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Abstract 15 

 16 

During evolution, genomes are shaped by a plethora of forces that can leave characteristic 17 

signatures. A common goal when studying diverging populations is to detect the signatures 18 

of selective sweeps, which can be rather difficult in complex demographic scenarios, such as 19 

under secondary contact. Moreover, the detection of selective sweeps, especially in whole-20 

genome data, often relies heavily on a narrow set of summary statistics that are affected by 21 

a multitude of factors, frequently leading to false positives and false negatives. Simulating 22 

genomic regions makes it possible to control these demographic and population genetic 23 

factors. We used simulations of large genomic regions to determine how different secondary 24 

contact and sympatric speciation scenarios affect the footprint of hard and soft selective 25 

sweeps in the presence of varying degrees of gene flow and recombination. We explored the 26 

ability of an array of population genetic summary statistics to detect the footprints of these 27 

selective sweeps under specific demographies. We focussed on metrics that do not require 28 

phased data or ancestral sequences and therefore have wide applicability. We found that a 29 

newly developed beta diversity measure, �̅�𝐺𝐷, outperformed all other metrics in detecting 30 

selective sweeps and that 𝐹𝑆𝑇 also performed well. High accuracy was also found in Δ𝜋 and 31 

genotype distance-derived metrics. The performance of most metrics strongly depended on 32 

factors such as the presence of an allopatric phase, migration rates, recombination, 33 

population growth, and whether the sweep was hard or soft. We provide suggestions for 34 

locating and analysing the response to selective sweeps in whole-genome data. 35 

 36 
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Introduction 41 

 42 

Evolutionary processes commonly act on genomes in a concerted manner and often leave 43 

characteristic signatures. Frequently studied examples include positive selection in the form 44 

of soft and hard selective sweeps (Hermisson and Pennings 2005; Pritchard et al. 2010), 45 

background selection (Charlesworth et al. 1995), recombination (Bamshad and Wooding 46 

2003), and introgression (Hufford et al. 2013; Moest et al. 2020). While these responses and 47 

processes leave typical signatures on patterns of diversity across the genome, the signatures 48 

can become eroded and are therefore increasingly difficult to capture over time. Many 49 

studies have attempted to screen for signatures (such as those of positive selection) in 50 

ongoing or recent evolutionary events in nature (Gagnaire et al. 2013; Malinsky et al. 2015; 51 

Torres-Dowdall et al. 2015; Lamichhaney et al. 2018; Rettelbach et al. 2019; Jacobs et al. 2020) 52 

and in experimental evolution settings (Dunham et al. 2002), such as in the form of evolve-53 

and-resequence experiments (E&R) (Long et al. 2015; Schlötterer et al. 2015). 54 

Because evolutionary responses are variable, complex, and ultimately unknowable in 55 

natural settings, simulating genomic regions in silico is an approach to dissecting the influence 56 

of particular evolutionary forces on genomes. This makes it possible to control evolutionary 57 

forces rigorously and determine the effect of particular modifications. Simulation studies 58 

have led to important insights about the genomic footprints of evolutionary forces such as 59 

natural selection (Lohmueller 2014; Matthey-Doret and Whitlock 2019). Empirical studies on 60 

population genomics and evolutionary biology can use simulations to obtain informed 61 

estimates of genome signatures under given evolutionary scenarios and compare the 62 

simulated and empirical patterns (Enard et al. 2014; Rettelbach et al. 2019). 63 

Despite the incorporation of various demographic models in in silico and empirical 64 

studies, many demographic scenarios have so far received comparatively little attention. An 65 

example is secondary contact, in which two populations become sympatric again after an 66 

allopatric phase. This scenario has been shown to be particularly common in recent 67 

divergences, many of which are affected by the expansion and retreat of glaciers, including 68 

many temperate region animal model systems in ecological and evolutionary genomics 69 

(Schluter 1996; Pettengill and Moeller 2012; Gagnaire et al. 2013; Elmer 2016). Other 70 

examples include secondary contact after range expansion in ecotypes of the plant model 71 
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systems Mimulus sp. and Clarkia sp. (Streisfeld and Kohn 2005; Pettengill and Moeller 2012; 72 

Kenney and Sweigart 2016). Secondary contact scenarios can be rather complex because they 73 

include elements of allopatric and sympatric speciation in varying proportions (Jacobs et al. 74 

2020), complicated by processes such as reinforcement (Noor 1999) and character 75 

displacement (Brown and Wilson 1956), which accentuate differences accumulated in 76 

allopatry. Sympatric speciation, on the other hand, does not include an allopatric phase. 77 

Instead, divergence takes place under actual or potential gene flow between incipient species 78 

or subpopulations (Foote 2018). 79 

While whole-genome sequence data are the most informative for discerning 80 

evolutionary processes, screening such data sets for genomic responses to selection and 81 

recent divergences can be challenging. Very large amounts of data are difficult to analyse with 82 

model-based approaches, such as likelihood-based and Bayesian sweep-finding methods 83 

(Nielsen et al. 2005; Jensen et al. 2008; Pavlidis et al. 2013; Huber et al. 2016), due both to 84 

computational limitations and to difficulties in comparing across study systems (Hämälä and 85 

Savolainen 2019; He et al. 2019). To reduce sequencing costs and maximise numbers of 86 

individuals in ecological and evolutionary model systems, in many cases low coverage 87 

sequence data are used to infer genotype likelihoods, in which all possible genotypes at each 88 

nucleotide position in the genome are assigned a likelihood value. Currently most model-89 

based methods are not suitable for genotype likelihoods and rely on individual-level called 90 

genetic variants, where polymorphisms in individuals are known with high certainty (Nielsen 91 

et al. 2011; Korneliussen et al. 2014). Additionally, sequence data of low to moderate 92 

coverage are usually not suited for phasing or haplotype inference, which are prerequisites 93 

for many metrics to infer selection or other evolutionary processes (Sabeti et al. 2007; 94 

Alachiotis et al. 2012; Ferrer-Admetlla et al. 2014). Lastly, many commonly used metrics to 95 

infer selection require a polarised site frequency spectrum, which requires knowledge about 96 

the ancestral sequence (Fay and Wu 2000) that may or may not be available. 97 

To overcome these limitations, summary statistics are commonly used, often in 98 

concert, to screen for characteristic signals of selective sweeps. Population genetic metrics 99 

applied across the genome are widely used by evolutionary biologists to determine regions 100 

under selection compared to background divergence, such as 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷 (Tajima 1989), 101 

which can be used to detect positive selection, and 𝐹𝑆𝑇 (Wright 1951), which tests for 102 

differentiation between populations but can also be used to screen for differential selection 103 
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(Beaumont 2005; Holsinger and Weir 2009). The candidate genomic regions can then be 104 

evaluated for functional genes and potential function-altering substitutions (Ng and Henikoff 105 

2006; Barrett and Hoekstra 2011) or combined with evidence from phenotypic data 106 

(Stinchcombe and Hoekstra 2008; Barrett et al. 2019) to further infer their evolutionary 107 

significance. 108 

A major drawback of applying population genetic summary statistics to regions of the 109 

genome is that they can be influenced by processes other than natural selection, such as gene 110 

flow, recombination, population structure, and demography (Stajich and Hahn 2005). In the 111 

case of 𝐹𝑆𝑇 for example, several studies have demonstrated how false positives can result 112 

from the demographic history of a population (Lotterhos and Whitlock 2014), differential 113 

introgression (Gosset and Bierne 2013), hierarchical population structure (Excoffier et al. 114 

