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Abstract

Population branch statistics, which estimate the degree of genetic differentiation along a focal population’s lineage, have
been used as an alternative to Fst-based genome-wide scans for identifying loci associated with local selective sweeps.
Beyond the population branch statistic (PBS), the normalized PBSn1 adjusts focal branch length with respect to outgroup
branch lengths at the same locus, whereas population branch excess (PBE) incorporates median branch lengths at other
loci. PBSn1 and PBE were proposed to be more specific to local selective sweeps as opposed to geographically ubiquitous
selection. However, the accuracy and statistical power of branch statistics have not been systematically assessed. To do
so, we simulate genomes in representative large and small populations with varying proportions of sites evolving under gen-
etic drift or (approximated) background selection, with local selective sweeps or geographically parallel selective sweeps. We
then assess the probability that local selective sweep loci are correctly identified as outliers by Fst and by each of the branch
statistics. We find that branch statistics consistently outperform Fst at identifying local sweeps. Particularly when parallel
sweeps are introduced, PBSn1 and PBE correctly identify local sweeps among their top outliers more frequently than PBS.
Additionally, we evaluate versions of these statistics based on maximal site differentiation within a window, finding that
site-based PBE and PBSn1 are particularly effective at identifying local soft sweeps. These results validate the greater speci-
ficity of the rescaled branch statistics PBE and PBSn1 to detect population-specific positive selection, supporting their use in
genomic studies focused on local adaptation.

Key words: population branch statistics, fixation index, selective sweeps, local adaptation, population genetic simulation.

Significance

Population branch statistics are widely used in genome-wide scans to identify loci associated with local adaptation. This
simulation study finds that branch statistics are more accurate than Fsy at identifying local selective sweeps under a wide
range of demographic parameters and models of evolution. It also demonstrates that rescaled branch statistics have
improved ability to distinguish local adaptation from other models of natural selection, and that site-level versions of
these metrics are particularly useful in detecting local adaptation from standing genetic variation. These findings will
provide empirical studies a more informed basis for selecting statistics for use in genome-wide scans for loci involved
in local adaptation.
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Introduction

One of the cornerstones of evolutionary genetics is under-
standing the processes that drive genetic differences
within and among populations. A research area of particu-
lar interest is determining which observed differences in
allele frequency between populations are driven by local
adaptation versus genetic drift or background selection
(BGS). Local adaptation is of special importance in part be-
cause population-specific selective sweeps can contribute
to the initial stages of allopatric or parapatric speciation
by generating genetic incompatibilities between regional
variants. Furthermore, the genomic signatures of local se-
lective sweeps can provide insights into the molecular basis
and genetic architecture of adaptive phenotypic traits as
they relate to regional variation.

Among the most notable and well-documented
examples of local adaptation include grasses that tolerate
high heavy metal concentrations in contaminated soils
(Antonovics and Bradshaw 1970; Macnair 1987), mouse
coat color variants adapted to different substrates by selec-
tion for camouflage (Nachman et al. 2003; Hoekstra et al.
2006), the evolution of body shape and coloration of stick-
lebacks in response to different species of predator
(Colosimo et al. 2005; Miller et al. 2015; Gygax et al.
2018), the evolution of toxin resistance in garter snakes
that co-occur in regions with highly toxic newts as prey
(Brodie et al. 2002), and the independent adaptation to
hypoxic environments for humans and other large mam-
mals living at high altitudes (Yi et al. 2010; Julian and
Moore 2019; Witt and Huerta-Sanchez 2019). Drosophila
melanogaster and its close relatives have also provided im-
portant model systems for genetic studies of local adapta-
tion, including for studies focused on adaptation to high
altitudes (Lack et al. 2016; Sprengelmeyer and Pool 2021;
Sprengelmeyer et al. 2022), upper latitudes (Adrion et al.
2015; Svetec et al. 2015; Siddig and Thornton 2019), and
novel food sources (Yassin et al. 2016).

One general approach to identifying and characterizing
local adaptations is based on quantifying the differences
in allele frequencies among populations at different loci,
on the assumption that highly divergent loci are potential
genomic signatures of local adaptation. A variety of statis-
tical methods have been proposed and used to leverage this
information. Some approaches identify deviations from
neutrality in a focal population by comparisons to outgroup
populations, e.g. the maximum frequency of derived muta-
tions test of Li (2011), which identifies excess derived alleles
in a population with respect to an outgroup. More recent
studies (e.g. Xue et al. 2021) have applied machine-
learning algorithms to allele frequency distributions to
identify ad classify selective sweeps as soft (i.e. involving
contributions from more than one preexisting haplotype)
versus hard.

