 1%; Figure 2B). Estimates of s̄ and β have similar174

accuracy and precision to those from simulations with constant population size. However, we find175

that the deleterious mutation rate is estimated incorrectly for both non-equilibrium demographies176

(Figure 2B). This parameter (µ = 7.50 × 10−9) is underestimated under a scenario of population177

growth (3.96 × 10−9, (3.85 − 4.16)) and overestimated under population decline (10.40 × 10−9,178

(9.91 − 12.32)). This bias can be understood by considering the interaction between demography179

and BGS described above: the effect of BGS on nucleotide diversity is modulated by changes180

in population size and, because demography is missing from the model, this is accounted for by181

changing µ. So although the classic-BGS model provides meaningful estimates of Nmax under182

demographic non-equilibrium, estimates of µ become biased.183

Barroso and Ragsdale (2025) have also recently shown that demographic non-equilibrium leads184

to biased DFE inference under the classic-BGS model and have developed an elegant two-locus185

method to resolve this issue. Here we investigate an alternative approach for jointly estimating186

BGS and demography that uses information contained in site frequency spectra (SFS) along the187

genome. The approach is similar to the classic-BGS model with some notable differences. First,188

we calculate the composite likelihood of observing windowed SFS along the genome, rather than189

levels of nucleotide diversity. Second, we include a two-epoch demographic history and estimate B190

values separately for each epoch. Finally, we account for the transition in the rate of coalescence191

from Nmax to BNmax in recent time using an approximation based on the results of Nicolaisen and192

Desai (2013). In summary, we model the rate of coalescence within each genomic window using193

demographic parameters that are shared genome-wide (N0, N1, T ) along with epoch-specific B194

values for each window that depend on the local effect of BGS through time (B0, B1) given the195
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Figure 2: Estimation of BGS under non-equilibrium demography. (A): The reduction in genetic diversity
from BGS along one chromosome 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 Nmax, µ, s̄ and β. Point estimates are shown as large
points and bootstrap estimates are shown as small jittered points. Vertical lines show 95% CLs 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 (N) of
the simulated 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 (µ, s̄, β).196

We fit this model of BGS-with-demography to the simulated datasets analysed in the previous197

section, which differ only in their demographic history (constant, growth and decline). We find198

that the B-maps predicted by this model are almost identical to those predicted by the classic-BGS199
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model (Figure 2A). While the classic-BGS model failed to accurately estimate µ for histories of200

non-equilibrium demography, the new model provides accurate estimates of µ for all three simulated201

datasets (Figure 2B). The small bias in estimates of Nmax under the decline demography is also202

resolved (Figure 2B). The BGS-with-demography model estimates a two-epoch demographic history203

that approximately accounts for the effect of BGS on sequence variation. These estimated histories204

provide excellent matches to the simulated demographic parameters (Figure 2B). As a comparison,205

we estimated demography from the same simulated datasets using a neutral two-epoch model as206

well as StairwayPlot2 (Liu and Fu 2020) (which also assumes selective neutrality). We find that207

both of these methods generate estimates of Ne that are lower than the simulated N values by208

approximately a factor of B̄ (Figure 2B). Additionally, these methods incorrectly estimate the209

timing of changes in Ne, especially for the decline demography. For the constant population size210

simulations these methods estimate a small increase in Ne in recent time, corresponding to the211

transition between Nmax and BNmax (Nicolaisen and Desai 2013; Figure 2B). By contrast, the212

model of BGS-with-demography, which aims to capture this transition in the rate of coalescence,213

has only a very small amount of error in recent time (N is underestimated by 2.8%). Although the214

model of BGS-with-demography that we consider is approximate in nature, these results show that215

it can resolve bias associated with the classic-BGS model and also provide estimates of demography216

that account for the effect of BGS on sequence variation.217

Weak selection218

So far we have only simulated strong purifying selection where almost all deleterious mutations will219

be removed by natural selection. Specifically, we simulated a deleterious DFE with s̄ = 0.01 and220

β = 3, where the large value of β ensures that most mutations will satisfy the condition 2Nsh ≫ 1.221

However, estimates of the DFE across a wide range of species have shown that β tends to be < 1222

(Chen et al. 2017), suggesting that the DFE often has a considerable fraction of weakly deleterious223

mutations. The model of BGS-with-demography presented above can likely accommodate weak224

selection to some degree because the DFE is truncated at s = 3/(2Neh) within each epoch (see225

Methods). Truncating the DFE in this way is nonetheless an approximation and so inference could226

become biased if weakly deleterious mutations are sufficiently common. To investigate the effect227

of weak selection we repeated the simulations above while setting β = 0.333 and s̄ = 0.001. These228
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values imply that most new mutations will have mildly deleterious fitness effects (i.e. 2Nsh < 10)229

when Ne = 10,000.230

The overall reduction in genetic diversity due to BGS in these simulations was B̄ = 0.89, 0.94, 0.87231

for constant, growth and decline demographies, respectively, which are smaller reductions than ob-232

served under strong purifying selection (see previous section). We fit both the classic-BGS and233

