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ABSTRACT 9 

Current procedures for inferring population history are generally performed under the 10 

assumption of complete neutrality - that is, neglecting both direct selection and the effects of 11 

selection on linked sites. We here examine how the presence of purifying and background 12 

selection may bias demographic inference by evaluating two commonly-used methods (MSMC 13 

and fastsimcoal2), specifically studying how the underlying shape of the distribution of fitness 14 

effects (DFE) and the fraction of directly selected sites interacts with demographic parameter 15 

estimation. The results demonstrate that, even after masking functional genomic regions, 16 

background selection effects may result in the mis-inference of population growth under models 17 

of both constant population size as well as decline. This effect is amplified as the strength of 18 

purifying selection and the density of directly selected sites increases. We propose a potential 19 

solution to correct for this mis-inference. By treating the DFE as a nuisance parameter and 20 

averaging across all potential realizations, we demonstrate that even directly selected sites may 21 

be used to infer demographic histories with reasonable accuracy.  22 
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INTRODUCTION 32 

 The characterization of population history is a central goal of genomic analysis - with 33 

applications spanning from anthropological to agricultural to clinical (see review by Beichman et 34 

al. 2018). Furthermore, use of an appropriate underlying demographic model provides a 35 

necessary null for assessing the impact of selective effects across the genome (e.g., Teshima et 36 

al. 2006; Thornton and Jensen 2007; Jensen et al. 2019). Multiple strategies have been proposed 37 

for performing demographic inference, utilizing expectations related to levels of variation, the 38 

site frequency spectrum, linkage disequilibrium, and within- and between-population relatedness 39 

(e.g., Gutenkunst et al. 2009; Li and Durbin 2011; Lukic and Hey 2012; Harris and Nielsen 40 

2013; Excoffier et al. 2013; Bhaskar et al. 2015; Sheehan and Song 2016; Ragsdale and 41 

Gutenkunst 2017; Steinrücken et al. 2019; Kelleher et al. 2019; Speidel et al. 2019). Although 42 

many methods perform well when evaluated under the stated assumption of neutrality, it is in 43 

fact difficult in practice to assure that the sites utilized for empirical analysis neither experience 44 

direct selection nor the effects of selection at linked sites. For example, inference is often 45 

performed using intergenic sites, or 4-fold degenerate and intronic sites in more compact 46 

genomes. While there is evidence for weak direct selection in all of these categories in multiple 47 

organisms (e.g., Haddrill et al. 2005; Chamary and Hurst 2005; Andolfatto 2005; Lynch 2007; 48 

Zeng and Charlesworth 2010; Choi and Aquadro 2016; Jackson et al. 2017), it is also clear that 49 

such sites near or in coding regions will also experience background selection (BGS; 50 

Charlesworth et al. 1993; Charlesworth 2013). These BGS effects are known to affect the local 51 

underlying effective population size, and alter both levels and patterns of variation and linkage 52 

disequilibrium (Charlesworth et al. 1993; Kaiser and Charlesworth 2009; O’Fallon et al. 2010; 53 

Charlesworth 2013; Nicolaisen and Desai 2013; Ewing and Jensen 2016; Johri et al. 2020). 54 

 However, commonly-used approaches for performing demographic inference that assume 55 

complete neutrality, including fastsimcoal2 (Excoffier et al. 2013) and MSMC/PSMC (Li and 56 

Durbin 2011; Schiffels and Durbin 2014), have yet to be thoroughly evaluated in light of this 57 

likely-to-be-violated model assumption. Yet it is not entirely uninvestigated. Rather than 58 

investigating existing software, Ewing and Jensen (2016) implemented an approximate Bayesian 59 

(ABC) approach to quantify the impact of unaccounted for BGS effects, demonstrating that weak 60 

purifying selection can generate a skew towards rare alleles that would be mis-interpreted as 61 

population growth. Under certain scenarios, this resulted in a many-fold mis-inference of 62 
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population size change. However, the density of directly selected sites and the shape of the 63 

distribution of fitness effects (DFE) - parameters expected to be of great importance - have yet to 64 

be considered. Spanning the range of these potential parameter values is also important for 65 

understanding the expected impact on any given empirical application. As one example, the 66 

proportion of the genome experiencing direct selection can vary greatly between species, with 67 

estimates ranging from ~3-8% in humans, to ~12% in rice, to 37-53% in D. melanogaster, to 47-68 

68% in S. cerevisiae (Siepel et al. 2005; Liang et al. 2018). Further, many organisms have highly 69 

compact genomes, with ~88% of the E. coli genome (Blattner et al. 1997) and effectively all of 70 

many virus genomes (e.g., >95% of the SARS-CoV-2 genome; Wu et al. 2020).  71 

 While such estimates allow us to approximate the effects of BGS in model organisms in 72 

which recombination and mutation rates are well known, there are many non-model organisms in 73 

which it is difficult to predict these effects. Moreover, while the genome-wide mean of B, a 74 

widely-used measure of BGS effects that measures the level of variability relative to neutral 75 

expectation, can range from ~0.45 in D. melanogaster to ~0.94 in humans (Charlesworth 2013; 76 

though see Pouyet et al. 2018), existing demographic inference approaches are similarly applied 77 

across organisms without a consideration of this important source of differences in levels of bias. 78 

Here, we examine the effects of DFE shape and functional density on two common demographic 79 

inference approaches - the multiple sequentially Markovian coalescent (MSMC) and 80 

fastsimcoal2.  Finally, we propose an extension within the approximate Bayesian computation 81 