Alternative sweep detection approaches use maximum
likelihood calculations to optimize and infer demographic
parameters including branch lengths, e.g. the cross-
population likelihood ratio (XP-CLR) of Chen et al. (2010),
which compares likelihood ratios for allele frequencies un-
der neutrality to models with selective sweeps. This method
was extended and generalized to a three-population
3P-CLR model by Racimo (2016), which calculates likeli-
hood ratios based on a tree topology as well as demograph-
ic parameters. Such methods make explicit assumptions
about evolutionary models and so require the estimation
of underlying parameters, e.g. 3P-CLR leverages estimates
of ancestral allele frequencies and split times.

In contrast, model-free approaches, such as those based
on the relative magnitudes of genetic differentiation
among populations, require no parameter estimation and
are independent of specific assumptions about underlying
evolutionary processes and history. The present study fo-
cuses on evaluating the performance of model-free statis-
tics derived from the fixation index (Fst) under a broad
range of demographic and selection regimes. These model-
free methods have the advantage of versatility and simpli-
city, while identifying their potential shortcomings can
point to scenarios where model-based methods may be
more appropriate.

Fixation Index and Population Branch Statistics

Genome-wide scans for selection identify outliers in the dis-
tribution of differences in allele frequency between a focal
population and its outgroup(s) using various measures of
genetic distance. Among the most widely used is Wright's
Fst, defined as the ratio of among population variance to
the total variance across populations. The quantity was ori-
ginally derived for single loci and sites, but can be general-
ized as a statistic for genomic regions (e.g. Reynolds et al.
1983). Many studies have used high Fst between two po-
pulations at specific loci in comparison to the rest of the
genome or chromosome region to infer local adaptation
(e.g. Akey 2009; Amato et al. 2009; Kapun et al. 2020).

There are several drawbacks to using Fst to measure
population divergence, such as its nonlinearity and nonad-
ditivity (making comparisons across multiple populations
difficult). Importantly, when comparing very large numbers
of sites in a genome-wide scan, it is inevitable that a signifi-
cant fraction will be divergent among populations due to
genetic drift, resulting in some fraction of loci that are false-
ly identified as having evolved under positive directional se-
lection. Further, the use of Fst leaves the problem of
determining which population in a divergent pair has ex-
perienced local adaptation.

Particularly to address the latter problem, several statis-
tics have been proposed that use a rescaled Fst-based value
across population triplets (a focal population and two
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outgroup populations) to estimate population-specific dif-
ferentiation. Among these is the population branch statistic
(PBS), first proposed in Yi et al. (2010) as an estimate of the
branch length of the focal population. The distance metric
for population pairs is a log-transformed (Cavalli-Sforza
1969) function of Fst, which, in contrast to Fsy itself, accu-
mulates additively with time under the simplest population
split models:

T=-log(1 - Fsr) (1)

Defining a three-population tree (Fig. 1a) with focal
population A, a relatively closely related population B,
and a “population outgroup” C, we can estimate the
corresponding branch lengths of a,b,c. Because the pair-
wise distances T are approximately additive, the branch
length a from the three pairwise T values can be esti-
mated as:
_Tag+ Tac —Tac

PBSA = — )

A similar statistic, known as the locus-specific branch
length (LSBL) was proposed earlier by Shriver et al.
(2004); LSBL also estimates the focal population branch
length using Eq. (2), but with Fstin place of T. Although un-
transformed Fst values are not additive quantities, LSBL
would be expected to give qualitatively similar results to
PBS, especially with rank-based approaches such as outlier
guantiles.

PBS as an estimator of focal branch length has been used
in a number of recent studies to identify sites or regions of
the genome evolving under selective sweeps (e.g. Jiang and
Assis 2020), with the logic that loci with high PBS compared
to other loci in the genome are strong candidates for select-
ive sweeps since population divergence.

To the extent that studies aim to identify population-
specific positive selection in particular, a potential disadvan-
tage to PBS is its inability to distinguish between cases
where only the focal branch is especially long from cases
where all population branches are long. While sites under
strong local directional selection will have high PBS, the
same is true at sites undergoing similar, parallel selective
sweeps in all three populations. Depending on the goals
of the study, such loci may or may not be of interest, as
they may often reflect instances of positive selection unre-
lated to adaptation to local environments, such as arms
races driven by meiotic drive or reproductive competition.
Furthermore, BGS (Charlesworth et al. 1993, 1995) may
have a relatively widespread influence on genetic diversity
in at least some regions of the genome (e.g. regions with
low recombination rates and/or a high density of functional
sites), and frequency changes driven by BGS may also lead
all populations to have unusually long branches at certain
loci. Consequently, PBS may be effective at identifying

instances of recent natural selection generally while being
less effective at discriminating between population-specific
versus species-wide selection pressures (although such pre-
dictions remain to be tested).

To address the above concerns regarding PBS, two
branch statistic rescalings have been proposed with the
specific purpose of identifying loci with population-specific
elevations in genetic differentiation. The normalized PBS,
i.e. PBSn1, was introduced by Malaspinas et al. (2016; see
their supplementary section S16, Supplementary Material
online) and also featured in subsequent studies (Crawford
et al. 2017, Vicuna et al. 2019). This metric rescales PBSa
with respect to the total tree length, e.g.