2009), variation in recombination rates within the genome (Lotterhos 2019), and background 115 

selection (Matthey-Doret and Whitlock 2019). Similarly, 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷 has been shown to 116 

produce biased estimates of selection depending on population history (Stajich and Hahn 117 

2005), population structure (Moeller et al. 2007), and recombination rate variation (Thornton 118 

2005). The influence of demography, gene flow, and genomic structure on other summary 119 

statistics, particularly those that have been developed recently, is not well understood 120 

(Ravinet et al. 2017). 121 

Metrics that draw upon whole-genome data commonly make use of the following 122 

genomic properties: 1) The site frequency spectrum, which is the distribution of allele 123 

frequencies at a number of loci in the genome, shifts in response to selection due to genomic 124 

hitchhiking (Nielsen et al. 2005) but also can be influenced by demographic factors (Stajich 125 

and Hahn 2005). 2) The distribution of genotype distances 𝑔𝑘𝑙 is a recent approach that 126 

essentially captures sequence divergence in particular genomic regions and has to date only 127 

been assessed using a small set of evolutionary scenarios (Kern and Schrider 2018). 3) 128 

Multilocus genotype frequency metrics, which are similar to haplotype frequency statistics 129 

for unphased data (Messer and Petrov 2013; Garud et al. 2015), can also be used to infer 130 

sweeps but have been shown to have little power in the case of soft sweeps (Harris et al. 131 

2018; Kern and Schrider 2018). 4) Linkage disequilibrium can be used to detect sweeps, but 132 

metrics have primarily relied on phased data (Kelly 1997; Kim and Nielsen 2004), while 133 

recently these have been extended to unphased data (Kern and Schrider 2018; Schlamp et al. 134 

2016). However, Kim and Nielsen (2004) pointed out that the relative power to detect sweeps 135 
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is weaker using linkage disequilibrium compared to methods based on allele frequencies (e.g. 136 

the site frequency spectrum). 5) Differentiation between populations can also be used to infer 137 

differential selection but can be confounded by demographic processes (Chen et al. 2010; 138 

Lotterhos and Whitlock 2014). Until now, a full assessment of the relative performances of all 139 

of these metrics to detect selective sweeps under a range of evolutionary scenarios has not 140 

been made. 141 

To better understand the characteristic patterns of selective sweeps and the relative 142 

performance of summary statistics under different demographic scenarios, we performed 143 

simulations of how genomes diverge between populations under an array of evolutionary and 144 

demographic scenarios. These include positive selection in one population and negative 145 

selection of varying degrees in the other population, reflecting differential selection and 146 

adaptation as a consequence of ecological specialisation (Poisot et al. 2011). We did this in 147 

the versatile simulation environment SLiM (Messer 2013; Haller and Messer 2017), which 148 

allows for bespoke adjustment of genetic and evolutionary processes. Sixteen summary 149 

statistics were assessed with regard to their ability to detect the selective sweeps that we 150 

simulated: 𝜋, Δ𝜋, �̂�𝑊, 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷, the variance, skewness, and kurtosis of the genotype 151 

distance distribution 𝑔𝑘𝑙 (Kern and Schrider 2018), the multilocus genotype frequency-based 152 

𝑛𝐷𝑖𝑝𝑙𝑜𝑠, 𝐽1, , 𝐽12, and 𝐽2 𝐽1⁄  (Messer and Petrov 2013; Garud et al. 2015; Kern and Schrider 153 

2018), the genotypic linkage disequilibrium-based 𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆 and 𝑑𝑖𝑝𝑙𝑜𝜔 (Kelly 1997; Kim and 154 

Nielsen 2004; Kern and Schrider 2018) as well as 𝐻 − 𝑠𝑐𝑎𝑛 (Schlamp et al. 2016), 𝐹𝑆𝑇, and a 155 

recently developed beta diversity measure based on information theory (Reeve et al. 2016) 156 

newly adapted to this genomic context, �̅�𝐺𝐷 (White 2019). 157 

We compared the relative accuracy of the 16 metrics above in predicting the location 158 

of the simulated selective sweep under the series of different evolutionary and demographic 159 

histories. We calculated accuracies based on 1) the correct identification of the location at 160 

which the sweep occurred, detected as peaks or valleys of summary statistics, and 2) 161 

significant signals of selection when comparing to distributions of summary statistics derived 162 

from neutral simulations. We found large differences in performance among metrics, with 163 

some summary statistics outright failing to detect the location of selection under particular 164 

demographic scenarios. The newly developed genetic beta diversity measure, �̅�𝐺𝐷, 165 

outperformed all other metrics we assessed, including 𝐹𝑆𝑇. Based on our simulation results, 166 
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we provide some guidance as to which metrics are useful for sweep prediction, especially in 167 

the case of populations with complex, recent histories of divergence. 168 

 169 

Materials & Methods 170 

 171 

Simulations 172 

The scripts for all simulations were written in the Eidos language (Haller 2016) for simulation 173 

in SLiM 2 (Haller and Messer 2017). A total of 144 scenarios were simulated: 96 scenarios that 174 

included a selective sweep and 48 scenarios without selection (general outline: Figure 1; all 175 

parameter combinations: Supplementary Table S1). These scenarios modelled either 176 

sympatric speciation (i.e. speciation-with-gene-flow and no isolation in the initial stages of 177 

divergence) or secondary contact (i.e. an allopatric phase during the initial stage of population 178 

divergence followed by gene flow at secondary contact). The parameter settings were meant 179 

to reflect recent divergence scenarios, for example speciation following colonisations of lakes 180 

or other disjunct habitats. Generations in all simulations were modelled as being discrete and 181 

the simulation duration was 53,000 generations. Individuals in post-divergence populations 182 

are offspring of pre-divergence populations. 183 

To build up genetic variation, all scenarios involved a 50,000-generation pre-184 

divergence period for a population of 1000 individuals (hereafter “population 1”). Sympatric 185 

speciation simulations (hereafter "scenario 1") then involved divergence into two populations 186 

initially of 500 individuals, with each population experiencing low levels of gene flow for 187 

another 3000 generations until the simulations ended. In some contexts, sympatry with low 188 

levels of gene flow rather than panmixia is often called parapatry (Gavrilets 2004), but we will 189 

call it sympatry in the following since ecological divergence of geographically sympatric 190 

populations typically entails a reduction in gene flow of varying rates (Rundle and Nosil 2005; 191 

Nosil 2012), while parapatry could also imply overlapping but not completely sympatric 192 

populations in a biogeographic sense (Schuler et al. 2016). Secondary contact experiments 193 

involved the same divergence into two populations of 500 individuals; thereafter each 194 

population experienced a 1,500-generation allopatric phase, followed by a 1,500-generation 195 

period with gene flow until the simulations ended. 196 
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Selection: In all scenarios that included selection (the neutral simulations are 197 

described below), the pre-divergence population ("population 1") was not subject to any 198 

selection, one of the post-divergence populations (hereafter "population 2") experienced 199 

relatively strong positive selection (selection coefficient 𝑠 = 0.1; relative fitness of offspring 200 

per generation 𝑓 = 1 + 𝑠 = 1.1 for both homozygote and heterozygote carriers of the selected 201 

mutation; see http://benhaller.com/slim/SLiM_Manual.pdf) at two loci (one in a region with 202 

low and one in a region with standard recombination rates), while the other population 203 

(hereafter "population 3") experienced negative selection of varying strength caused by the 204 

same mutations that are positively selected in population 2. Depending on the relative fitness, 205 