(ABC) framework to address this issue, treating the DFE as a nuisance parameter. Simulating 82 

examples consistent with the structure of the Drosophila genome, we demonstrate greatly 83 

improved demographic inference even when using directly selected sites alone. 84 

 85 

 86 

METHODS 87 

Simulations: Simulations were performed using SLiM 3.1 (Haller and Messer 2019) with 10 88 

replicates per evolutionary scenario. For every replicate, 22 chromosomes of 150Mb each were 89 

simulated, totaling ~3 Gb of information per individual genome (similar to the amount of 90 

information in a human genome). Within each chromosome, 3 different types of regions were 91 

simulated, representing non-coding intergenic, intronic, and exonic regions. Based on the NCBI 92 

RefSeq human genome annotation downloaded from the UCSC genome browser 93 
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(http://genome.ucsc.edu/; Kent et al. 2002) for hg19, mean values of exon sizes and intron 94 

numbers per gene were calculated. To represent mean values for the human genome (Lander et 95 

al. 2001), each gene was comprised of 8 exons and 7 introns, and exon lengths were fixed at 350 96 

bp. By varying the lengths of the intergenic and intronic regions, three different genomic 97 

configurations with varying densities of functional elements were simulated and compared - with 98 

5%, 10% and 20% of the genome being under direct selection - hereafter referred to as genome5, 99 

genome10, and genome20, respectively. Genome5 was comprised of introns of 3000 bp and 100 

intergenic sequence of 31000 bp, genome10 of introns of 1500 bp and intergenic sequence of 101 

15750 bp, while genome20 was comprised of introns of 600 bp and intergenic sequence of 6300 102 

bp. The total chromosome sizes of these genomes were approximately 150 Mb (150,018,599 bp, 103 

150,029,949 bp, 150,003,699 bp in genome5, 10, and 20, respectively). In order to be 104 

conservative and favorable with regards to the performance of existing demographic estimators, 105 

intronic and intergenic regions were assumed to be neutral. 106 

 Recombination and mutation rates were assumed to be equal at 1 x 10-8 /site / generation. 107 

Neither crossover interference (see discussion of Campos and Charlesworth 2019) nor gene 108 

conversion were here considered. Exonic regions in the genomes experienced direct purifying 109 

selection given by a discrete DFE comprised of 4 fixed classes: f0 in which 0 ≤ |2Nes| < 1 (i.e., 110 

effectively neutral), f1 in which 1 ≤ |2Nes| < 10 (i.e., weakly deleterious), f2 in which 10 ≤ |2Nes| < 111 

100 (i.e., moderately deleterious), and f3 in which 100 ≤ |2Nes| < 2Ne (i.e., strongly deleterious), 112 

where Ne is the effective population size and s is the decrease in fitness of the mutant 113 

homozygote relative to wild-type. Within each bin, the distribution of s was assumed to be 114 

uniform. All mutations were assumed to be semi-dominant. In all cases, the Ne corresponding to 115 

the DFE refers to the ancestral effective population size. Six different types of DFE were 116 

simulated: (1) a DFE skewed largely towards mildly deleterious mutations given by f0=0.1, 117 

f1=0.7, f2=0.1, f3=0.1, (2) a DFE skewed towards moderately deleterious mutations, f0=0.1, 118 

f1=0.1, f2=0.7, f3=0.1, (3) a DFE skewed towards strongly deleterious mutations f0=0.1, f1=0.1, 119 

f2=0.1, f3=0.7, (4) a DFE with equal proportions of all mutations given by f0=0.25, f1=0.25, 120 

f2=0.25, f3=0.25, (5) a DFE with equal proportions of neutral and strongly deleterious mutations 121 

given by f0=0.5, f1=0.0, f2=0.0, f3=0.5, and (6) a DFE with a majority of neutral mutations and a 122 

minority of strongly deleterious mutations given by f0=0.7, f1=0.0, f2=0.0, f3=0.3. In cases with 123 
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demographic non-equilibrium, the DFE shape was scaled with respect to the ancestral population 124 

size. 125 

 Three different demographic models were tested for each of these DFEs: 1) demographic 126 

equilibrium, 2) recent exponential 30-fold growth resembling that estimated for the human CEU 127 

population (Gutenkunst et al. 2009), and 3) ~6-fold instantaneous decline, resembling the out-of-128 

Africa bottleneck in humans (Gutenkunst et al. 2009). The precise parameters of these three 129 

scenarios are given in Supp. Table 1 and are also displayed in Figure 1a.  130 

 131 

Running MSMC: In order to quantify the effect of purifying selection on demographic 132 

inference, we used the entire chromosomes generated by SLiM to generate input files for 133 

MSMC. For comparison, and to quantify the effect of BGS alone on demographic inference, we 134 

masked the exonic regions to generate input files. For all parameters, MSMC was performed on 135 

a single diploid genome, as those results were the most accurate (Supp Figure 1). Input files were 136 

made using the script ms2multihetsep.py provided in the msmc-tools-Repository downloaded 137 

from https://github.com/stschiff/msmc-tools. MSMC1 and 2 were run as follows: 138 

msmc_1.1.0_linux64bit -t 5 -r 1.0 -o output_genomeID input_chr1.tab input_chr2.tab … 139 

input_chr22.tab 140 

msmc2_linux64bit -r 1.0 -t 5 -o output_genomeID input_chr1.tab input_chr2.tab … 141 

input_chr22.tab 142 

 143 

Running Fastsimcoal2: In order to minimize the effects of linkage disequilibrium, only SNPs 144 

separated by 5 kb were used for inference, following Excoffier et al. (2013). Inference was also 145 

performed by including all SNPs in order to assess the impact of violating the assumption of no 146 

linkage disequilibrium on demographic inference. Site frequency spectra (SFS) were obtained for 147 

both sets of SNPs for all 10 replicates of every combination of demographic history and DFE. 148 