PBSA
PBSN1A = 1 + PBSa + PBSg + PBSc &

This rescaling has the potential to discriminate between
cases where PBS, is high in comparison to the lineages of
populations B and/or C from cases where B or C also
have long branches. Consequently, PBSn1 is expected to
give a lower false positive rate in identifying local sweeps
at loci that are evolving under parallel (i.e. separately occur-
ring) selective sweeps in multiple populations. The addition
of 1 in the denominator prevents division by zero and pro-
vides a baseline (although arbitrary) normalization term so
that cases where all three branches are extremely short
but the focal population is several times longer is not scored
as significant in the same way that an especially long focal
branch in particular would be (e.g. without the 1, a case of
branch lengths a,b,c=0.02,0.01,0.01 and a,bc=
20,10,10 would be treated equivalently).

Unlike the above statistics, another elaboration on PBS,
known as Population Branch Excess (PBE; Yassin et al.
2016), incorporates branch length information from add-
itional genomic loci. This method posits that in the absence
of local adaptation at a given locus, the relationship be-
tween the focal population’s branch length at this locus
(i.e. PBS,) and the combined lengths of the two nonfocal
population branches (i.e. Tzc) should be similar to the rela-
tionship between these two quantities observed at most
other genomic loci. PBE employs this logic to obtain an ex-
pected value for PBS at this locus, based on Tg¢ at this locus
and the median values of both PBS and Ty observed at all
other analyzed loci in the genome (or else a component of it
such as the same chromosome arm). PBE then quantifies
the degree to which the observed PBS value for this locus
exceeds its expected value, as follows:

TBC X med(PBSA)

PBEA = PBSA—PBSA,exp = PBSa- med(Tgc) ,

)

where med(PBS,) and med(Tgc) are the median values of
their respective statistics in a distribution across loci in the

Genome Biol. Evol. 17(5) https://doi.org/10.1093/gbe/evaf080 Advance Access publication 6 May 2025 3


http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf080#supplementary-data

Shpak et al.

GBE

(@) Unrooted Population Tree

~ JBI?S = (Tag + Tac— Tgc)/2

s
\\ “\
~
~

T~ > C

TAC

(b) Simulated Demographic Histories

Standard History:

Extended History:

None = 2x10*
(2x10°)

t, = 5x10°

- 4
Nane 7(5:136] (2x10°)
Small N, B
- 3
t, = 2x10° (Large Ne) Np 5>':].05
(2x10%) (Sx10:)
D\ No=5x10°
(5x10)
— t; = 1.5x10°
" 109 Nem=1 wlby
Ne=2x10* N, N = 10° Ne=2x10* Na, Ng = 10*
(2x109) (109 (2%10%) f o e » (10°)
C B A C B A

(c) Genomic Parameters

Parameter

SmallN | largeNe |

Mutation Rate 1.22x108 5.21x102 [2.61x107]
Crossing Over Rate 1.14x103 1.09x108 [5.45x107]
Gene Conversion Rate 5.9x108 6.25x108 [3.13x10°¢]
Conversion Tract Length (bp) 100 518

Window Size (kilobases) 100 5

Fig. 1. lllustration of the demographic models and genomic parameters implemented in population genetic simulations. a) Unrooted three-population tree,
with A representing the the focal population. T values represent the genetic distances between each pair of populations, based on a log transformation of Fst
(Eq. (1)). PBS, as the estimated length of the focal population branch, is then an intuitive function of these T values. b) The simulated three-population ge-
nealogies. N; represents the size of the jth small population, the value in parentheses is the size of the corresponding simulated large population (the lineage
D is the ancestral population for A,B before their split, Nan is the size of the population ancestral to all three sampled populations). t; and t, are the split times
for the inner and outer divergences, respectively. The left genealogy was used for the migration-free simulations as well as the first set of migration simulations
(a net population migration rate of Nem = 1 is represented by the dashed lines). The right genealogy has branch lengths adjusted to generate the same pairwise
Fsr as in the first genealogy without migration under genetic drift alone. c) The genomic parameters used in simulations for the small and large populations
(values in parentheses are the 50x rescalings used in the simulations). Mutation, crossing over, and gene-conversion rates are per-site, per-generation.

genome. The comparison to an expected PBS value may
make PBE values somewhat more comparable across studies
that involve populations with very difficult demographic his-
tories. For example, if all loci are highly differentiated due to a
recent bottleneck in the focal population’s history, PBE will
adjust all values based on the relatively high expected PBS (al-
though an elevated neutral variance may still be expected).