𝑓, of mutations in population 3, secondary contact scenarios are designated as "scenario 2" 206 

(𝑓 = 1 / relative fitness of population 2 = 0.909), "scenario 3" (𝑓 = (1 / relative fitness of 207 

population 2) - 0.1 = 0.809), or "scenario 4" (𝑓 = (1 / relative fitness of population 2) - 0.5 = 208 

0.409, i.e. substantially reduced fitness). The chosen selection coefficient of s = 0.1 has been 209 

shown to be realistic and common in a meta-analysis of selection coefficients in natural 210 

populations (Thurman and Barrett 2016). The rationale for including stronger negative 211 

selection in scenarios 3 and 4 was to mimic the effects of an allele of one population being 212 

confronted with a different genomic background in another population upon secondary 213 

contact, which can lead to lower fitness in hybrids or even hybrid sterility/inviability (Fang et 214 

al. 2012; Crespi and Nosil 2013; Sweigart et al. 2019). 215 

Demography: In all scenarios the migration rates, 𝑚, the number of exchanged 216 

individuals per generation, were set to 0.1, 0.01, or 0.001 across different simulations. 217 

Migration rates here can be interpreted as the fraction of individuals of one population 218 

contributing to offspring in the next generation of the other population. All scenarios were 219 

modelled either with population sizes held constant at 500 individuals per population after 220 

population divergence or population sizes logistically growing from 500 individuals to 2500 221 

individuals per population. Population sizes in population 3 were either the same as 222 

population 2 or higher, with 2000 individuals in the case of constant population sizes or 223 

growing to 10,000 individuals in the case of increasing population sizes. All combinations of 224 

parameter values and scenarios were tested. The effective population sizes and parameter 225 

settings used are meant as a compromise between more extreme sizes and values and 226 

account for limitations due to computational feasibility. 227 



 

 9 

Selective sweep: Scenarios were modelled with 'population 2' experiencing a hard 228 

sweep, a soft sweep, or no selection (neutral evolution). Soft sweeps were modelled as 229 

selective sweeps from standing genetic variation in 'population 2', i.e. the mutation was 230 

introduced in 400 of 1000 individuals at generation 50,000 (immediately before divergence 231 

into populations 2 and 3) with a starting frequency of 0.4 in both post-divergence populations, 232 

which ensures that the selected allele is neither lost nor fixed, while at the same time making 233 

sure that starting points are equal across repetitions. Hard sweeps were modelled as one 234 

single point mutation in one individual in population 2. The onset of selection was always at 235 

generation 50,001 and continued to the end of the simulation. The selected mutations were 236 

modelled with a dominance coefficient, ℎ = 1.0, denoting complete dominance, which is 237 

thought to be common in newly arising beneficial mutations (Haldane 1927; Turner 1977; 238 

Charlesworth 2017). 239 

Genome structure: Genomes were simulated with a size of 4,000,050 bp. These 240 

consisted of two recombination regions of 2,000,025 bp each: one 'standard' recombination 241 

rate region (or probability) representative of many fish species, 𝑟 = 1e-7, and one low 242 

recombination rate region with 𝑟 = 1e-8 (Stapley et al. 2017). The recombination rates are the 243 

probabilities of recombination per nucleotide site per generation. The mutation rate in all 244 

simulations was 1e-8 mutations per position per generation. The selective sweep mutations 245 

were always located in the centre of each recombination rate region, at positions 1,000,013 246 

bp (in the standard recombination rate region) and 3,000,038 bp (in the low recombination 247 

rate region). The two recombination rate regions were completely independent (i.e. a 248 

selective sweep in one region did not affect the patterns in the other region) and can 249 

therefore be considered as separate chromosomes. 250 

In total, simulations were replicated 100 times for each of the 144 different 251 

combinations of parameter values and scenarios (Supplementary Table 1). The simulated 252 

genomes were output as files in both ms (Hudson 2002) and vcf format, depending on analysis 253 

software requirements and computational efficiency of the summary statistic analyses.  254 

 255 

Summary statistics 256 

We focussed on summary statistics that are computationally efficient, easy to apply, and do 257 

not require phased data or ancestral sequence information. Since machine learning methods 258 

to infer selective sweeps, such as evoNet (Sheehan and Song 2016) and S/HIC or diploS/HIC 259 
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(Schrider and Kern 2016; Kern and Schrider 2018), usually require the simulation of training 260 

and testing data sets, drastically increasing the computational investment, we did not include 261 

these in the present study. Based on randomly sampling 30 individuals each of population 2 262 

and population 3 from generation 53,000 of the simulations, we calculated summary statistics 263 

in 50 non-overlapping windows of 80,001 bp size using the ms or vcf simulation output files. 264 

The window size of 80,001 bp was found to lead to good resolution of signatures of selection 265 

after initial trials of various window sizes between 50,000 bp and 100,001 bp. Non-266 

overlapping windows were used due to the selected allele being located in the centre of the 267 

central window of each recombination region, so problematic edge effects (i.e. mutation at 268 

the edge of a window leads to two minor peaks rather than one major peak) of selective 269 

signatures on empirical data can be excluded. Non-overlapping windows also allowed for 270 

faster computation times. To avoid biases due to definition of windows, we additionally 271 

defined windows using a total of 22 SNP-based windows (11 per recombination rate region) 272 

holding 21 SNPs per window, which were held constant and are based on the minimum 273 

number of SNPs present in each of the simulation runs. The chosen number also ensured that 274 

the central window had the selected mutation in its centre and is therefore compatible with 275 

the 1-in-1 accuracy method described below. These windows holding 21 SNPs each were 276 

calculated based on individual SNP metric values for each position using a custom R script. 277 

Individual SNP metric values could not be calculated for the linkage disequilibrium-based 278 

metrics 𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆 and 𝑑𝑖𝑝𝑙𝑜𝜔 of the diploSHIC software. The lower number of windows using 279 

the SNP-based approach than in the physical size approach (11 compared to 25 per 280 

recombination rate region, respectively) is expected to increase baseline accuracies for the 1-281 

in-1 accuracy method, as these accuracies constitute proportions of the most extreme values 282 

observed. 283 

We used a total of 16 population genetic summary statistics grouped into five families 284 

based on the type of genomic information they use. The five families are 1) metrics based on 285 

the site frequency spectrum (SFS): nucleotide diversity 𝜋 (Tajima 1983), the difference in 286 

nucleotide diversity between the two post-divergence populations Δ𝜋, �̂�𝑊 (Watterson 1975), 287 

and 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷 (Tajima 1989); 2) metrics based on genotype distance: the variance, 288 

skewness, and kurtosis of the genotype distance distribution 𝑔𝑘𝑙 (Kern and Schrider 2018); 3) 289 

metrics based on the distribution of multilocus genotype frequencies: 𝑛𝐷𝑖𝑝𝑙𝑜𝑠 (the number 290 

of distinct genotype vectors), 𝐽1, 𝐽12, and 𝐽2 𝐽1⁄  (or 𝐺1, 𝐺12, and 𝐺2 𝐺1⁄ , the multilocus 291 
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genotype equivalents of the haplotype-based metrics 𝐻1, 𝐻12, 𝐻2/𝐻1; Messer and Petrov 292 

2013; Garud et al. 2015; Harris et al. 2018); 4) metrics based on linkage disequilibrium (LD): 293 

𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆 and 𝑑𝑖𝑝𝑙𝑜𝜔 (the genotypic LD equivalents of 𝑍𝑁𝑆 (Kelly 1997) and 𝜔 (Kim and 294 