SNPs from all 22 chromosomes were pooled together to calculate the SFS.  Fastsimcoal2 was 149 

used to fit each SFS to 4 distinct models: (a) equilibrium, which estimates only a single 150 

population size parameter (N); (b) instantaneous size change (decline/growth), which fits 3 151 

parameters - ancestral population size (Nanc), current population size (Ncur), and time of change 152 

(T); (c) exponential size change (decline/growth), which also estimates 3 parameters - Nanc, Ncur 153 

and T; and (d) an instantaneous bottleneck model with 3 parameters – Nanc, intensity, and time of 154 
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bottleneck.  Model selection was performed as recommended by Excoffier et al. (2013). For each 155 

demographic model, the maximum of maximum likelihoods from all replicates was used to 156 

calculate the Akaike Information Criterion (AIC) = 2 × number of parameters – 2 × 157 

ln(likelihood). The relative likelihoods (Akaike’s weight of evidence) in favor of the ith model 158 

was then calculated by:  159 

𝑤𝑤(𝑖𝑖) =
𝑒𝑒−0.5∆𝑖𝑖

∑ 𝑒𝑒−0.5∆𝑗𝑗4
𝑗𝑗=1

  160 

 where ∆𝑖𝑖 = 𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 − 𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑖𝑖𝑚𝑚. The model with the highest relative likelihood was selected as the 161 

best model, and the parameters estimated using that model were used to plot the final inferred 162 

demography.  163 

 164 

Performing inference by approximate Bayesian computation (ABC): ABC was performed 165 

using the R package “abc” (Csilléry et al. 2010) and non-linear regression aided by a neural net 166 

(used with default parameters as provided by the package) was used to correct for the 167 

relationship between parameters and statistics. To infer posterior estimates, a tolerance of 0.1 168 

was applied (i.e., 10% of the total number of simulations were accepted by ABC to estimate the 169 

posterior probability of each parameter). The weighted medians of the posterior estimates for 170 

each parameter were used as point estimates. ABC inference was performed under two 171 

conditions: (1) complete neutrality, and (2) in the presence of direct purifying selection. In both 172 

cases only 2 parameters were inferred - ancestral (Nanc) and current (Ncur) population sizes. 173 

However, in scenario 2, the shape of the DFE was also varied. Specifically, the parameters f0, f1, 174 

f2, and f3 were treated as nuisance parameters and were sampled such that 0 ≤ fi ≤ 1, and Σi fi = 1, 175 

for i = 0 to 3. In addition, in order to limit the computational complexity involved in the ABC 176 

framework, values of fi were restricted to multiples of 0.05 (i.e., fi ϵ {0.0, 0.05, 0.10, …, 0.95, 177 

1.0} ∀ i), which allowed us to sample 1,771 different DFE realizations. Simulations were 178 

performed with functional genomic regions, and the demographic model was characterized by 1-179 

epoch changes in which the population either grows or declines exponentially from ancestral to 180 

current size, beginning at a fixed time in the past. For the purpose of illustration, and for 181 

comparison with the human-like parameter set above, parameters for ABC testing were selected 182 

to resemble those of D. melanogaster African populations. Priors on ancestral and current 183 

population sizes were drawn from a uniform distribution between 105-107 diploid individuals, 184 
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while the time of change was fixed at 106 (~Ne) generations. In order to simulate functional 185 

regions, 94 single-exon genes, as described in Johri et al. (2020) and provided in 186 

https://github.com/paruljohri/BGS_Demography_DFE/blob/master/DPGP3_data.zip, were 187 

simulated with recombination rates specific to those exons (https://petrov.stanford.edu/cgi-188 

bin/recombination-rates_updateR5.pl) (Fiston-Lavier et al. 2010; Comeron et al. 2012). 189 

Mutation rates were assumed to be fixed at 3 × 10-9 per site per generation (Keightley et al. 2009, 190 

2014). All of these parameters were scaled by the factor 320 in order to decrease computational 191 

time. The scaled population sizes thus ranged between ~300–30000 and were reported as scaled 192 

values in the main text. One thousand replicate simulations were performed for every parameter 193 

combination (Nanc, Ncur, f0, f1, f2, f3), 100 haploid genomes were randomly sampled without 194 

replacement, and summary statistics were calculated using pylibseq 0.2.3 (Thornton 2003). 195 

Means and variances (between replicates) of the following summary statistics were calculated 196 

across the entire genomic region: nucleotide site diversity (π), Watterson’s θ, Tajima’s D, Fay 197 

and Wu’s H (both absolute and normalized), number of singletons, haplotype diversity, LD-198 

based statistics (r2, D, D´), and divergence (i.e., number of fixed mutations per site per 199 

generation after the burn-in period). As opposed to the above examples, in this inference scheme 200 

only exonic data (i.e., directly selected sites) were utilized. 201 

 202 

Data availability: The following data will be made publicly available at 203 

https://github.com/paruljohri upon acceptance of the manuscript: (1) Scripts used to perform 204 

simulations; (2) Input files used to run fastsimcoal2; (3) Scripts used for plotting; (4) Plotted 205 

results of MSMC and fastsimcoal2 for all models and scenarios tested in this work.  206 