The ratio of branch lengths Tgc/med(Tgc) also corrects for
cases where the nonfocal branches are also long due to selec-
tion in those populations as well (whether sweeps or BGS). Or
viewed another way, a larger-than-usual value of Tg¢ at this
locus increases the value expected for PBS, and thus will tend
to yield lower PBE values, which is desirable if the goal is a
specific focus on population-specific positive selection.
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We also note that multiple branch-oriented statistics
have been developed to detect local adaptation from
data sets that include greater than three populations
(Schmidt et al. 2019; Schlebusch et al. 2020; Cheng et al.
2022). However, this study’s focus is restricted to
frequency-based statistics that incorporate at most three
populations, in part for the sake of clarity, and in part be-
cause of the relatively larger number of empirical studies
that can generate adequate population genomic data for
these methods.

The heuristic considerations that prompted the proposal
of PBS, PBSn1, and PBE as measures of population diver-
gence suggest that all branch statistics may have greater
power and accuracy in identifying instances of local select-
ive sweeps against a backdrop of neutral evolution than Fsr,
and that PBSn1 and PBE may outperform PBS when some
loci evolve under parallel sweeps while the evolution of
other loci is driven by local adaptation. However, their rela-
tive efficacy and statistical power have not been systemat-
ically examined over a range of demographic and
evolutionary parameters in either the papers that intro-
duced them or in subsequent studies.

Most empirical genomic scans for local adaptation have
calculated differentiation statistics like those mentioned
above on the scale of whole windows, whose lengths
may be scaled by physical distance, or perhaps preferably,
by the amount of genetic variation each contains.
Window sizes are typically chosen with the intention that
genetic differentiation within a window will be strongly af-
fected by a local selective sweep. However, when positive
selection acts upon an already-segregating variant, which
has already recombined onto multiple haplotype back-
grounds, a soft sweep may result, in which only a narrow
interval of genetic variation is strongly affected. In this scen-
ario, whole window statistics may fail to detect local soft
sweeps as outliers, but focusing instead on the maximum
SNP Fs7 value within a window can be more powerful (da
Silva Ribeiro et al. 2022). A related approach of using the
90th percentile Fst value within a window has also been de-
ployed (FSTqg; Fraisse et al. 2016), as have maximum SNP
versions of PBS (Lange et al. 2022) and PBE (Pool et al.
2017). However, as with the whole window population
branch statistics, the performance of maximum SNP ver-
sions of these metrics in detecting various scenarios of local
adaptation has not been assessed.

In this study, we analyze data from population genetic
simulations representing a wide range of scenarios in order
to assess the above predictions regarding the performance
of the above-mentioned whole window and SNP-focused
statistics to detect population-specific positive selection.
We include simulations with large and small population
sizes (motivated by Drosophila and humans, respectively),
and we investigate models with and without gene flow
after population divergence. In each demographic model,

we combine simulated replicates into simulated genomes
and assess which scenarios are placed in the top (upper
1%) outlier quantile for each statistic, emulating an empir-
ical outlier genome scan. This approach allows us to evalu-
ate how well each statistic differentiates local adaptation
not only from neutral evolution but also from BGS (approxi-
mated via reduced effective population size) and parallel
selective sweeps. Results of these analyses will allow re-
searchers to make more informed choices regarding which
statistics to use in future population genomic scans for local
adaptation.

Results

We performed population genetic simulations to test the
ability of four statistics (Fst, PBS, PBSn1, and PBE) to detect
population-specific positive selection, examining three
population models in small and large N, cases motivated
by human and Drosophila data, respectively. The demo-
graphic and genomic parameters used in these models
are summarized in Fig. 1b and c. We aggregated simula-
tions from distinct neutral/selection scenarios into “model
genomes” (Fig. 2a) to test how reliably each statistic placed
the 1% of true local sweep loci in the upper 1% tail, with or
without an additional 1% of loci subject to parallel sweeps
in all three populations, and with the remaining loci subject
to either neutral evolution or BGS (modeled as variably re-
duced N,).

Detecting Local Adaptation Against a Neutral Genomic
Background

We simulated local complete hard sweeps with selection
coefficients s=0.025 and 0.001 in the small and large
populations, respectively. When these local sweeps oc-
cur amongst neutral loci, the loci under selection can
be identified with a high level of accuracy by all statistics,
with only slight advantages of the three population sta-
tistics over pairwise Fst. As we deviated from this simple
scenario, the statistics began to diverge from one an-
other in both their precision based on the model gen-
omes defined above (Fig. 3, supplementary table S1,
Supplementary Material online) and their more trad-
itional statistical power based on comparing individual
local sweep replicates to neutral or BGS distributions
(supplementary table S2, Supplementary Material
online).