Nielsen 2004)) as well as 𝐻 − 𝑠𝑐𝑎𝑛 (Schlamp et al. 2016); and 5) measures of population 295 

differentiation: 𝐹𝑆𝑇 (Wright 1951) and the genetic beta diversity measure �̅�𝐺𝐷 (Reeve et al. 296 

2016; White 2019; described below). 297 

Metrics based on the SFS (family 1) make use of the distribution of allele frequencies 298 

in the genome. Nucleotide diversity 𝜋 is defined as the number of nucleotide differences per 299 

site between two randomly chosen sequences from a population (Tajima 1983). The 300 

Watterson estimator �̂�𝑊 measures the population mutation rate, which is the product of the 301 

effective population size and the mutation rate (Watterson 1975). 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷 is defined as 302 

the average number of pairwise differences divided by the number of segregating sites 303 

(Tajima 1989). A negative 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷 indicates an excess of rare alleles, which can be caused 304 

by a recent selective sweep. In metrics based on genotype distance (family 2), the genotype 305 

distance distribution 𝑔𝑘𝑙 between individuals 𝑘 and 𝑙 is defined as 𝑔𝑘𝑙  =  ∑ 1𝑥𝑘𝑖 ≠ 𝑥𝑙𝑖

𝑚
𝑖 = 0 , 306 

which is the sum of unequal genotypes in a genotype vector 𝑥𝑘 (Kern and Schrider 2018), 307 

where the multilocus genotype 𝑥𝑘  =  {𝑥𝑘0, 𝑥𝑘1, . . . , 𝑥𝑘𝑚} denotes the set of genotypes in 308 

individual 𝑘. In metrics based on the distribution of multilocus genotype frequencies (family 309 

3), 𝑛𝐷𝑖𝑝𝑙𝑜𝑠 is simply the number of distinct multilocus genotypes in a population. 𝐽1 is the 310 

multilocus genotype homozygosity calculated using all multilocus genotypes. 𝐽12 is the 311 

multilocus genotype homozygosity calculated using the two most frequent multilocus 312 

genotypes. 𝐽2 𝐽1⁄  is the ratio of multilocus genotype homozygosity calculated using all but the 313 

most frequent multilocus genotype to 𝐽1 (Messer and Petrov 2013; Garud et al. 2015; Harris 314 

et al. 2018). Metrics based on LD (family 4) depend on the association of alleles at different 315 

loci in a population. 𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆 uses multilocus genotypes to estimate the squared correlation 316 

of alleles at pairs of polymorphic sites (Kelly 1997; Kern and Schrider 2018). 𝑑𝑖𝑝𝑙𝑜𝜔 is a 317 

related metric that is based on the sum of correlation coefficients between sets of 318 

polymorphic sites (Kim and Nielsen 2004), which can also be calculated from multilocus 319 

genotypes (Kern and Schrider 2018). 𝐻 − 𝑠𝑐𝑎𝑛 is a method that aims to detect selective 320 

sweep signatures by measuring the average length of pairwise homozygosity tracts along the 321 
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genome (Schlamp et al. 2016). The differentiation-based metric 𝐹𝑆𝑇 (family 5) measures the 322 

between-population variance in allele frequencies (Wright 1951). 323 

All metrics except 𝐻 − 𝑠𝑐𝑎𝑛 and population differentiation (𝐹𝑆𝑇 and �̅�𝐺𝐷) were 324 

estimated using diploS/HIC on ms files for populations 2 and 3 separately and constitute 325 

standardised values (as described in Kern and Schrider 2018). For diploS/HIC metrics and 𝐻 −326 

𝑠𝑐𝑎𝑛, only the results for the population experiencing positive selection (population 2) are 327 

shown. 𝐻 − 𝑠𝑐𝑎𝑛 was calculated using the software provided with the original publication 328 

(Schlamp et al. 2016). 𝐹𝑆𝑇 and �̅�𝐺𝐷 were calculated between populations 2 and 3 based on 329 

vcf files. 𝐹𝑆𝑇 was estimated using vcftools v0.1.17 (Danecek et al. 2011). �̅�𝐺𝐷 was estimated 330 

using the R package rdiversity v2.0 (Reeve et al. 2016; Mitchell, Reeve, and White 2020). 331 

 332 

�̅�𝐺𝐷, a beta diversity measure using genetic distances derived from information theory 333 

�̅�𝐺𝐷 is a measure of between-population diversity (i.e. beta diversity) based on genetic or 334 

genomic data (White 2019). �̅�𝐺𝐷 is calculated from the similarity between individuals (see 335 

Reeve et al. 2016, Tables 1 and 2 for further details) and is mathematically independent from 336 

within-population diversity (Jost 2010). The similarity between individuals is defined as 𝑧𝑖𝑗 =337 

1 − 𝑘 × 𝑛𝑖𝑗, where 𝑛𝑖𝑗 is the number of changes in sequence between individuals 𝑖 and 𝑗 in 338 

the genomic window being considered (with homozygotes for the opposite allele having 2 339 

changes and heterozygotes compared to homozygotes having 1 change), and 𝑘 is a scaling 340 

constant less than the inverse of the maximum number of changes observed (so 𝑧𝑖𝑗 ≥ 0). In 341 

trials, the scaling factor 1/𝑘 has been set to 100, 1000, or was automatically determined by 342 

the maximum distance values. We found a value of 𝑘 =  1/1000 to lead to the highest 343 

accuracies in sweep prediction for our data set. The resultant measure, �̅�𝐺𝐷, derived from �̅�, 344 

the effective number of distinct populations (or communities) (Reeve et al 2016), measures 345 

the number of genetically distinct genomic windows (GD = Genetic Distance), which takes a 346 

value of 1 when the windows have exactly the same genotypes in both populations (i.e. no 347 

differentiation), and a maximum value of 2 when the windows are completely genetically 348 

distinct. A parameter 𝑞, 0 ≤ 𝑞 ≤ ∞, determines the relative importance of rare and common 349 

sequences in the analysis (see Hill (1973) and Reeve et al. (2016) for further details on 𝑞). 350 

Three values of 𝑞 were tested (0, 1, and 2). Since the choice of 𝑞 had a very minor effect on 351 

the results (Supplementary Tables S2, S3, S4), we only report �̅�𝐺𝐷 for 𝑞 = 2 in the main text. 352 
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 353 

Accuracies of sweep prediction 354 

To determine how well each metric predicted the presence and location of mutations under 355 

selective sweeps, accuracies were calculated on the outcome across the 100 replicates in the 356 

following ways: 1) "1-in-1 window accuracy": the proportion of replicates in which the 357 

window containing the selected mutation (the central window) had the most extreme value 358 

(peak or valley/highest or lowest, depending on the metric) in each recombination region; 2) 359 

"1-in-3 windows accuracy": the proportion of replicates in which the window containing the 360 

selected mutation or its neighbouring one up- and one down-stream windows had the most 361 

extreme value, which is designed to also capture less distinct signals of selection. These 362 

accuracies therefore represent the proportion of simulation replicates with a summary 363 

statistic peak (or valley) in the central window of a recombination region, which was found to 364 

be a useful proxy for the observation of summary statistic peaks in the present study. We only 365 

report results based on the 1-in-1 window accuracy in the main manuscript, since we found 366 

that the relative performance of metrics was essentially the same using the 1-in-3 windows 367 

accuracy. For the analyses based on windows holding 21 SNPs, we only calculated 1-in-1 368 

window accuracies (Supplementary Table S4 and Supplementary Figures S4–S7). In 369 