 207 

 208 

RESULTS and DISCUSSION 209 

 210 

Effect of SNP number and genome size on inference under neutrality 211 

The accuracy and performance of demographic inference was evaluated using two popular 212 

methods, MSMC (Schiffels and Durbin 2014) and fastsimcoal2 (Excoffier et al. 2013). In order 213 

to assess performance, it was first necessary to determine how much genomic information is 214 

required to make accurate inference when the assumptions of neutrality are met. Chromosomal 215 
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segments of varying sizes (1 Mb, 10 Mb, 50 Mb, 200 Mb, and 1 Gb) were simulated under 216 

neutrality with 100 independent replicates each. Both fastsimcoal2 and MSMC resulted in 217 

incorrect inferences for all segments smaller than 1 Gb (Supp Figure 1, Supp Figure 2). In 218 

addition, when 4 or 8 haploid genomes were used for inference, MSMC inferred a recent many-219 

fold growth for all segment sizes, but performed well when using 2 genomes for large segments 220 

(Supp Figure 1). These results suggest exercising caution when performing inference on smaller 221 

regions or genomes, and when using more than 1 diploid individual in MSMC. All further 222 

analyses were restricted to characterizing demographic inference on data that roughly matched 223 

the structure and size of the human genome - for every diploid individual, 22 chromosomes of 224 

size 150 Mb each were simulated, which amounted to roughly 3 Gb of total sequence. Ten 225 

independent replicates of each parameter combination were performed throughout and inference 226 

was performed using 1 and 50 diploid individuals for MSMC and fastsimcoal2, respectively.  227 

 228 

Effect of the strength of purifying selection on demographic inference 229 

In order to test demographic inference in the presence of BGS, all 22 chromosomes were 230 

simulated with exons of size 350 bp each, with varying sizes of introns and intergenic regions 231 

(see Methods) to vary the fraction of the genome under selection. Because deleterious mutations 232 

of differing severities result in background selection effects extending to variable distances, 233 

demographic inference was evaluated for different possible DFE realizations - summarized by 234 

four bins: 0 ≤ |2Nes| < 1, 1 ≤ |2Nes| ≤ 10, 10 < |2Nes| ≤ 100 and 100 < |2Nes| ≤ 2Ne. Fitness effects 235 

of mutations were uniformly distributed within each bin and the DFE shape was altered by 236 

varying the proportion of mutations belonging to each fixed bin, given by f0, f1, f2, and f3, 237 

respectively. Three highly skewed DFEs were initially used to assess the impact of the strength 238 

of selection on demographic inference (with the remaining mutations equally distributed 239 

amongst the other three classes): (1) a DFE in which 70% of mutations have weakly deleterious 240 

fitness effects (i.e., f1 = 0.7), (2) a DFE in which 70% of mutations have moderately deleterious 241 

fitness effects (i.e., f2 = 0.7), and (3) a DFE in which 70% of mutations have strongly deleterious 242 

fitness effects (i.e., f3 = 0.7). In order to understand the effect of BGS, exonic sites were masked, 243 

and only linked neutral intergenic sites were used for demographic inference. Three demographic 244 

models were examined: (1) demographic equilibrium, (2) a 30-fold exponential growth, 245 

mimicking the recent growth experienced by European human populations, and (3) ~6-fold 246 
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instantaneous decline, mimicking the out-of-Africa bottleneck in human populations (Figure 1a). 247 

Although these models were parameterized using previous estimates of human demographic 248 

history (Supp Table 1; Gutenkunst et al. 2009) for the purpose of illustration, these basic 249 

demographic scenarios are applicable to many organisms. 250 

 Under demographic equilibrium, when 20% of the genome experiences direct selection 251 

(which is masked) we observed an underestimate of the true population size, as well as the mis-252 

inference of recent population growth (Figure 1), a bias exacerbated in MSMC relative to 253 

fastsimcoal2. Stronger growth is inferred when the effects of mutations are more deleterious. 254 

Conversely, when the true demographic model is characterized by recent 30-fold growth, 255 

demographic inference is accurate and performs equally well for both MSMC and fastsimcoal2, 256 

with the exception of a slight under-estimation of the ancestral population size for all DFE types. 257 

When the true model is population decline, weakly deleterious mutations alone did not affect 258 

inference drastically and it was possible to recover the true model. However, moderately and 259 

strongly deleterious mutations resulted in an underestimation of population sizes and an 260 

inference of strong growth - to the extent that the decline model would be misinterpreted as a 261 

growth model. We further tested the effect of BGS on demographic inference when changes in 262 

population size were less severe, namely, when population growth and decline was only 2-fold - 263 

with qualitatively similar results (Supp Figure 3).  264 

 Finally, given strong evidence that most organisms have a bi-modal DFE with a 265 

significant proportion of strongly deleterious or lethal mutations (Sanjuán 2010; Kousathanas 266 

and Keightley 2013; Jacquier et al. 2013; Bank et al. 2014), we investigated the effect of this 267 

strongly deleterious class further. Thus, for comparison with the above, we simulated a rather 268 

extreme case in which 30% or 50% of exonic mutations are strongly deleterious with fitness 269 

effects uniformly sampled between 100 ≤ |2Nancs| ≤ 2Nanc, with the remaining mutations being 270 

neutral. Similar to the above results, both equilibrium and decline models were falsely inferred as 271 

growth, with an order of magnitude under-estimation of the true population size (Figure 2). 272 