Precision was reduced in the cases of partial and soft lo-
cal sweeps in otherwise neutral genomes, with PBS, PBSn1,
and PBE often performing similarly, and Fst consistently
showing the lowest precision (Fig. 3). In contrast, in model
genomes where most loci evolve under BGS rather than
genetic drift, the relative performances of the branch statis-
tics became more distinct: here, the precision of PBSn1 and
PBE was invariably larger than for PBS in both the large and
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(a) Combining simulation replicates into simulated genomes
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Fig. 2. Simulated genome models used in this study. a) Schematics representing the model genomes, each containing 25,000 simulated loci (representing
genomic windows in an empirical scan). The upper left genome has 99% of loci randomly sampled from the 10° genetic drift simulations and 1% from the 10*
local selective sweep simulations. The upper right genome has 98% neutral, 1% local selective sweep simulations, and 1% parallel sweep simulations. The
lower left genome has 99% BGS loci and 1% local sweeps. The lower right genome has 98% BGS loci, 1% local sweeps, and 1% parallel sweep loci. b) The
autosomal B-value distributions for human (left) and D. melanogaster (right) genomes are shown, as used here for the simulations of small and large popu-
lation simulations, respectively. The vertical red line represents the truncation at B=0.41 for each population size scenario, in order to approximate genome
scans in which low recombination regions are excluded due to the difficulty in localizing targets.

small populations (Fig. 3). PBE also outperformed PBSn1 in
each of these cases, although the difference was more not-
able in the large populations. In the scenario that yielded
the most disparate outcomes, that of a soft sweep from
0.5% initial frequency in a large population with BGS, pre-
cision was 1.6% for Fst, 10.8% for PBS, 16.7% for PBSn1,
and 31.6% for PBE. In a few of the most challenging cases,

the precision of some or all statistics fell considerably. In the
large population case, a large number of false positives
generated by BGS led some precision estimates to fall be-
low the null expectation of 0.01 (i.e. the true fraction of
loci under local sweeps). This could be seen in the case of
soft sweeps with higher initial frequency, perhaps because
in our simulations, we did not additionally subject sweep
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Fig. 3. Population branch statistics show greater precision to detect local selective sweeps than Fst when other loci experience global positive or negative
selection. Bar plots show the precision of Fst and the population statistics PBS, PBSn1, PBE with respect to local sweeps, i.e. the fraction of local sweep
loci among those contributing to the upper 1% quantile of each statistic. The top four panels show the results for a single selective sweep in the focal popu-
lation for large and small populations (upper and lower panels), while the lower four panels do the same for parallel sweeps in all three populations. Each set of
graphs includes genomic backgrounds with genetic drift (left panels) and with emulated BGS (right panels). Each panel shows results for all modeled selection
regimes (hard complete, partial, soft complete sweeps), including migration scenarios involving hard sweeps that might have fixed if not for gene flow.
Supplementary table S1, Supplementary Material online provides exact precision values for each scenario.
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Fig. 4. PBE and PBSn1 are less likely than other statistics to register parallel sweep loci among their top outliers. For model genome scenarios in which 1% of
loci are subject to parallel sweeps in all populations, the graphs show the fraction of parallel sweep loci that contribute to the upper 1% quantile of Fsr and
branch statistic distributions (i.e. the fraction of parallel sweep loci that are false positives) under different demographic and selection parameters.

loci to BGS. Under these scenarios, BGS tends to generate
longer branch lengths than genetic drift (especially in the
large populations, which have a higher fraction of loci
with B<0.5; Fig. 2b). Here, PBE's rescaling of branch
lengths with respect to all loci in the “genome” may im-
prove its performance in comparison to PBS and even
with respect to PBSn1, which rescales the focal branch
length with respect to total tree length at the focal locus
but not with respect to an overall genome-wide baseline.

Detecting Local Adaptation in the Presence of Parallel
Sweeps and/or BGS

In simulations that included both parallel and local sweeps
at 1% of the loci, in otherwise neutrally evolving genomes,
the overall frequency of false positives increased for all of
the statistics when compared to otherwise equivalent scen-
arios in which all sweeps were local, albeit to varying de-
grees (Fig. 3). Here, the advantages of PBE and PBSn1
over PBS became more pronounced, with PBE again show-
ing a larger advantage for the large population scenarios.
Whereas, the performance of Fst became especially poor
with parallel sweeps. In these scenarios, we expect that par-
allel sweeps may generate higher Fst values than local

sweeps, so parallel sweeps will disproportionately contrib-
ute to the upper quantiles of Fst and potentially PBS (which
simply looks for a long estimated focal population branch
length). The enhanced differentiation of parallel sweeps
(and thus their contribution to false positives) can be great-
er for hard complete sweeps than for partial or soft sweeps
(Fig. 4, supplementary table S3, Supplementary Material
online), which may contribute to the otherwise surprising
observation that in some cases, Fst and to lesser extent
PBS had lower precision and power with hard complete
sweeps than with certain soft or partial sweeps. This phe-
nomenon is less apparent in the large populations, where
the modeled selection coefficients are weaker and the
rate of recombination relative to mutation is somewhat
higher (see Materials and Methods).