BGS-with-demography models to the simulated data. The B-maps predicted by these two mod-234

els are almost identical and provide a qualitatively good fit to the simulations (Figure S3A). We235

again find that the BGS-with-demography model generates accurate estimates of the demographic236

history, whereas methods that assume neutrality are consistently biased (Figure S3B). However,237

we find that the DFE parameters tend to be poorly estimated (Figure S3B). The two models give238

similar DFE estimates for simulations with constant and decline demographies, but estimates from239

the BGS-with-demography model for simulations with population growth are particularly biased.240

We suspect that the piece-wise constant assumption of our model may introduce bias whenever241

deleterious allele frequencies are slow to equilibrate. When we refit these models while fixing µ to242

the true value (which would be a realistic possibility in some model species), we find that estimates243

of the DFE parameters are more precise and accurate (Figure S4), although small biases can still244

be observed. These results again show that the DFE is challenging to estimate from this type of245

model. Importantly, Nmax, B-maps, and demographic histories are accurately estimated under the246

BGS-with-demography model, even when the DFE is not.247

Partial selfing248

To investigate the effect of partial selfing on estimation of BGS we modified the general simula-249

tion procedure used above to include reproduction by self-fertilisation at rate α. We simulated250

a mixed-mating population (α = 0.4) and a high-selfing population (α = 0.9), both with a con-251

stant population size of N = 10,000 diploids and a deleterious DFE that includes both strongly252

and weakly selected mutations (s̄ = 0.01, β = 0.333). We find that overall nucleotide diversity is253

reduced by a factor of 0.63 in the mixed-mating population and by a factor of 0.23 in the high-254

selfing population. However, these reductions include both the effects of selfing and BGS. Using255

knowledge of α, these values can be rescaled so that they only represent the effect of BGS: with256

B̄ = 0.80 and B̄ = 0.43 for mixed-mating and high-selfing, respectively. Given that B̄ = 0.85257
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for a randomly-mating population with the same size and DFE (see above), this shows that the258

interaction between selfing and BGS is weak when populations reproduce by mixed-mating but259

substantial under high-selfing.260

We fit the classic-BGS model to these simulated data. Estimates of Nmax from this model261

are underestimates of the simulated N . This is expected given that partial selfing increases the262

long-term rate of coalescence by a factor of (1+F ) (where F = α/(2−α)) and the probability that263

a pair of lineages reach this long-term process when sampled from a diploid is only (1 − F ). The264

DFE parameter estimates from the classic-BGS model broadly match the true values for the mixed-265

mating population, albeit with a significant upwards bias in estimates of s̄. Estimates for the high-266

selfing population are strongly biased (Figure 3). Similarly, the predicted B-map is a qualitatively267

good fit for mixed-mating, but the effect of BGS on genetic diversity is underestimated for the268

high-selfing population. The classic-BGS model is therefore surprisingly robust to reproduction by269

mixed-mating but gives inaccurate estimates of the DFE and B̄ under high-selfing.270

The BGS-with-demography model is expected to have the same limitations when fit to data271

from partially selfing populations. It is, however, possible to extend the model to account for partial272

selfing. First, the expected B value for a given time epoch and genomic window can be calculated273

using an approximation for the effect of BGS on the rate of coalescence under partial selfing. Here274

we use a new approximation based on the results of Roze (2016):275

B ≈ Exp
(
−
∑
i

µisih
′
i(1 + 2ri)

2

(r′i + sih′i(1 + 2ri))2

)
. (2)

where r′ = r(1 − F ) and h′ = h(1 − F ) + F . This approximation is expected to better capture276

the contribution of loosely linked loci to BGS than that of Nordborg (1997). Second, the expected277

SFS for a genomic window should reflect the increased rate of coalescence from selfing, as well as278

the distortion in shape due to sampling diploid individuals. This has been addressed by Blischak279

et al. (2020) and here we use their inbreeding aware implementation of ∂a∂i to obtain the SFS for280

each genomic window. Together these changes allow estimation of BGS parameters conditional on281

α, which can be estimated from FIS or the SFS prior to model fitting, or left as a free parameter.282

We reanalysed the data from simulations including partial selfing using this selfing-aware model283

of BGS-with-demography while conditioning each analysis on the value of α implied by FIS . Under284
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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% CIs. A log y-axis is used for plots showing
estimates of s̄ and β. (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 s̄ (Figure285