Supplementary File S1 and Supplementary Table S5 we also describe and report results from 370 

an accuracy metric based on comparisons of simulations with selection to neutral simulations, 371 

which are comparable to the proportion of simulation replicates with P values more extreme 372 

than in simulations of neutral scenarios. All analyses of accuracy were performed using R 373 

v3.5.1 (R Core Team 2018). R scripts, simulated genetic data, and SLiM scripts are deposited 374 

at http://dx.doi.org/10.5525/gla.researchdata.981. 375 

 376 

Results 377 

 378 

Patterns of selective sweeps across the genome 379 

When averaging the summary statistics across replicates of each scenario, most metrics 380 

showed more or less clear peaks at or around the selected mutations (see Figure 2 for an 381 

example; see Supplementary File S2 for plots of all scenarios). These peaks were more distinct 382 

in the differentiation measures (�̅�𝐺𝐷 and 𝐹𝑆𝑇) compared to the other metrics used. Measures 383 
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based on genotype distance (variance, skewness, and kurtosis of 𝑔𝑘𝑙), the multilocus 384 

genotype frequency metrics 𝐽1 and 𝐽12 as well as 𝐻 − 𝑠𝑐𝑎𝑛 also frequently had distinct peaks,  385 

while other measures based on multilocus genotype frequencies (𝐽2 𝐽1⁄  and 𝑛𝐷𝑖𝑝𝑙𝑜𝑠) and LD 386 

(in particular 𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆 and 𝑑𝑖𝑝𝑙𝑜𝜔) were more prone to noise, with less distinct peaks 387 

around the selected mutations (Figure 2; Supplementary File S2). The distinctness of peaks 388 

around the genomic region under selection is directly reflected in the sweep prediction 389 

accuracies reported in more detail below. 390 

 391 

Accuracy in identifying sweep location across scenarios  392 

The ability of the 16 different summary statistics to accurately infer selective sweeps varied 393 

dramatically across scenarios. Generally, the more distinct the peaks observed in the graphs 394 

were (Figure 2; Supplementary File S2), the higher the accuracy in predicting the true location 395 

of the selective sweep. Figure 3 shows results obtained for all four types of scenarios 396 

(sympatric speciation and three secondary contact scenarios) and differing population growth 397 

and migration parameters, under hard and soft sweep simulations, in the region with 398 

standard recombination rate in simulations with equal population sizes. �̅�𝐺𝐷 outperformed 399 

all other metrics in finding the correct location of the mutation under selection. The mean 400 

accuracy of 𝐹𝑆𝑇 was, on average, slightly lower (Supplementary Tables S2–S4). Of the 401 

diploS/HIC selection metrics, genotype distance-based metrics performed best, especially the 402 

skewness and kurtosis of 𝑔𝑘𝑙. Of the metrics based on the SFS, only Δ𝜋 had comparable 403 

accuracies to 𝑔𝑘𝑙 metrics. 𝐻 − 𝑠𝑐𝑎𝑛 had somewhat higher accuracies compared to the SFS-404 

based �̂�𝑊 and other metrics based on LD, which had the lowest accuracies. Metrics based on 405 

multilocus genotype frequencies performed better than most LD metrics but not as well as 406 

the 𝑔𝑘𝑙 metrics. Additional results are given in supplementary figures for the low 407 

recombination rate region in simulations with equal population sizes and unequal population 408 

sizes (Supplementary Figures S1 and S2, respectively) and standard recombination rate region 409 

simulations with unequal population sizes (Supplementary Figure S3), with values listed in 410 

Supplementary Tables S2, S3. Results for the windows based on holding 21 SNPs mostly 411 

agreed with those based on physical size of windows and are given in Supplementary Table 412 

S4 and Supplementary Figure S4 for the standard recombination rate region with equal 413 

population sizes, Supplementary Figure S5 for the standard recombination rate region with 414 

unequal population sizes, Supplementary Figure S6 for the low recombination rate region 415 
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with equal population sizes, and Supplementary Figure S7 for the low recombination rate 416 

region with unequal population sizes. The SNP-based window approach led to overall higher 417 

accuracies compared to the physical window approach due to the lower number of windows 418 

used (11 compared to 25 per recombination rate region, respectively). The accuracies 419 

increased more in some metrics than in others, particularly in the case of 𝜋 and the metrics 420 

based on multilocus genotype frequencies. However the overall pattern of performance was 421 

consistent to the window approach. 422 

 423 

Prediction of sweep location – scenario-dependent performance 424 

The prediction accuracies of demographic scenarios depended substantially on migration rate 425 

and the metric. For low migration rates (𝑚 = 0.001), all four demographic scenarios had 426 

similar prediction accuracies (Figure 3; Supplementary Figures S1–S7; Supplementary Tables 427 

S2–S4). For intermediate migration rates (𝑚 = 0.01), secondary contact scenarios with 428 

intermediate to strong negative selection in population 3 (scenarios 3 and 4) had the highest 429 

prediction accuracies. This was most pronounced for multilocus genotype frequency-based 430 

metrics, while differentiation-based metrics and Δ𝜋 had more similar prediction accuracies 431 

across scenarios in most cases. For high migration rates (𝑚 = 0.1), the secondary contact 432 

scenario with the strongest negative selection in population 3 (scenario 4) had the lowest 433 

prediction accuracies across metrics (Figure 3; Supplementary Figures S1–S7; Supplementary 434 

Tables S2–S4). 435 

Of all parameters, migration rate had the strongest influence on accuracies of sweep 436 

location prediction. Intermediate migration rates (𝑚 = 0.01) between the two diverging 437 

populations led to higher accuracies of sweep prediction for differentiation-based metrics 438 

and Δ𝜋, with low migration rates (𝑚 = 0.001) having intermediate accuracies, and high 439 

migration rates (𝑚 = 0.1) having the lowest accuracies (Figure 3; Supplementary Figures S1–440 

S7; Supplementary Tables S2–S4). However, the skewness of 𝑔𝑘𝑙, 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷, and 𝐻 − 𝑠𝑐𝑎𝑛 441 

performed best at low migration rates, while the variance and kurtosis of 𝑔𝑘𝑙 as well as 442 

multilocus genotype frequency-based metrics performed equally well at low and 443 

intermediate migration rates. For almost all metrics and scenarios, highest migration rates 444 

led to the lowest accuracies, especially in the case of secondary contact scenarios with 445 

intermediate to strong negative selection in population 3 (scenarios 3 and 4). Differences in 446 

migration rate had the strongest effect on differentiation-based measures (𝐹𝑆𝑇 and �̅�𝐺𝐷). At 447 
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high migration rates, 𝐹𝑆𝑇 and �̅�𝐺𝐷 had similarly low or only slightly higher accuracies 448 

compared to the other metrics. Accuracies were also similar in genotype distance-based and 449 

differentiation-based metrics at low migration rates and constant population sizes. 450 

The influence of recombination rate on sweep prediction accuracies was comparably 451 

high to that of migration rate. Across all metrics, the accuracies were substantially higher in 452 

the standard recombination rate region compared to the low recombination rate region 453 

(Figure 3; Supplementary Figures S1–S7; Supplementary Tables S2–S4). What is more, for low 454 

recombination rates, secondary contact scenarios had lower prediction accuracies than 455 

sympatric divergence scenarios, while this was not always true for standard recombination 456 

rates. For measures based on differentiation and those based on LD, there was barely any 457 

difference between the accuracies of sweep prediction in hard sweep scenarios compared to 458 

soft sweep scenarios. However, the influence of sweep type was greater in most other 459 

metrics, with higher prediction accuracies in the case of hard sweeps especially in multilocus 460 

genotype frequency-based metrics. 461 

Scenarios that included demographic growth led to higher accuracies in sweep 462 

prediction across metrics (Figure 3; Supplementary Figures S1–S7; Supplementary Tables S2–463 