When local and parallel sweeps were both present, and
were hard and either complete or else partial at 80% ter-
minal frequency, most false positives were contributed by
parallel sweep loci (Fig. 4, supplementary table S3,
Supplementary Material online). In contrast, for the cases
of soft sweeps from a higher (1%) initial frequency or par-
tial sweeps to 50% terminal frequency, there was a
greater contribution from the neutral and BGS loci. This
trend is most notable in the case of BGS in the large

8 Genome Biol. Evol. 17(5) https://doi.org/10.1093/gbe/evaf080 Advance Access publication 6 May 2025


http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf080#supplementary-data
http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf080#supplementary-data
http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf080#supplementary-data

Precision and Power of Population Branch Statistics

GBE

populations—e.g. 46% to 94% of parallel sweep loci con-
tributed to upper quantiles under 80% partial sweeps,
whereas only about 1% of parallel sweep loci were in the
upper quantile in soft sweeps with Po=0.01. The propor-
tional contribution of parallel sweeps versus neutral/BGS
loci to false positives impacts the relative ability of the popu-
lation statistics to detect local sweeps. For example, in a
small population with both local and parallel sweeps, the
precisions for some of the statistics, especially Fsr and
PBS, are higher for soft sweeps (with P = 0.005) and partial
sweeps (P;=0.80) than for complete hard sweeps. This
counterintuitive pattern is not seen in the large population
simulations, which have lower false positive rates from the
parallel sweeps than in the small populations. In contrast,
with very soft sweeps (Po =0.01) or partial sweeps to only
50% final frequency, there is also a significant relative con-
tribution of neutral or BGS sites to the false positives.

When populations are subject to both parallel sweeps
and BGS, similar trends hold, with slightly to moderately re-
duced precision for each statistic to detect local sweeps
compared to cases with parallel sweeps without BGS. In
all cases, Fst showed the poorest performance, while PBS
lagged behind the other two branch statistics. For small po-
pulations, PBSn1 and PBE show similar advantages, while
for large populations, PBE displayed consistently greater
precision, generally showing similar or greater advantages
over PBSn1 and the other statistics than observed with ei-
ther parallel sweeps or BGS alone. For example, in the
case of soft sweeps with P, =0.005, PBE at 0.295 gave a
precision nearly 2- and 3-fold higher than PBSn1 and PBS,
respectively, and 20-fold higher than Fsr.

Detecting Local Adaptation in the Presence of Gene
Flow

While the above-mentioned results all pertain to simula-
tions with genetic drift but no migration, we also explored
cases in which all pairs of populations have exchanged one
migrant per-generation (i.e. Nem=1) since their diver-
gence. Adding this level of migration to the previously
studied population history had a relatively weak effect
on the precision and power of the statistics to detect hard
local sweeps under scenarios lacking any other form of
selection (precision based on simulated genomes in Fig. 3
and supplementary table S1, Supplementary Material
online; conventional power in supplementary table S2,
Supplementary Material online; “match tree”). Here, while
migration may have reduced the frequency differences at
locally adaptive lodci, it also resulted in populations with low-
er neutral genetic differentiation than in migration-free
base scenario. The effect of migration on precision and
power is more perceptible under the scenarios in which
we extended the divergence times of our populations to
emulate the neutral Fst values observed among populations

without migration (Fig. 1b), since here allele frequency dif-
ferences should be reduced at local sweep but not neutral
loci compared to the base history (Fig. 3, supplementary
tables ST and S2, Supplementary Material online; “match
Fst"). While the effects of migration on its own were not
dramatic for either population size or population tree
length, its effects synergized with BGS to reduce precision,
particularly for the large population size with its more
powerful modeled BGS effects (Fig. 3). With parallel
sweeps, the performance of Fst and in some cases PBS ac-
tually improved with the introduction of migration. To
some extent, migration may be blunting the propensity of
parallel sweeps to generate false positives (Fig. 4,
supplementary table S3, Supplementary Material online),
analogous to the outcomes of some partial or soft sweep
models discussed above. In general with migration, as ob-
served otherwise, PBE and PBSn1 showed the greatest pre-
cision when other types of selection were present, and PBE
in particular showed greater advantages in the large
populations.

We also evaluated precision statistics for LSBL, an esti-
mate of focal branch length that uses untransformed Fst
as a measure of pairwise distances. Since LSBL unsurprising-
ly performed much like PBS for many selection and demo-
graphic regimes, these results are presented in
supplementary table S1, Supplementary Material online
alongside the other statistics. For local sweeps at the target
locus and neutral evolution at the other loci, LSBL and PBS
distributions had nearly identical precision values, while di-
verging somewhat in performance for models with BGS
and parallel sweeps. LSBL gave somewhat higher precision
for a subset of those scenarios, especially in the small popu-
lation simulations such as the cases of parallel sweeps with
migration. However, there are also scenarios where LSBL
had lower statistical precision than PBS, e.g. in large popu-
lations with complete hard parallel sweeps (supplementary
table S1, Supplementary Material online).