 In sum, the neglect of BGS effects frequently results in the inference of population 273 

growth, almost regardless of the true underlying model. 274 

 275 

 276 

 277 
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Effect of the density, and inclusion/exclusion, of directly selected sites on inference 278 

Although we have shown that the presence of purifying selection biases demographic inference, 279 

the extent of mis-inference will necessarily depend on the fraction of the genome experiencing 280 

direct selection. We therefore compared models in which genomes contained 5%, 10%, and 20% 281 

functional regions. For this comparison, an equal proportion of mutations in each DFE bin were 282 

assumed (i.e., f0 = f1 = f2 = f3 = 0.25). As before, when the true model is exponential growth, 283 

inference was unbiased, with a slight underestimation of ancestral population size when 20% of 284 

the genome is under selection (Figure 3). When the true model is population decline, it is 285 

inferred reasonably well if less than 10% of the genome experiences direct selection, and may be 286 

mis-inferred as growth with greater functional density, as shown in Figure 3. Similarly, the 287 

extent to which population size is under-estimated at demographic equilibrium increases with the 288 

fraction of the genome under selection. Finally, it is noteworthy that many such changes in 289 

population size that were falsely inferred were of a magnitude greater than 2-fold - suggesting 290 

the need for great caution when interpreting these plots from empirical data.  291 

 Importantly, the results presented do not significantly differ between inference performed 292 

while including directly selected sites (i.e., no masking of functional regions) versus inference 293 

performed using linked neutral sites (i.e., masking functional regions) as shown in Supp Figure 294 

4. These results suggest that the exclusion of exonic sites, which is often assumed to provide a 295 

sufficiently neutral dataset to enable accurate demographic inference, is not necessarily a 296 

satisfactory solution unless gene density is low.  297 

   298 

A potential solution: averaging across all possible DFEs 299 

As shown above, demographic inference can be strongly affected by unaccounted for 300 

background selection effects, as well as by direct purifying selection. A potential solution is thus 301 

to correct for these effects when performing inference of population history. A promising first 302 

approach to estimating direct selection effects, DFE-alpha, takes a step-wise approach to infer 303 

demography using a presumed neutral class (synonymous sites); conditional on that demography, 304 

it then estimates parameters associated with the shape of the DFE (Keightley and Eyre-Walker 305 

2007; Eyre-Walker and Keightley 2009; Schneider et al. 2011). However, this approach does not 306 

include the effects of selection at linked sites, which can result an over-estimate of population 307 

growth, as well as general mis-inference of the DFE (Johri et al. 2020).  308 
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 Building on this idea, Johri et al. (2020) recently proposed an approach to include both 309 

direct and background effects of purifying selection - simultaneously inferring the deleterious 310 

DFE and demography. By utilizing the decay of BGS effects around functional regions, they 311 

demonstrated high accuracy under the simple demographic models examined. Moreover, the 312 

method makes no assumptions about the neutrality of synonymous sites, and can thus be used to 313 

estimate selection acting on these sites, or in non-coding functional elements as well. However, 314 

this computationally-intensive approach is specifically concerned with jointly inferring the DFE 315 

with demography. As such, if an unbiased characterization of the population history is the sole 316 

aim, such a procedure may be needlessly involved. We thus here examine the possibility of 317 

rather treating the DFE as an unknown nuisance parameter, averaging across all possible DFE 318 

shapes, in order to assess whether demographic inference may be improved simply by correcting 319 

for these selection effects without inferring their underlying parameter values. This approach 320 

thus utilizes functional (i.e., directly selected) regions, a potential advantage in populations for 321 

which only coding data may be available (e.g., exome-capture data; see Jones and Good 2016), 322 

or generally in organisms with high gene densities. 323 

In order to illustrate this solution, a functional genomic element was simulated under 324 

demographic equilibrium, 2-fold exponential population growth and 2-fold exponential 325 

population decline with four different DFE shapes (as described previously, and shown in Figure 326 

4). Inference was first performed assuming strict neutrality, and inferring a one-epoch size 327 

change (thus estimating the ancestral (Nanc) and current population sizes (Ncur)). As found in the 328 

other inference approaches examined, population sizes were under-estimated and a false 329 

inference of population growth was observed in almost all cases when selective effects are 330 

ignored (Figure 4). Indeed, the reduction in diversity resulting from BGS (B) was found to differ 331 

by demographic scenario, disproportionately amplifying mis-inference under certain models 332 

(Figure 5). Next, the assumption of neutrality was relaxed, and mutations were simulated with 333 

fitness effects characterized by a discrete DFE, with the same fitness classes given above (f0, f1, 334 

f2, f3). Values for fi were drawn from a uniform prior between 0 and 1 such that ∑fi = 1. Note that 335 

no assumptions were made about which sites in the genomic region were functionally important. 336 

These directly selected sites were then used to infer demographic parameters. We found that by 337 

varying the shape of the DFE, averaging across all realizations, and estimating only parameters 338 

related to population history, highly accurate inference of modern and ancestral population size 339 
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is possible (Figure 4). These results demonstrate that even if the true DFE of a population is 340 

unknown (as will always be the case empirically), it is possible to infer the demographic history 341 

with reasonable accuracy by approximately accounting for these selective effects.  342 