3A). Under high-selfing, parameter estimates have more variance but are again approximately286

unbiased (Figure 3A). The predicted B-map for the high-selfing population is also a better fit than287

that from the classic-BGS model (Figure 3B). In principle, this model should also perform well288

for partially selfing populations at demographic non-equilibrium. We therefore simulated partially289

selfing populations with growth and decline demographies (as above) and fit both the classic and290

new model to these data. We find that the new model always generates a better fitting B-map, but291

that the improvement in mean error depends on demography (small for growth but substantial for292

decline). Estimates of µ and s̄ from the new model are also always more accurate, although there293
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is evidence for bias in some cases (e.g. estimates of β for a scenario of high-selfing with growth;294

Figure 3A). We performed additional simulations under high-selfing with varying µ and found that295

estimation is less accurate when the deleterious mutation rate is high (Tables S1 and S2), but296

that the new model consistently performs better than classic-BGS. Altogether, these results show297

that it is possible to obtain better estimates of the effect of BGS on genetic diversity by explicitly298

modeling demography and partial selfing.299

While BGS leads to a small bias in the results of demographic inference under random mating300

(Figure 2), we expect the bias introduced under partial-selfing to be much larger. We can evaluate301

this by examining the distribution of pairwise coalescence times from the simulated genealogies302

(i.e. tree sequences). Since the rate of coalescence through time is inversely proportional to the303

coalescent Ne, we can use these distributions to obtain piece-wise constant Ne trajectories. Figure304

4A shows that partial-selfing leads to low coalescent Ne in the very recent past due to coalescence305

from self-fertilisation in immediate ancestors of diploid individuals. Further back in time, Ne306

reflects coalescence in the wider population, the rate of which is jointly determined by demography,307

BGS and selfing. Although we simulated populations with constant size, Ne varies through time308

whenever simulations include BGS. In recent time this is due to the transition in coalescence309

rate between Ne and BNe as lineages move through fitness classes. After this transition, Ne310

tends to gradually increase again (see Discussion). The large departure between the simulated311

demography and realised rate of coalescence shows that demographic inference in selfing populations312

is challenging.313

Two-epoch demographic histories estimated by the BGS-with-demography model are shown in314

Figure 4B. As a comparison we also estimated past demography using the method of Blischak et al.315

(2020), which accounts for partial selfing but not BGS. Generally, we observe that the method of316

Blischak et al. (2020) underestimates Ne and estimates recent growth despite constant population317

sizes (Figure 4B). The BGS-with-demography model performs better in these respects, but does318

overestimate Ne in the distant past when the rate of selfing is high. This can be explained by319

BGS generating a ‘U-shaped’ distortion in the SFS (Figure S5), while our model assumes that the320

distortion is limited to low-frequency alleles. It is nonetheless encouraging that our approach can321

provide meaningful estimates of Nmax through time in selfing populations where the impact of BGS322

on patterns of sequence polymorphism is strong.323
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Figure 4: The effect of BGS and partial-selfing on coalescent Ne through time. (A): The Ne implied by
the distribution of pairwise coalescence from simulations that vary in α and whether they include BGS.
The grey line in each plot corresponds to the simulated population size and coloured lines correspond
to coalescent Ne 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 grandiflora and C. orientalis324

We next investigate the role of BGS in determining levels of genetic diversity in two closely related325

plant species; Capsella grandiflora, which is a self-incompatible outcrosser, and C. orientalis, which326

reproduces predominantly by selfing. We reanalyse high-coverage whole genome sequence data from327

Josephs et al. (2015) and Koenig et al. (2019) by jointly calling variants for 50 C. grandiflora and328

16 C. orientalis individuals (see Methods; Tables S3-S5). Estimates of the inbreeding coefficient329

FIS reflect the contrasting mating systems of these species, with FIS = 0.044 in C. grandiflora and330

FIS = 0.87 in C. orientalis. Hereafter we assume that C. grandiflora mates randomly (α = 0) and331

that C. orientalis reproduces by partial selfing (0 < α < 1). Nucleotide diversity per-site (excluding332

CDS) is approximately forty-fold higher in C. grandiflora (π = 0.0094) than in C. orientalis (π =333

0.00024), consistent with a strong effect of selection at linked sites in the predominantly selfing334

species.335

We first fit the BGS-with-demography model to the outcrossing species C. grandiflora. While we336

have previously assumed a two-epoch demographic history and perfect polarisation of alleles when337
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Figure 5: The effect of BGS on genetic diversity in C. grandiflora and C. orientalis. (A): Nucleotide
diversity (π) is plotted as a grey line across seven C. grandiflora chromosomes in 200 kb sliding windows.
Predicted levels of π 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 Nmax 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 include338

an allele polarisation error parameter that we estimate under neutrality prior the model fitting339

(ϵ = 0.0536). We estimate a genome-wide reduction in diversity of B̄ = 0.887 in C. grandiflora,340

with the B-map varying between 0.986 and 0.771 across 10 kb windows (Figure 5A). The gamma-341

distributed deleterious DFE for CDS is estimated with parameter values of µ = 3.74 × 10−9,342

s̄ = 0.00307 and β = 10.0. Although this value of β is unrealistic, setting a realistic value gives a343

very similar B-map (Figure S6). The inferred demographic history is consistent with an expanding344

population as Nmax increases approximately three-fold over the last 400,000 generations (Figure345