S4). Measures based on multilocus genotype frequencies and Δ𝜋 had higher prediction 464 

accuracies in scenarios with a larger population 3 (the population with negative selection), 465 

while for other metrics the prediction accuracies were mostly unchanged (Figure 3; 466 

Supplementary Figures S1–S7; Supplementary Tables S2–S4). 467 

 468 

Discussion 469 

 470 

The pros and cons of different metrics 471 

Our results demonstrated that different summary statistics varied dramatically in their ability 472 

to infer simulated selective sweeps under the demographic conditions we evaluated. 473 

Differentiation-based measures 𝐹𝑆𝑇 and particularly the beta diversity measure �̅�𝐺𝐷, which 474 

was evaluated robustly for the first time here, outperformed metrics based on the SFS (𝜋, Δ𝜋, 475 

�̂�𝑊, and 𝑇𝑎𝑗𝑖𝑚𝑎′𝑠 𝐷), genotype distance (the variance, skewness, and kurtosis of the 476 

genotype distance distribution 𝑔𝑘𝑙), multilocus genotype frequencies (𝑛𝐷𝑖𝑝𝑙𝑜𝑠, 𝐽1, 𝐽12, and 477 
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𝐽2 𝐽1⁄ ), and LD (𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆, 𝑑𝑖𝑝𝑙𝑜𝜔, and 𝐻 − 𝑠𝑐𝑎𝑛) across the majority of evolutionary and 478 

demographic scenarios. 479 

Accuracies based on identifying the correct genomic location where the selective 480 

sweep occurred were, on average across scenarios, highest in �̅�𝐺𝐷 and second highest in 𝐹𝑆𝑇, 481 

with the best performance at intermediate and the lowest at high migration rates. This was 482 

true across sweep types, population sizes, and sympatric and all secondary contact scenarios 483 

(i.e. scenarios 1 to 4). This is also evident in the observed distinctness of the peaks in these 484 

metrics centred around the selected mutations in a large number of scenarios. Of the metrics 485 

that are not based on regions of genomic differentiation, relatively high accuracy in predicting 486 

selective sweeps was also found in Δ𝜋 and those derived from the distribution of genotype 487 

distance. Multilocus genotype frequency-based metrics and Δ𝜋 performed best at 488 

intermediate migration rates but poorly at other migration rates. In some scenarios, 489 

especially at low migration rates, genotype distance-based metrics such as the skewness of 490 

𝑔𝑘𝑙 performed similarly well as 𝐹𝑆𝑇 and �̅�𝐺𝐷. High performance of genotype distance-based 491 

metrics (for both hard and soft sweeps) and multilocus genotype frequency metrics (for hard 492 

sweeps) has also been observed in other simulation studies and using empirical data (Kern 493 

and Schrider 2018). Using SNP-based windows, we observed a slight relative increase in 494 

performance for the metrics 𝜋 and those based on multilocus genotype frequencies, while 495 

other metrics were less affected by how windows had been defined. The lowest accuracies 496 

were observed using LD-based metrics, especially 𝑑𝑖𝑝𝑙𝑜𝑍𝑁𝑆 and 𝑑𝑖𝑝𝑙𝑜𝜔, which is in 497 

concordance with the observation of rather poor performance compared to methods based 498 

on allele frequency changes (i.e. SFS and 𝐹𝑆𝑇) (Kim and Nielsen 2004). However, other 499 

methods based on LD, most of which require phased data, could have higher power (Vatsiou 500 

et al. 2016). 501 

 502 

The influence of demography, recombination, and sweep type 503 

Our simulations show that gene flow influences how accurately the genomic location of 504 

selective sweeps can be predicted in a non-linear way, as both low and high migration rates 505 

(low or high 𝑚) led to lower prediction accuracies for many metrics. In the case of low 506 

migration rates, this is likely a result of increased noise due to increased overall genome-wide 507 

differentiation between populations (Ravinet et al. 2017). On the other hand, high migration 508 
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rates can lead to the breakdown or slowdown of selective sweeps, even more so in scenarios 509 

with strong negative selection in the population without selective sweep (scenario 4). 510 

Therefore, in study systems with high ongoing gene flow, as has been observed in recent 511 

speciation events in the apple maggot Rhagoletis pomonella and in Midas cichlids 512 

(Amphilophus sp.) (Elmer et al. 2014; Egan et al. 2015; Kautt et al. 2016), the potential for 513 

inferring the presence and location of selective sweeps might be reduced and depends on the 514 

strength of selection and the presence of negative selection. Secondary contact scenarios, 515 

which all included an allopatric phase with zero migration before resuming gene flow after 516 

secondary contact, decreased the accuracies of predicting the sweep location when the 517 

recombination rate was low. These observations imply that in study systems that experienced 518 

secondary contacts, such as has been reported for Cottus sp. and Mimulus sp. (Nolte et al. 519 

2006; Kenney and Sweigart 2016; Lucek et al. 2018), screens for selection will have reduced 520 

power in regions of the genome with reduced recombination. On the other hand, in systems 521 

with good evidence for sympatric speciation, as for instance in Midas cichlids, East African 522 

crater lake cichlids, and Howea palms (Savolainen et al 2006; Malinsky et al. 2015; Kautt et al. 523 

2016; Torres-Dowdall et al. 2017; Osborne et al. 2019; Papadopulos et al. 2019), screens for 524 

selective sweeps in genomic data will have increased power to detect signals of selection in 525 

low-recombination regions of the genome. The detection of selective sweeps in genomic 526 

regions with standard recombination rates, however, depends more on the particular 527 

combination of demographic history, migration rate, and the chosen metric. This shows that, 528 

ideally, determining the demographic history of a population, the recombination landscape, 529 

and the amount of gene flow should precede selection scans, which is particularly important 530 

in systems where the demographic history varies strongly from population to population (e.g. 531 

Jacobs et al. 2020). 532 

Accuracies were lower in the low recombination rate region compared to the standard 533 

recombination rate region. This is consistent with the observation of false positive signals of 534 

selection caused by the decreased local recombination rate due to genomic rearrangements 535 

(e.g. inversions) or other influences on genome organisation and structure (Thornton 2005; 536 

Lotterhos 2019). A higher number of false positives should therefore also be expected in taxa 537 

with overall reduced recombination rates, as for example in opossum Monodelphis domestica 538 

and in Oenothera sp. (Mikkelsen et al. 2007; Rauwolf et al. 2011).  The negative effect of lower 539 

recombination rate was similarly strong for all metrics, which is to be expected given that all 540 
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of these metrics are more or less based on a reduction in local diversity around the mutation 541 

under selection or the association of alleles (Pritchard et al. 2010; Messer and Petrov 2013). 542 

As noted by Kern and Schrider (2018), metrics based on multilocus genotype 543 

frequencies are expected to have lower power to detect soft selective sweeps compared to 544 

hard selective sweeps, which is also what we observed here. This effect was somewhat 545 

smaller or was not observed at all for other metrics. Differentiation-based metrics in 546 

particular, showed relatively similar prediction accuracies for hard and soft sweeps. This is in 547 

concordance with various empirical and theoretical studies based on genome-scale data 548 