 343 

 344 

CONCLUSION 345 

 While commonly-used approaches to infer demography assume neutrality and 346 

independence among segregating sites, empirically it is very difficult to verify those 347 

assumptions.  In addition, there is considerable evidence for the wide-spread effects of selection 348 

on linked sites in many commonly studied organisms (Hernandez et al. 2011; Cutter and Payseur 349 

2013; Elyashiv et al. 2016; Campos et al. 2017; Castellano et al. 2020). As such, we explored 350 

how violations of this assumption may affect demographic inference, particularly with regard to 351 

the underlying strength of purifying selection and the genomic density of directly selected sites.  352 

Generally speaking, the neglect of these effects (i.e., background selection) results in an 353 

inference of population growth, with the severity of the growth model roughly scaling with 354 

selection strength and density. Thus, when the true underlying model is in fact growth, 355 

demographic mis-inference is not particularly severe; when the true underlying model is of 356 

constant size or decline, the mis-inference can be extreme, with a many-fold under-estimation of 357 

population size.  358 

It is important to note that background selection effects extend to genomic distances in a 359 

way that is positively related to the strength of purifying selection. For instance, strongly and 360 

moderately deleterious mutations affect patterns of diversity at large genomic distances, whereas 361 

mildly deleterious mutations primarily skew allele frequencies at adjacent sites. Thus, if 362 

intergenic regions further away from exons are used to perform demographic inference, strongly 363 

deleterious mutations are likely to predominantly bias inference. In contrast, if synonymous sites 364 

are used to infer demographic history, mildly deleterious mutations will more predominantly 365 

influence inference. Thus, as we here focused on relatively sparsely-coding genomes (resembling 366 

human-like densities) and used intergenic sites to perform inference, moderately and strongly 367 

deleterious mutations resulted in more severe demographic mis-inference. These results suggest 368 

that demographic mis-inference will become stronger when such approaches are applied to 369 

smaller, and more compact, genomes with higher gene densities. 370 
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Comparing the two methods investigated here, it appears that fastsimcoal2 is less prone 371 

to false fluctuations in population size caused by background selection.  However, both methods 372 

falsely infer growth under alternative models, which is exacerbated as the density of coding 373 

regions increases. The correspondingly inferred times of population growth inferred by both 374 

methods appear to be relatively randomly affected. Further, we observed little difference in 375 

performance when using all SNPs relative to thinning SNPs to be separated by 5kb (Supp Figure 376 

6), presumably because the models investigated do not generate strong LD. Overall, the degree 377 

of mis-inference caused by a neglect of BGS is largely similar between the two methods.  378 

However, it is noteworthy that even when all sites are strictly neutral, or only 5% of the 379 

genome experiences direct selection, demographic equilibrium is mis-estimated as a series of 380 

size changes within MSMC. The pattern of these erroneous size changes lend a characteristic 381 

shape to the MSMC curve (i.e., ancient decline and recent growth) which appears to resemble the 382 

demographic history previously inferred for the Yoruban population (Schiffels and Durbin 383 

2014), including the time at which changes in population size occurred (Supp Figure 5). Previous 384 

work has demonstrated that this resulting model does not in fact well-explain the observed site-385 

frequency spectrum in the Yoruban population (Lapierre et al. 2017; Beichman et al. 2017). A 386 

similar shape has also been inferred in the vervet subspecies (Warren et al. 2015; Figure 4), in 387 

passenger pigeons (Hung et al. 2014; Figure 2), in elephants (Palkopoulou et al. 2018; Figure 4), 388 

in Arabidopsis (Fulgione et al. 2018; Figure 3), and in grapevines (Zhou et al. 2017; Figure 2A). 389 

Although under simulated neutrality the population size fluctuations are only ~1.2-fold, in most 390 

empirical applications the fluctuations are of a somewhat larger magnitude (~ 2-fold in pigeons, 391 

Arabidopsis, and grapevines).  Nonetheless, this neutral, equilibrium performance of MSMC is 392 

concerning, and adds to the other previously published cautions related to the interpretation of 393 

MSMC results. For example, Mazet et al. (2016) and Chikhi et al. (2018) demonstrated that 394 

under constant population size with hidden structure, inference may suggest false size change 395 

(see also Orozco-terWengel 2016) . In addition, MSMC has been reported to falsely infer growth 396 

prior to instantaneous bottlenecks (Bunnefeld et al. 2015). In addition, we observed that if 397 

insufficient genomic data is utilized, or more than 2 haploid genomes are used to perform 398 

inference, MSMC falsely infers recent growth of varying magnitudes (as previously observed by 399 

Beichman et al. 2017).  400 
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In sum, we find that the effects of purifying and background selection result in similar 401 

demographic mis-inference across approaches, and that masking functional sites does not yield 402 

accurate parameter estimates. In order to side-step many of these difficulties, our proposed 403 

approach of inferring demography by averaging selection effects across all possible DFE 404 

realizations within an ABC framework appears to be highly promising. Utilizing only functional 405 

regions, we found a great improvement in accuracy, without making any assumptions regarding 406 

the true underlying shape of the DFE or the neutrality of particular classes of sites. As such, this 407 

approach represents a more computationally-efficient avenue if only demographic parameters are 408 

of interest, and ought to be particularly useful in the great majority of organisms in which 409 

unlinked neutral sites either do not exist, or are difficult to identify and verify. 410 