5C). Altogether, our results suggest that the effect of BGS on genetic diversity is weak in C.346

grandiflora.347

Ideally we would fit the same model of BGS-with-demography to the predominantly selfing348

species C. orientalis while also including the effect of partial selfing. Unfortunately, the SFS349
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for our sample of C. orientalis genomes is very flat (Figure 5E), which makes inference of past350

demography challenging. For example, fitting a neutral two-epoch demographic model to this data351

together with rates of polarisation error and selfing suggests a 50-fold decrease in Ne at T = 83,383,352

with ϵ = 0.232 and α = 0.981. These unrealistic parameter estimates (especially ϵ) suggest that353

the shape of the SFS in C. orientalis may reflect other evolutionary forces that are not captured354

by our model (see Discussion). With this in mind, we chose to fit a simpler model of BGS-with-355

partial-selfing that only uses variation in π along the genome, rather than the full SFS. Although356

this means we cannot include past demography in our analysis, we avoid the possibility of biasing357

our inference by assuming that variation in the shape of the SFS across the genome reflects BGS.358

Instead we only use the shape of the SFS to estimate the rate of selfing prior to model fitting359

(α = 0.981).360

For C. orientalis we estimate a genome-wide reduction in diversity of B̄ = 0.444 from BGS and361

a corresponding Nmax of 40,328 (Figure 5). The estimated DFE suggests very weak selection, with362

µ = 1.54×10−9, s̄ = 3.35×10−4 and β = 0.384. Note that these DFE estimates are informed by the363

sojourn time of deleterious mutations, which we expect to be increased by any negative linkage-364

disequilrbium between selected mutations. Although our simulations suggest that this effect is365

small when α = 0.90, it is likely substantial in C. orientalis given α ≈ 0.98 and so may explain why366

we estimate such a weak DFE. Although we have not used the SFS for estimating BGS parameters,367

we can nonetheless obtain an expected SFS for this scenario of BGS-with-partial-selfing. We find368

that the expectation from the model, which incudes no demographic change or polarisation error,369

is a poor match to the data (Figure 5E), especially in comparison to the model fit for C. grandiflora370

(Figure 5D).371

Our results suggest that the reduction in genetic diversity due to BGS (1 − B̄) is five-fold372

greater in C. orientalis than C. grandiflora. The fact that we simultaneously model partial selfing,373

the DFE and past demography means that we can also estimate the contribution of each of these374

processes to the difference in B̄ between the two species. For example, while our model of C.375

grandiflora predicts B̄ = 0.887 genome-wide, if we replace the expanding history of C. grandiflora376

with a constant population size with equivalent overall Nmax then we instead predict B̄ = 0.878.377

This shows that demography only plays a small role in modulating the effect of BGS on genetic378

diversity in C. grandiflora, and that most of the difference in B̄ between these species is instead379
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due their contrasting mating systems.380

Discussion381

Here we have evaluated the performance of two different methods for estimating the effect of BGS382

on genetic diversity: the classic-BGS model (Hudson and Kaplan 1995; Nordborg et al. 1996) and383

an SFS-based method that aims to jointly model BGS, demography and partial-selfing. Consistent384

with previous work, we found that demographic change (Torres et al. 2018; Johri et al. 2021;385

Barroso and Ragsdale 2025) and partial-selfing (Nordborg 1997; Kamran-Disfani and Agrawal 2014;386

Roze 2016; Burgarella et al. 2024) modulate the effect of BGS on genetic diversity and therefore387

lead to biased results when using the classic-BGS model. However, these biases mostly affect388

parameters describing the DFE rather than the predicted B-map. As a result, the classic-BGS389

model appears to be robust to both demographic change and low rates of partial-selfing if one is390

only interested in estimating the overall effect of BGS on genetic diversity – B̄. This robustness can391

be understood by considering the identifiability of the different parameters in the model. While the392

DFE parameters are estimated from patterns of variation in diversity along the genome (Figure 1),393

information about Nmax is mostly contained in regions where B is close to 1.0. The B-maps from394

simulations of randomly mating and mixed-mating populations often had considerable regions of395

chromosomes where B ≈ 1.0 (Figures 2 and 3), making estimation of Nmax (and B̄) straightforward.396

By contrast, B-maps from simulations of high-selfing populations tended to have values of B that397

were much lower, meaning that estimation of Nmax requires accurate knowledge of the DFE in398

order to extrapolate levels of diversity to an unobservable region that is free of BGS. Accurate399

inference from such populations therefore requires alternative methods, and our proposed joint400

inference approach appears promising in this respect (Figure 3).401

Despite the robustness of the classic-BGS model, our results show that jointly modelling BGS402

and demography does provide several benefits. In particular, our joint inference approach resolves403

the bias in estimates of µ introduced by demographic non-equilibrium and also generates accurate404

inference of demography while accounting for BGS (Figure 2). These benefits are demonstrated in405

our analysis of C. grandiflora, where we could also show that a demographic history of expansion has406

slightly weakened the effect of BGS on genetic diversity in this species. Our approach does assume407