Evaluating the Utility of SNP-Focused Statistics to Detect
Local Adaptation

We also analyzed statistics focused on the most extreme
site-level differentiation observed within a window, includ-
ing maximum site versions of Fst and PBS. For PBSn1 and
PBE, we focused on site-specific versions of these statistics
in which the within-window maxima of different branch
terms can come from different sites (in order to boost spe-
cificity for local adaptation; see Materials and Methods),
but we also computed constrained versions of these statis-
tics in which all terms must be calculated from the same
site, denoted PBSn1* and PBE*. We focused on a subset
of the above-described models because the primary motiv-
ation for site-level approaches is to detect soft local sweeps
that may not sufficiently perturb variation on the scale of
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whole windows, whereas these approaches are less useful
for partial sweeps (da Silva Ribeiro et al. 2022). We found
that all of the above statistics were similarly effective at dis-
tinguishing selective sweeps from neutral evolution and
from BGS. Their precision values resembled those of full
window statistics in the case of hard selective sweeps, while
greatly outperforming the full window statistics under soft
sweeps (Fig. 5, supplementary table S4, Supplementary
Material online). Here, maximum site-based statistics only
require that a single site is fixed per window, and thus
give the same precision regardless of whether selective
sweeps are hard or soft. In contrast, the full window statis-
tics require appreciable frequency changes at many sites,
which may not be expected if a favored variant had already
recombined onto multiple haplotypes before the sweep
began.

In genomes where equal fractions of loci evolve under lo-
cal and under parallel sweeps, the values of maximum site
Fst and PBS were generally equivalent at the parallel sweep
and local sweep loci, and hence could not distinguish scen-
arios. This pattern is expected because (in our simulations)
the specific sites within a window targeted by parallel
sweeps are different in the three populations; therefore,
both local and parallel complete sweeps result in at least
one site with a population-specific allele fixed in each popu-
lation, corresponding to the same maximum site Fst and
PBS values in either case. Because these are equal for the
two scenarios, the precision of these two statistics at iden-
tifying local sweeps is at or below 0.5, performances com-
parable to what is observed for the window-based statistics
(Fig. 5, supplementary fig. S4, Supplementary Material on-
line). As observed for full window statistics, BGS is more
likely to produce an extreme value for site Fst than for
site branch statistics (especially in the larger population
with its higher B-values), since Fst is equally sensitive to fre-
guency changes in lineage A or B.

The site-constrained statistics PBSn1* and PBE*, like
PBS, are maximized at the 1,0,0 focal-outgroup frequency
configuration and therefore responded equivalently under
local and parallel sweeps, resulting in precision values
that are equal to those for PBS apart from stochastic
differences due to sampling (see supplementary table S4,
Supplementary Material online). In contrast, the site-
unconstrained maximum site statistics PBSn1 and PBE
(in which the component branch lengths are maximized
over potentially different sites in a genomic window)
consistently distinguished local from parallel sweeps, hav-
ing statistical precision values approaching or exceeding
0.90 in model genomes containing both local and parallel
sweeps (Fig. 5, supplementary fig. S4, Supplementary
Material online). Although in either of these models, a
fixed difference in the focal population exists, the
site-unconstrained versions of PBSn1 and PBE are dimin-
ished under parallel sweeps because of the presence of

sites in the same window with large nonfocal branch
lengths, resulting in greater specificity for detecting local
sweeps. We note that such a difference in performance
would not be expected if parallel sweeps instead targeted
different alleles at the same site.

Evaluating Window and SNP-Focused Statistics Under
More Complex Demography

The demographic models used above were intentionally
simplified to better disentangle the effects of individual
variables. We complemented that approach by also simu-
lating the more complex out of Africa (OOA) demographic
model of Gutenkunst et al. (2009), which includes popula-
tion growth, stronger population bottlenecks, and differ-
ences in migration rates across pairs of populations. Here,
we focused on the detection of local sweeps that were
soft (P, =0.01) or partial (P, =0.50), in the presence of ap-
proximated BGS, and with or without parallel sweep loci.
For the soft sweep scenario, each statistic performed better
under the OOA history than under the simpler history
above, potentially reflecting a “hardening” of soft sweeps
due to the lower initial size (1,000) of the focal European
population. For both window and SNP-focused statistics,
we again found that the three population branch statistics
outperformed Fst, and that the rescaled metrics PBSn1 and
PBE generally had similar or better performance than PBS.
Distinct from most results from the simple history, window
and SNP versions of PBSn1 showed advantages under the
OOA history for detecting either variety of local sweep
when parallel sweeps were also present (Fig. 6,
supplementary table S5, Supplementary Material online),
emphasizing the important interplay of demography and
selection in determining the power to detect local
adaptation.