 411 
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 427 
Figure 1: Inference of demography by MSMC (red lines; 10 replicates) and fastsimcoal2 (blue 428 
lines; 10 replicates) with and without BGS, under demographic equilibrium (left column), 30-429 
fold exponential growth (middle column), and ~6-fold instantaneous decline (right column). The 430 
true demographic model is depicted in black lines. (a) All genomic sites are strictly neutral. (b) 431 
Exonic sites experience purifying selection specified by a DFE comprised largely of weakly 432 
deleterious mutations (f0 = 0.1, f1 = 0.7, f2 = 0.1, f3 = 0.1). (c) Exonic sites experience purifying 433 
selection specified by a DFE comprised largely of moderately deleterious mutations (f0 = 0.1, f1 434 
= 0.1, f2 = 0.7, f3 = 0.1). (d) Exonic sites experience purifying selection specified by a DFE 435 
comprised largely of strongly deleterious mutations (f0 = 0.1, f1 = 0.1, f2 = 0.1, f3 = 0.7). In this 436 
case, exons represent 20% of the genome. Here, exonic sites were masked/excluded when 437 
performing demographic inference - as such, this quantifies the effects of background selection 438 
alone.  439 
 440 
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 441 
Figure 2: Inference of demography by MSMC (red lines; 10 replicates) and fastsimcoal2 (blue 442 
lines; 10 replicates) in the presence of background selection generated by strongly deleterious 443 
mutations. Here, directly selected sites comprised 20% of the genome and were masked when 444 
performing demographic inference. (a) Exons experience purifying selection, with 30% of new 445 
mutations being strongly deleterious, and the remaining being neutral. (b) Exons experience 446 
purifying selection with 50% of new mutations being strongly deleterious, and the remaining 447 
being neutral. The true demographic model is given as black lines.  448 
 449 

 450 
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 451 
Figure 3: Inference of demography by MSMC (red lines; 10 replicates) and fastsimcoal2 (blue 452 
lines; 10 replicates) in the presence of background selection with varying proportions of the 453 
genome under selection, for demographic equilibrium (left column), exponential growth (middle 454 
column), and instantaneous decline (right column). Exonic sites were simulated with purifying 455 
selection given by the DFE: f0 =0.25, f1 = 0.25, f2 = 0.25, f3 = 025 and were masked when 456 
performing inference. Directly selected sites comprise (a) 20% of the simulated genome, (b) 10% 457 
of the simulated genome, and (c) 5% of the simulated genome. The true demographic model is 458 
given by the black lines.  459 
 460 

 461 
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 462 
Figure 4: Comparison of inference of ancestral (Nanc) and current (Ncur) population sizes by 463 
assuming neutrality vs by varying the DFE shape as a nuisance parameter, using an ABC 464 
framework. Inference is shown for demographic equilibrium (left column), 2-fold exponential 465 
growth (middle column), and 2-fold population decline (right column) for five separate DFE 466 
shapes that define the extent of direct purifying selection acting on the genomic segment for 467 
which demographic inference is performed: (a) neutrality (f0 = 1, f1 = 0, f2 = 0, f3 = 0), (b) weak 468 
purifying selection (f0 = 0.1, f1 = 0.7, f2 = 0.1, f3 = 0.1), (c) moderately strong purifying selection 469 
(f0 = 0.1, f1 = 0.1, f2 = 0.7, f3 = 0.1), (d) strong purifying selection (f0 = 0.1, f1 = 0.1, f2 = 0.1, f3 = 470 
0.7), and (e) a DFE in which all classes of mutations are equally present (f0 = f1 = f2 = f3 = 0.25). 471 
In each, the horizontal lines give the true value (black for Nanc; and gray for Ncur) and the box-472 
plots give the estimated values. Black and gray boxes represent estimates when assuming 473 
neutrality, while red boxes represent estimates when the DFE is treated as a nuisance parameter.  474 
 475 
 476 
 477 
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 478 
 479 
Figure 5: Reduction in nucleotide diversity (B) due to background selection under demographic 480 
equilibrium (black bars), population growth (gray bars), and population decline (white bars), 481 
under varying DFEs:  482 
DFE 1: f0 = 0.1, f1 = 0.7, f2 = 0.1, f3 = 0.1;  483 
DFE 2: f0 = 0.1, f1 = 0.1, f2 = 0.7, f3 = 0.1;  484 
DFE 3: f0 = 0.1, f1 = 0.1, f2 = 0.1, f3 = 0.7;  485 
DFE 4: f0 = f1 = f2 = f3 = 0.25;  486 
DFE 5: f0 = 0.5, f1 = 0.0, f2 = 0.0, f3 = 0.5;  487 
DFE 6: f0 = 0.7, f1 = 0.0, f2 = 0.0, f3 = 0.3.  488 
Here, exonic sites comprise ~10% of the genome, roughly mimicking the density of the human 489 
genome. BGS effects differ strongly by demographic model. Note that here B = π(D) / π0(D), 490 
where π(D) is the nucleotide diversity in neutral regions when exons experience purifying 491 
selection under demographic model D (i.e., with BGS), while π0(D) is the nucleotide diversity 492 
under unlinked neutrality for the same demographic model D (i.e., without BGS).  493 
 494 
 495 
 496 
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SUPPLEMENTARY 
 