18

ACCEPTED M
ANUSCRIPT

D
ow

nloaded from
 https://academ

ic.oup.com
/m

be/advance-article/doi/10.1093/m
olbev/m

sag004/8416809 by U
niversite de R

ennes 1 SC
D

 Section sante user on 13 January 2026



that natural selection is strong relative to drift (2Nesh ≫ 1) and that frequencies of deleterious408

mutations equilibrate quickly between epochs, which will not always be true when selection is409

weak and effective population sizes are small (Figure S3). Barroso and Ragsdale (2025) have410

also recently developed an approach for modelling BGS under non-equilibrium demography. Their411

two-locus method does not currently support joint inference (demographic histories are specified412

prior to BGS estimation), but it has the major advantage of explicitly modelling weak selection413

and deleterious allele frequencies through time. We therefore expect the method of Barroso and414

Ragsdale (2025) to be much more accurate than the one we propose here in regimes of weak415

selection. Additionally, because their approach uses polymorphism information at both selected416

and linked sites, we expect that estimation of DFE parameters will be more precise. While we417

have found that patterns of linked diversity contain limited information about the DFE (Figures418

2 and 3), it will be interesting to see whether the approach of Barroso and Ragsdale (2025) will419

prove more powerful than DFE estimation methods that ignore the effect of selection on linked420

sites (Keightley and Eyre-Walker 2007).421

We have shown that the classic-BGS model effectively breaks down when analysing data from422

populations that predominantly reproduce by selfing. By using a new approximation (Equation423

2, Roze 2016) we were able to generate far more accurate estimates of B̄ and the DFE (Figure424

3). We nonetheless expect that BGS has additional effects on sequence variation in highly selfing425

populations that are not captured by our joint inference approach. In particular, negative linkage426

disequilibrium is expected to build up between deleterious mutations when outcrossing is rare,427

leading to less efficient selection and deleterious mutations that segregate longer than expected given428

sh (Hill and Robertson 1966; Daigle and Johri 2025). This is evidenced by subtle underestimates of429

s̄ for simulated data when α = 0.9 (Figure 3) and estimates of very weak selection for C. orientalis,430

where α ≈ 0.98. We also found that distributions of coalescence times from simulations of BGS431

and partial-selfing were inconsistent with a piece-wise constant demographic history (Figure 4A).432

While this could be due to insufficient burn-in (despite 200,000 total generations), an alternative433

explanation is that a regime of weak purifying selection and low effective recombination rate leads434

to distortions in genealogies that are not captured by a monotonic transition from Ne to BNe (Seger435

et al. 2010; Strütt et al. 2025). Additionally, Khudiakova et al. (2024) have recently suggested that436

weak purifying selection results in a multiple-merger coalescent process, and although outside of437
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the scope of this current work, it would be interesting to test whether this can explain the unusually438

flat SFS of C. orientalis (Figure 5E). We expect that our assumptions of independence between439

selected sites and a Kingman-like coalescent process may be problematic when populations are440

almost completely selfing. In such cases, simulation-based inference may be a better prospect for441

accurately estimating the effect of BGS on genetic diversity (Johri et al. 2021).442

Several authors have suggested that BGS should be included in baseline / null models of evolu-443

tion (Comeron 2014; Johri et al. 2020). Here we have tested whether BGS (modulated by demog-444

raphy and partial-selfing) can explain the large difference in genetic diversity between two closely445

related species – C. grandiflora and C. orientalis – or if additional demographic and selective forces446

are required. We estimate that the effect of BGS on genetic diversity is approximately five-fold447

greater in the predominant selfer C. orientalis, yet maximum composite likelihood estimates of448

Nmax for these species still differ by an order of magnitude (Figure 5). This suggests that much of449

the difference in diversity between these species is instead explained by other factors. Both selective450

sweeps and population bottlenecks are expected to have a greater impact on genetic diversity in pre-451

dominantly selfing species (Baker 1955; Andersen et al. 2012; Pannell 2016; Hartfield and Bataillon452

2020). These two processes are particularly promising explanations for the large disparity in genetic453

diversity between C. grandiflora and C. orientalis as they could also explain the highly distorted454

SFS of the latter species. Another important factor that we have not considered in our analysis is455

population structure. While the C. grandiflora individuals that we analysed were sampled from a456

single population in Greece (Josephs et al. 2015), the C. orientalis individuals were sampled from457

across central Asia (Koenig et al. 2019; Table S3). This sampling scheme will lead to increased es-458

timates of nucleotide diversity whenever migration between populations is weak relative to drift (Li459