(Chen et al. 2010; Hohenlohe et al. 2010; Vitti et al. 2013; Pavlidis and Alachiotis 2017). The 549 

fact that a substantial number – and in many cases the majority – of sweeps constitute soft 550 

sweeps underlines the importance of using metrics that are robust to identifying regions 551 

under selection in both hard and soft sweeps (Pritchard et al. 2010; Messer and Petrov 2013; 552 

Schrider and Kern 2017). That some metrics are unaffected by soft selective sweeps while 553 

other metrics are influenced by both hard and soft sweeps could itself potentially be used to 554 

distinguish sweep type. Garud et al. (2015) and Harris et al. (2018) showed that the joint use 555 

of the metrics 𝐽12 and 𝐽2 𝐽1⁄  (called 𝐺12 and 𝐺2 𝐺1⁄  in Harris et al. 2018) enables the detection 556 

of and discrimination between hard and soft selective sweeps, which is reflected in our results 557 

to some extent. Machine learning approaches such as diploS/HIC (Kern and Schrider 2018), 558 

which makes use of the 𝐽12 and 𝐽2 𝐽1⁄  metrics as well, are also promising tools for the 559 

discrimination between signatures of hard and soft sweeps. 560 

 561 

The utility of differentiation-based metrics 562 

Differentiation-based metrics have found wide application in screens for positive selection 563 

(Chen et al. 2010; Narum and Hess 2011; De Villemereuil and Gaggiotti 2015). Despite its 564 

popularity and good performance in a range of situations, the use of 𝐹𝑆𝑇 has received criticism 565 

as well (Bierne et al. 2013; Cruickshank and Hahn 2014; Lotterhos and Whitlock 2014). The 566 

drawbacks of 𝐹𝑆𝑇 have been one of the motivations for the application of �̅� to genetic data, 567 

as �̅�𝐺𝐷 (White 2019). The better performance of �̅�𝐺𝐷 compared to 𝐹𝑆𝑇 likely derives from two 568 

desirable properties that �̅�𝐺𝐷 has but 𝐹𝑆𝑇 does not have. Firstly, �̅�𝐺𝐷 was observed to be 569 

monotonically increasing with increasing time or strength of divergence (White 2019). 𝐹𝑆𝑇, 570 

on the other hand, is not monotonic with increasing divergence time and strength (Wang 571 

2012; White 2019). Secondly, �̅� has the property that low within-population diversity does 572 
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not have an effect on the magnitude of �̅� (Reeve et al. 2016), or that alpha diversity is 573 

mathematically independent from beta diversity (Jost 2010). Rather, only between-574 

population diversity or differentiation affects the magnitude of �̅�. 𝐹𝑆𝑇, however, is 575 

substantially affected by low within-population diversity between the two populations, 576 

potentially leading to false positive differentiation outliers, as has been shown for a number 577 

of studies (Cruickshank and Hahn 2014). These two properties should make �̅�𝐺𝐷 the better 578 

choice if one wants to truly measure differentiation between populations, although further 579 

model-based and empirical assessments will be needed. 580 

However, despite the good performance of differentiation-based measures, which 581 

could be expected given they de facto constitute comparisons to a reference, which is not 582 

true for the other (single-population) metrics, differentiation-based metrics are not always 583 

appropriate. In particular, �̅�𝐺𝐷 and 𝐹𝑆𝑇 as well as Δ𝜋 require at least two (related) 584 

populations, one of which should be a reference population that does not experience 585 

selection at the same genomic location. This means that the signatures of selection will be 586 

lost if the selected mutation is also selected for in the reference population (i.e. in the case of 587 

global selection). In fact, such cases can even lead to reduced differentiation in the selected 588 

regions compared to neutral regions, which would be even more pronounced in low-589 

migration scenarios (Zheng and Wiehe 2019). It is also possible for beneficial mutations in one 590 

population to be neutral in the other population, even though such cases might be less 591 

common than previously thought (Kern and Hahn 2018). In many study systems such a 592 

reference population, for example an ancestral population in a population pair from which a 593 

derived population diverges, is not available. An ideal scenario would be a population pair 594 

under divergence with distinct ecological preferences that lead to adaptation driven by 595 

differential selection. Examples for such a scenario are the divergences of benthic and pelagic 596 

ecomorphs in three-spined stickleback (Gasterosteus aculeatus) (Schluter and McPhail 1992; 597 

Bolnick and Lau 2008) or Arctic charr (Salvelinus alpinus) (Elmer 2016; Jacobs et al. 2020). 598 

Another potential drawback of differentiation-based metrics is the fact that it has been shown 599 

that hidden or hierarchical population structure can negatively affect the detection of natural 600 

selection based on differentiation measures (Excoffier et al. 2009). This implies that clear 601 

knowledge about the population structure at each level is required for sound application of 602 

differentiation-based metrics. It has also been pointed out that differences in sample size 603 
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among populations, the dependency on minor allele frequencies, and inconsistencies among 604 

estimators can decrease the reliability of 𝐹𝑆𝑇 (Berner 2019), which is why allele frequency 605 

differentiation (AFD) has been proposed as an alternative. We note that a detailed 606 

assessment of the effects of background selection, which has been shown to affect estimates 607 

of 𝐹𝑆𝑇 (Matthey-Doret and Whitlock 2019), and other confounding factors on the detection 608 

of selective sweeps, especially using �̅�𝐺𝐷, should be performed in future simulation studies. 609 

  610 

Potential caveats 611 

In the current study, we did not account for some factors of empirical data that could 612 

potentially affect the performance of summary statistics to detect selective sweeps. This 613 

includes poor data quality, insufficient coverage, and inaccuracies (e.g. erroneously called 614 

SNPs), which have been shown to negatively impact population genetic estimates (Crawford 615 

and Lazzaro 2012). 616 

A number of metrics were not included in this simulation study. Those excluded 617 

mostly were ones that belong to the same families of metrics that we included here, i.e. are 618 

based on or depend on the SFS, genotype distance, multilocus genotype frequencies, LD, or 619 

population differentiation. The decision only to include metrics that do not require phased 620 

data or a polarised SFS stems from the fact that phased data and ancestral sequences are not 621 

readily available and/or are difficult to obtain for most empirical studies, especially in non-622 

model ecological and evolutionary study systems. The results presented in this paper highlight 623 

the importance of knowing the properties of different metrics under different demographic 624 

scenarios. 625 

 626 

Suggested steps for locating selective sweeps 627 

Drawing from our simulation results, empirical studies, and theory, we suggest an eight-step 628 

process that can help to locate and make sense of selective sweeps in whole-genome data 629 

(Figure 4): 630 

1) Collect knowledge on the underlying demographic history of the studied populations to 631 

create a basis for subsequent analyses. 632 

2) Genomic properties and parameters (i.e. recombination rate or the location of inversions) 633 

of a study system can often be estimated using available data (and in some cases even the 634 

same kind of data) to further inform downstream analyses. 635 
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3) Based on the knowledge gained in 1), choose a handful of metrics that proved suitable for 636 

a given demographic scenario. One of the most important observations from our exploration 637 

is that many metrics such as multilocus genotype frequency-based metrics and Δ𝜋 are most 638 

powerful at intermediate migration rates while genotype distance-based and differentiation-639 

based metrics show a more consistent performance across migration rates. A combination of 640 

genotype distance-, multilocus genotype frequency-, differentiation-based metrics, and Δ𝜋 641 

could be a powerful way of screening for selection in unphased genomic data. It should also 642 

be noted that, given the low accuracies of identifying the correct sweep location of many 643 

metrics under various demographic scenarios, complete overlap of candidate genomic 644 

regions under selection inferred using different methods can be considered unlikely. 645 