 
Supp Figure 1: Performance of MSMC under neutrality when using 2, 4 and 8 individuals for 
inference and on varying chromosome sizes – (a) 1 Mb, (b) 10 Mb, (c) 50 Mb, (d) 200 Mb, (e) 1 
Gb. Approximately 100 replicates of each are shown above. Grey lines indicate 0.5N and 2N.  
As shown, MSMC has a tendency to take a common shape, often falsely indicating recent 
population growth. 
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Supp Figure 2: Performance of fastsimcoal2 under neutrality using 50 diploid individuals for 
inference when varying chromosome sizes – (a) 10 Mb, (b) 50 Mb, (c) 200 Mb, (d) 1 Gb. 
Approximately 100 replicates of each are shown above (blue lines) and the true model is shown 
in black.  
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Supp Figure 3: Inferred demography by MSMC (red lines) and fastsimcoal2 (blue lines) in the 
presence of background selection, with the true DFE shown to the left of the panel, for 2-fold 
instantaneous decline (right column) and 2-fold exponential growth (left column). In this case, 
20% of the genome experiences direct selection. The true demographic model is shown as black 
lines. 

.CC-BY-ND 4.0 International licensewas not certified by peer review) is the author/funder. It is made available under a
The copyright holder for this preprint (whichthis version posted April 29, 2020. . https://doi.org/10.1101/2020.04.28.066365doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.28.066365
http://creativecommons.org/licenses/by-nd/4.0/


4 
 

 
Supp Figure 4: Inference of demography by MSMC (red lines; 10 replicates) and fastsimcoal2 
(blue lines; 10 replicates) under demographic equilibrium (left column), 30-fold exponential 
growth (middle column), and ~6-fold instantaneous decline (right column) in the presence of 
direct purifying selection (i.e., directly selected sites are not masked). The true demographic 
model is depicted in black lines. Exonic sites experience purifying selection specified by the 
following DFEs: (a) f0 = 0.1, f1 = 0.7, f2 = 0.1, f3 = 0.1, (b) f0 = 0.1, f1 = 0.1, f2 = 0.7, f3 = 0.1, (c) 
f0 = 0.1, f1 = 0.1, f2 = 0.1, f3 = 0.7, (d) f0 = 0.25, f1 = 0.25, f2 = 0.25, f3 = 0.25, (e) f0 = 0.7, f1 = 0.0, 
f2 = 0.0, f3 = 0.3, (f) f0 = 0.5, f1 = 0.0, f2 = 0.0, f3 = 0.5. In this case, 20% of the genome is 
composed of exons.  
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Supp Figure 5: Inference of demographic history by MSMC. Top panel / red line: simulations in 
which the true model is constant population size, and 50% of new mutations in exons are 
strongly deleterious with the remainder being neutral, where exons comprise of 5% of the 
genome. Bottom panel / green line: the empirical estimate of population history of the YRI 
population inferred with MSMC by Schiffels and Durbin (2014). The X-axis is in years 
(assuming a generation time of 30 years). Note that the Y-axes are on different scales, and the 
magnitude of change observed in the empirical data is considerably larger than that observed in 
the simulated data. Thus, this comparison is only meant to illustrate this common shape taken in 
MSMC plots (and see similar shapes in, for example, vervets (Warren et al. 2015; Figure 4) and 
passenger pigeons (Hung et al. 2014; Figure 2)). 
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Supp Figure 6: Demographic inference by fastsimcoal2 when performed using all SNPs (right 
column) and when SNPs are thinned to be separated by 5 kb (left column). (a) Direct purifying 
selection (exonic sites are not masked) in 5% of the genome given by the DFE: f0 = f1 = f2 = f3 = 
0.25. (b) Direct purifying selection (exonic sites are not masked) in 5% of the genome given by 
the DFE: f0 =0.5, f1 = 0.0, f2 = 0.0, f3 = 0.5. (c) Direct purifying selection (exonic sites are not 
masked) in 10% of the genome given by the DFE: f0 =0.1, f1 = 0.7, f2 = 0.1, f3 = 0.1. (d) Direct 
purifying selection (exonic sites are not masked) in 10% of the genome given by the DFE: f0 
=0.7, f1 = 0.0, f2 = 0.0, f3 = 0.3. (e) Background selection (i.e., exonic sites are masked) in which 
5% of the genome is exonic and given by the DFE: f0 =0.5, f1 = 0.0, f2 = 0.0, f3 = 0.5. (f) 
Background selection (i.e., exonic sites are masked) in which 20% of the genome is exonic and 
given by the DFE: f0 =0.1, f1 = 0.7, f2 = 0.1, f3 = 0.1. (g) Background selection (i.e., exonic sites 
are masked) in which 20% of the genome is exonic and given by the DFE: f0 =0.1, f1 = 0.1, f2 = 
0.7, f3 = 0.1. (h) Background selection (i.e., exonic sites are masked) in which 20% of the 
genome is exonic and given by the DFE: f0 = f1 = f2 = f3 = 0.25. 
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Supp Table 1: Parameters underlying the human-like demographic models considered. 
 
 Demographic 

models 
Ancestral 
population size 

Current 
population size 

Time of change 
in generations 

1 Equilibrium 10,000 10,000 NA 
2 Exponential 

growth 
1000 30,000 850 

3 Instantaneous 
decline 

12,300 2,100 4,750 
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