1976). Additionally, recent work has shown that the effect of BGS on total nucleotide diversity in a460

metapopulation setting depends on the rate of migration (Hasan and Whitlock 2024). Accounting461

for the effect of population structure when estimating BGS from sequence data is therefore an462

important direction for future methods development. Although fitting models that include many463

evolutionary processes is still difficult, methods that perform joint inference of a few interacting464

forces provide a promising approach to disentangling the determinants of genetic diversity.465
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Methods466

Classic-BGS467

We implemented the classic-BGS model by calculating the composite likelihood of levels of nu-468

cleotide diversity in genomic windows across the genome, given values of Nmax, µ, s̄ and β. For469

each genomic window we calculate B as BbBw, where Bb is the contribution to B from purifying470

selection elsewhere in the genome and Bw is the contribution of purifying selection within that471

window. By integrating Equation 1 across a DFE, Bb for genomic window k can be calculated as:472

Bb,k ≈ Exp
(
−
∑
i̸=k

µi

∫ 1

3/2Neh
f(s)

sh(1 + (−2ri + sh(2ri − 1))2)

(ri + sh− rish)2
ds
)
, (3)

where µi is the deleterious mutation rate in window i and ri is the map distance between windows473

k and i given by Haldane’s mapping function (Haldane 1919). When windows k and i are on474

different chromosomes ri = 0.5. f(s) is the probability density function of a gamma distribution475

parameterized by mean s̄ and shape β:476

f(s) =
s(β−1)

Γ(β)
e−s(β/s̄)(β/s̄)β. (4)

To calculate Bw we assume that deleterious mutations are distributed uniformly within the window477

and average Equation 9 of Nordborg et al. (1996) across a window by integration to give:478

Bw,k ≈ Uk

∫ 1

3/2Neh
f(s)

Rk −Rksh+ sh ln( sh
Rk

+ sh−Rksh)

R2
k(sh− 1)2

ds, (5)

where Uk and Rk are the diploid deleterious mutation rate and recombination fraction in window k,479

respectively. Given B values for each window of the genome we calculate a log composite likelihood480

as:481

lnCL =
∑
i

pi ln
( θi
θi + 1

)
+ mi ln

( 1

θi + 1

)
, (6)

where pi and mi are counts of the number of sites in window i where a pair of samples are poly-482

morphic and monomorphic, respectively, and θi is calculated as:483
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θi = Bi 4Nmax µn, (7)

where µn is the neutral de novo mutation rate per-generation. The value of µn is not estimated484

from the data and is instead set prior to model fitting. This parameter is expected to have little485

effect on estimation of BGS as it only determines the absolute value of Nmax and the lower bound486

of the integrals in Equations 3 and 5 (as Ne = π/(4µn)).487

Even when grouping adjacent sites into windows, calculation of composite likelihoods for whole488

genomes can be prohibitively slow as the integrals in Equations 3 and 5 must be taken over thou-489

sands of recombination distances. To improve speed we evaluate these integrals across a grid 40 and490

11 values of r and R given the parameters s̄ and β, and then use linear interpolation to estimate491

Bb and Bw for each window (Comeron 2014). We perform a two-step derivative-free optimisation492

procedure to maximize the lnCL. We first perform a global search using our own implementa-493

tion of the Controlled Random Search algorithm (Kaelo and Ali 2006) and then use the maximum494

likelihood parameter combination from this search as a starting point for a local search with the495

Nelder-Mead algorithm implemented in nlopt v2.7.1 (Nelder and Mead 1965; Johnson 2007).496

BGS-with-demography497

We extended the classic-BGS model to jointly estimate the effects of demography and BGS on498

sequence variation. Demography is modelled as a piece-wise constant history where time is divided499

into epochs so that the rate of coalescence in epoch t is 1/(2Nt) and the boundary between epoch500

t and t + 1 is Ti. For example, in the absence of BGS and assuming a two-epoch history, the501

rate of coalescence through time is determined by parameters N0, N1, T0. In the presence of BGS,502

the coalescent history of genomic window i can be approximated by rescaling each Nt by Bi,t,503

where Bi,t is calculated using Equations 3 and 5. One issue with these calculations is that the504

lower-bound of the integrals depend on the coalescent Ne that results from BGS, which is unknown505

for individual epochs. We therefore initially assume the coalescent Ne implied by genome-wide506

nucleotide diversity and perform iterative calculation of the B-map until B̄i,tNt converges.507

Backwards in time, the rate of coalescence only reaches 1/(B 2Nmax) once all lineages in the508

sample are in the least loaded fitness class. Nicolaisen and Desai (2013) derived an approximation509
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for the coalescent Ne at time t generations in the past due to this transition:510

Ne ≈ Nmax Exp
(
−
∑
i

µsh(1− e−rit−sht)2

(ri + sh)2

)
. (8)