However, even partial overlap of candidate regions across metrics is stronger evidence for a 646 

selective sweep than that based on only one metric. Since metrics of the same family (e.g. 647 

metrics based on multilocus genotype frequencies) showed a correlated or collinear response 648 

to selection under a given demographic scenario, metrics in empirical studies should rather 649 

be chosen from multiple metric families that have proven to be powerful for a given scenario. 650 

In this context, the development of composite measures of selection that capture the 651 

combined signatures of different metrics (Lotterhos et al. 2017; Verity et al. 2017) will be an 652 

important future avenue for detecting selective sweeps. 653 

4) If available, recombination rate estimates across the genome from 2) can further narrow 654 

down the choice of metrics for screening for selective sweeps. As this is not feasible in many 655 

cases, taking into account global recombination rate estimates of the same or related species 656 

can be useful when choosing suitable metrics. An important result is that, at low 657 

recombination rates,  𝐻 − 𝑠𝑐𝑎𝑛 and multilocus genotype frequency-based metrics were 658 

more powerful than most other single-population metrics and could complement 659 

differentiation-based and genotype distance-based metrics. 660 

5) Perform selection scans using the chosen population genetic metrics. 661 

6) When potential locations of selective sweeps are identified, knowledge from 2) can be used 662 

to rule out factors that could lead to false positive signals of selection (e.g. inversions or other 663 

genomic rearrangements). However, the presence of inversions, for example, cannot rule out 664 

selective sweeps or other forms of selection. In fact, it has been shown in several study 665 

systems, from Atlantic cod (Gadus morhua) and rough periwinkles (Littorina saxatilis) to seep 666 

monkeyflowers (Mimulus guttatus), that inversions can harbour genes with high importance 667 
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for adaptation (Kirubakaran et al. 2016; Puzey et al. 2017; Morales et al. 2019; Refoyo-668 

Martínez et al. 2019). In many cases, however, the location of inversions cannot be 669 

determined due to insufficient and/or unsuitable data. 670 

7) The candidate genomic regions can then be analysed and explored, for example with regard 671 

to the functional genes or regulatory regions they contain. Sets of outlier genes in candidate 672 

regions can be analysed for gene ontology term or similar functional enrichment (Gaudet and 673 

Dessimoz 2017). Using available genome information, SNPs in these regions can be 674 

annotated, for example with software such as SnpEff (Cingolani et al. 2012). It can also be 675 

helpful to analyse allelic shifts of these SNPs in more detail (potentially also from other 676 

populations or related study systems). If available, candidate sweep regions could be analysed 677 

for overlap with quantitative trait loci in the same or related taxa (Stinchcombe and Hoekstra 678 

2008; Jacobs et al. 2017). 679 

8) Ultimately, while not currently feasible for most ecological and evolutionary non-model 680 

organisms, the last step could involve validating candidate sweep regions, genes, and alleles, 681 

for example using analyses of gene expression (Rahi et al. 2017; McGirr and Martin 2018), 682 

gene editing and knockouts (Fernandez i Marti et al. 2018; Chao et al. 2019), or computational 683 

methods for predicting functional changes such as modified enzyme function or protein 684 

structure (Tang and Thomas 2016; Lee et al. 2017). 685 

 686 

Our results demonstrate that, if the conditions are met, differentiation-based approaches are 687 

a powerful way to detect selective sweeps in whole-genome data. In particular the measure 688 

�̅�𝐺𝐷 proposed here, a beta diversity measure derived from information theory principles, 689 

proved to outcompete the other metrics used, making it a promising method for screening 690 

for selective sweeps and differentiation. Lastly, other recently described metrics (Kern and 691 

Schrider 2008), mostly those based on genotype distance, were shown here to be the most 692 

powerful non-differentiation metrics for screening for selective sweeps in unphased whole-693 

genome data. 694 
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 1158 

Figure 1 – General outline of simulated scenarios. a) Sympatric divergence scenario where 1159 

gene flow occurs directly after the population split and continues until the samples are taken. 1160 

In this case, population sizes remain constant after divergence. b) Sympatric divergence 1161 

scenario with logistic population growth. c) Secondary contact scenario where there is no 1162 

gene flow directly after the population split. Gene flow continues after secondary contact of 1163 

populations 2 and 3 until the samples are taken. All combinations of parameters were 1164 

included in the simulations for a total number of 144 scenarios, including 96 selective sweep 1165 

scenarios and 48 neutral scenarios. 1166 

 1167 

 1168 
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 1169 

 1170 

Figure 2 – Traces of summary statistics for an example simulation scenario (average across 1171 

100 replicates): Scenario 2 (secondary contact), with hard sweeps and constant, unequal 1172 

population sizes with a migration rate of 0.01. Summary statistics a) 𝑣𝑎𝑟𝑔𝑘𝑙 and 𝑘𝑢𝑟𝑡𝑔𝑘𝑙 1173 

show clear peaks centred around the locations of the selective sweeps (dotted lines). b) 𝐽1, 1174 

𝐽12, and 𝐻 − 𝑠𝑐𝑎𝑛 show relatively clear peaks around the sites of the selected mutations. c) 1175 

𝛥𝜋 varies across the genome and shows only subtle peaks, while the signals of 𝐹𝑆𝑇 around 1176 

the mutation under selection are distinct. d) �̅�𝐺𝐷 shows distinct peaks around the sweep 1177 

location. The left part of each panel is the standard recombination region (white background) 1178 

while the right part is the low recombination region (grey background). The graphs shown are 1179 

derived by averaging across 100 simulation replicates. For plotting, the absolute values of 𝛥𝜋 1180 
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multiplied by 10 and the values of 𝐻 − 𝑠𝑐𝑎𝑛 divided by 1,000,000 were used. �̅�𝐺𝐷 is shown 1181 

for 𝑞 =  0, 𝑞 =  1, and 𝑞 =  2, but the graphs are, however, indistinguishable due to almost 1182 

identical �̅�𝐺𝐷 values. 1183 
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 1185 

Figure 3 – A heat map of prediction accuracies of the location of selective sweeps for the 1186 

standard recombination rate region and equal population sizes. The colours in the heat map 1187 

are based on accuracy values (see scale at the top right of the plot, with the highest 1188 

accuracies, 1, in dark red and the lowest accuracies, 0, in dark blue), which are the proportions 1189 

of 100 simulation replicates in which the correct window was identified as containing the 1190 

selected mutation (1-in-1 window approach). For �̅�𝐺𝐷, the chosen 𝑞 value was 2. scen1 = 1191 

scenario 1 (sympatric divergence); scen2 = scenario 2 (secondary contact scenario with low 1192 

negative selection in population 3); scen3 = scenario 3 (secondary contact scenario with 1193 

intermediate negative selection in population 3); scen4 = scenario 4 (secondary contact 1194 

scenario with strong negative selection in population 3); gro = logistically increasing 1195 

population size; con = constant population size; soft sweep = soft selective sweep scenario; 1196 
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hard sweep = hard selective sweep scenario; migration = migration rate between populations 1197 

2 and 3; pop. growth = population growth (gro or con); migr. rate = migration rate. 1198 

  1199 
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 1200 

 1201 

Figure 4 – Suggested steps for detecting the genomic position of selective sweeps. Drawing 1202 

from the simulation results, empirical studies as well as theory, we suggest an eight-step 1203 

process that can help to locate and make sense of selective sweeps in whole-genome data. 1204 
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