Performing calculations across values of t for every window in a genome would likely be prohibitively511

slow. We instead perform a simpler calculation using the term in Equation 8 that determines the512

speed of the transition, while neglecting recombination and again integrating across the DFE:513

Ne ≈ Nmax

(
1− (1−B)

∫ 1

3/2Neh
f(s)(1− e−sht)2 ds

)
. (9)

We thereby assume that the speed of the transition in coalescence rate is shared across the genome.514

This approximation is a drastic simplification of the coalescent process under purifying selection515

/ BGS (Strütt et al. 2025). At the same time, a comparison of this approximation to those of516

Nicolaisen and Desai (2013) show that it is a good fit for transition dynamics in regions of low517

recombination (Figure S7), which is where BGS is expected to be strongest and capturing the518

transition in coalescence rate is most important.519

For each genomic window the coalescent history is described by rescaled demographic parame-520

ters (e.g. B0N0, B1N1, T0) and a two-step transition from Nmax to BNmax calculated by evaluating521

Equation 9. We then use moments v1.1.16 to calculate the expected SFS of each window given its522

piece-wise constant coalescent history (Jouganous et al. 2017). The log composite likelihood of the523

model given windowed SFS along the genome is calculated as:524

lnCL =
∑
i

n−1∑
j=0

pi,j ln(ξi,j), (10)

where ξi,j is the expected frequency of sites with a derived allele count of j in window i and pi,j is525

the observed count of these sites. Note that the 0th entry in the SFS corresponds to monomorphic526

sites in the sample. We perform the same optimisation procedure as described above, but during527

the initial global search we round values of B to two decimal places to reduce the computational528

burden of calculating many similar expected SFS. Discretising the B-map in this way results in a529

substantial speed-up in computation but does also reduce the smoothness of the likelihood surface.530
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BGS-with-partial-selfing531

To include partial-selfing in the inference approach we integrate Equation 2 over the DFE to532

calculate Bb. This approximation combines Nordborg’s (1997) approximation (that is obtained533

in the limit of weak recombination from Roze’s (2016) more general model), and Roze’s (2016)534

high selfing approximation. Numerical analysis indicates that the predictions obtained from this535

approximation are often close to the predictions from the more general model. To calculate Bw536

and the transition in coalescence rate we rescale recombination rates and dominance coefficients by537

r(1− F ) and h(1− F ) + F , respectively, in Equations 5 and 9 (Nordborg 1997).538

As above, we calculate the expected SFS for each genomic window given locally rescaled demo-539

graphic parameters. Under partial-selfing coalescence rates are additionally rescaled by (1+F ) and540

we use the inbreeding aware implementation of ∂a∂i (v2.3.3) to calculate expected spectra while541

accounting for the distortion introduced by sampling diploid individuals (Blischak et al. 2020).542

Calculating B-maps and SFS along the genome under partial-selfing requires knowledge of α.543

This can be included as a free-parameter in the model, with the shape of the SFS and patterns544

of nucleotide diversity along the genome informing its value. We tested this approach and found545

that convergence of model parameters was much slower than if fixing α prior to model fitting. We546

therefore take the latter approach by calculating FIS or performing an initial estimation from the547

SFS under neutrality.548

Forward simulations549

Forward simulations were performed with SLiM v4.2.2 (Haller et al. 2019; Haller and Messer 2023).550

Each simulation included three chromosomes that emulate chromosomes 1, 2 and 3 of the Capsella551

rubella genome. Coordinates of CDS positions corresponded to those of the genome annotation552

from Slotte et al. (2013) and recombination rates correspond to the map generated by Slotte553

et al. (2013) and later curated by Brazier and Glémin (2022). Recipes from the SLiM manual554

were used to model deleterious mutations within CDS, free recombination between chromosomes,555

instantaneous changes in population size and reproduction by partial-selfing. We simulated three556

different demographic scenarios: constant, growth and decline. The constant population size was557

N = 10,000, the growth parameters were N0 = 19,425, N1 = 3885, T0 = 19,425 and the decline558
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parameters were N0 = 2919, N1 = 14,595, T0 = 2919, where N0 corresponds to the size of the559

population in the most recent time epoch. Simulations with random mating consisted of 12N560

generations and those with partial-selfing consisted of 12N/(1 + F ) generations. We set the total561

number of generations to 200,000 for the simulations used to generate the results shown in Figure 4562

to reduce the possibility that insufficient burn-in explained changes in coalescent Ne through time.563

Each simulation was repeated 100 times with the output being a population-level tree sequence564

(Kelleher et al. 2018; Haller et al. 2019).565

Tree sequences were recapitated and simplified using pySLiM v1.0.4, tskit v0.5.6 and msprime566

v1.3.1 (Baumdicker et al. 2021). Five diploid individuals were sampled per-simulation for randomly567

mating populations, whereas ten diploids were sampled for partial-selfing populations to ensure568

that estimation of α was not a limiting factor in our analysis. Neutral mutations were added to569

tree sequences while assuming a discrete genome and a per-site per-generation mutation rate of570

7.5 × 10−9. Windowed SFS were tallied from tree sequences while removing the contribution of571

CDS to both polymorphic and monomorphic sites. We also outputted a VCF file for each simulation572

which was used to calculate FIS via the method of Weir and Cockerham (1984).573

For each simulation scenario we pooled data from the 100 replicates and fit BGS models to574

these windowed SFS to obtain point estimates of model parameters and B-maps. We generated575

bootstrap replicates by randomly sampling 100 simulation replicates with replacement 100 times.576

These bootstrap replicates were analysed to calculate the uncertainty in parameter estimates, with577

upper and lower 95% CIs calculated as the 2.5 and 97.5 percentiles of parameter estimates across578

bootstrap replicates.579

Analysis of Capsella data580

Paired-end Illumina whole genome sequence data for 50 C. grandiflora and 16 C. orientalis indi-581

viduals were downloaded from BioProjects PRJNA275635 and PRJEB6689, respectively (Josephs582

et al. 2015; Koenig et al. 2019; Tables S3-S5). Mapping and variant calling was performed us-583

ing a modified version of the snpArcher pipeline (Mirchandani et al. 2024; https://github.com/584

ThomasBrazier/snpArcher-dev), with the C. rubella genome assembly (GCF 000375325.1; Slotte585

et al. 2013) as a reference. The main modification was the inclusion of a module for calculating586

callable sites for each sample (≥ 10 reads but < 3× mean coverage) using mosdepth (Pedersen and587
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Quinlan 2018). Callable sites were further refined by identifying and removing putative paralogous588

loci using ngsParalog (Linderoth 2018). The calculation for estimating excess heterozygosity used589

by ngsParalog was modified to account for partial-selfing. Specifically, the probability of observ-590

ing a heterozygous genotype given a derived allele frequency p and inbreeding coefficient F was591

calculated as:592

P (het) = 2p(1− p)(1− F ). (11)

This calculation allowed us to identify paralogous loci for C. orientalis by calculating FIS and593

removing paralogs iteratively. We used the resulting intervals to define non-CDS regions where594

at least 10 C. grandiflora and 10 C. orientalis samples had callable sites (49 Mb in total). From595

these intervals we calculated unfolded SFS in 10 kb windows along the genome, with multivari-596

ate hypergeometric sampling of genotypes used to downsample spectra to 10 diploids per-species.597

Polarisation of alleles was performed using the genotypes of the other species, with sites showing598

polymorphism in both species being set to non-callable. Given the possibility of imperfect allele599

polarisation we estimated an error parameter (ϵ) for C. grandiflora by fitting a neutral three-epoch600

model to the SFS with ϵ as a free parameter. Under this model the expected SFS is calculated as:601

ξϵ,1≤i≤n−1 = ξi − ϵ ξi + ϵ ξn−i, (12)

where ξi is the expected frequency of polymorphisms with i derived alleles given the demographic602

history. The value of ϵ estimated under this model was assumed when fitting the BGS-with-603

demography model. We also estimated ϵ for C. orientalis under a neutral demographic model but604

found that the parameter values were unrealistic (see Results) and therefore chose to fit a model605

of BGS-with-partial-selfing where only levels of windowed nucleotide diversity are considered.606

We used the recombination map and CDS annotation of C. rubella to fit BGS models, while607

assuming that deleterious mutations are confined to CDS. Sequence variation on chromosome 5608

(KB870809.1) was excluded from the analysis because of errors in the recombination map (Brazier609

and Glémin 2022). Note that we included CDS positions across the entire genome in our analysis,610

even for chromosomes or windows with no callable sites. We assumed a de novo mutation rate of611

µn = 7× 10−9 per-site per-generation, given estimates in Arabidopsis thaliana (Weng et al. 2019),612
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and a generation time of one year. The last two bins of the SFS (n − 1, n − 2) were masked613

when fitting BGS models as such polymorphisms are likely to be inflated by any reference bias.614

We fit BGS models using 10 replicate runs for each dataset to assess convergence. We found that615

the BGS-with-partial-selfing model that was fit to the C. orientalis data showed unsatisfactory616

parameter convergence across replicates and so we repeated the analysis with narrower parameter617

ranges. Results from repeated runs are found in Tables S6 and S7, with results from the maximum618

composite likelihood run reported in the main text.619

Data availability620

Code for performing forward simulations with SLiM and fitting BGS models is available at https:621

//zenodo.org/records/17465489 (Mackintosh 2025). The filtered VCF file, bed file of callable622

regions and windowed spectra for the two Capsella species can be found at the same reposi-623

tory. Python code for fitting BGS models to sequence data is available at https://github.com/624

A-J-F-Mackintosh/Binfer.625
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