Discussion

Population branch statistics were introduced as alternatives
to Fst in genome-wide scans for local selective sweeps on
heuristic grounds, without explicit assessment of their per-
formance. The present study provides simulation-based evi-
dence favoring their use over Fst as well as supporting the
use of rescaled branch statistics PBSn1 and PBE rather than
PBS (or LSBL) for a wide range of evolutionary models.
Generally, only in the most trivial scenario of a small num-
ber of loci experiencing local selective sweeps while all
others evolve neutrally do Fst-based scans or PBS have pre-
cision and power comparable to the rescaled population
branch statistics PBSn1 or PBE. Otherwise, the rescaled
branch statistics were consistently more robust in contribut-
ing to the upper quantiles when potentially confounding
selective processes such as BGS or parallel sweeps were
introduced.
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Fig. 5. Unconstrained maximum site PBSn1 and PBE have elevated precision for identifying local soft sweeps. When other loci evolve neutrally or under BGS,
the site-level metrics Fst maxsnp: PBSmaxsne, PBSNTmaxsne, and PBEpaxsne outperform full window metrics in detecting local soft sweeps, and have at least com-
parable precision for local hard sweeps. When some fraction of loci evolve under local sweeps and others under parallel sweeps, the precision of Fst paxsnp and
PBSpaxsnp do not exceed 0.5 (indicating inability to distinguish these scenarios), while the site-unconstrained scaling of PBSN 1saxsnp and PBEpaxse allows them
to effectively distinguish these models, resulting in precision values near or above 0.9. Note that precision values for the site maximum statistics are the same for
hard and soft sweeps (since they achieve their same maximal values in either case), unlike the window-based statistics.
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Fig. 6. Precision of window and SNP-focused statistics under a complex human demographic model generally recapitulates patterns observed from simpler
histories. Here, the demographic estimates of Gutenkunst et al. (2009) were simulated. Two of the more challenging-to-detect sweep models were chosen for
this analysis: a soft sweep starting from 1% frequency (left panels) and a partial (hard) sweep ending at 50% frequency (right panels). Local sweeps in the
European population were simulated, with other parallel sweep loci either absent (top panels) or present (bottom panels). Approximated background selelec-
tion via N, reduction was also simulated in all of these cases. Results are shown both for whole window statistics (blue bars) and for SNP-level statistics (gray
bars). Some previously observed patterns hold under this history as well, including the consistent advantage of population branch statistics over Fsr. Whereas in
the presence of parallel sweeps, window and SNP-level PBSn1 metrics show greater precision than PBE, whereas in the above analyses, the reverse was more

often true.

In contrast, advantages of either PBE or PBSn1 over the
other were more context-specific. PBE displays generally (al-
though not universally) better performance across our sim-
plified histories, especially for window statistics in the large
popualtion scenarios, including under the potentially more
biologically realistic models of partial and soft sweeps, and
in genomes where BGS plays an important role in shaping
genetic differentiation (Fig. 3, supplementary table ST,
Supplementary Material online). Whereas in the more com-
plex OOA demographic model, PBSn1 showed advantages
in the presence of parallel sweeps (Fig. 6, supplementary
table S5, Supplementary Material online). The variation in
results under these models emphasizes that the optimal
choice of PBE versus PBSn1 may depend on the histories
of the populations being studied.

Because PBE and PBSn1 differ methodologially and arith-
metically in their rescaling of population branch lengths,
they may be differentially impacted by longer nonfocal

branch lengths due to drift or else nonlocal positive or
negative selection, or by nonuniform migration levels
among the three populations. PBE uses information across
loci to compare focal branch length at a given locus to its
expected value. Whereas, PBSn1 (which is calculated using
only the variation at a single locus) uses an arbitrary scaling
factor of 1.0 in the denominator (Eq 2), which may serve to
dampen noise from excessively small denominators.
Conceivably, the precision of PBSn1 relative to PBE might
vary if other values of this scaling factor were used.

Our analysis of maximum site-based population branch
statistics indicates that site-unconstrained PBSn1 and PBE,
which have yet to be applied in any empirical study, are par-
ticularly effective at identifying local selective sweeps and
distinguishing their effects on polarized frequency changes
from those of parallel sweeps. The motivation for including
site maximum differentiation statistics is strongest in the
case of local soft sweeps, for which they show clear
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superiority to whole window metrics (Fig. 5, da Silva Ribeiro
et al. 2022). However, site maximum approaches are less
useful against partial hard sweeps, in which case many sites
may have at most moderate frequency changes (da Silva
Ribeiro et al. 2022). Because in empirical studies, one gen-
erally does not know which types of sweeps to expect a
priori, it may often be advisable to employ a combination
of full window and site maximum approaches. However,
it is important to note that site maximum outlier identifica-
tion requires larger sample sizes than for full window differ-
entiation (da Silva Ribeiro et al. 2022). Furthermore, outliers
for maximum site statistics alone may need extra scrutiny,
since they could conceivably be driven by erroneous data
at a single site. An alternative approach is to look for mul-
tiple sites, but not whole windows, with elevated differen-
tiation. Such an approach, as implemented by the FSTqq
statistic which quantifies the 90th percentile of SNP Fst va-
lues within a window (Fraisse et al. 2016), might be ex-
pected to sacrifice some sensitivity to the softest sweeps
in favor of greater robustness to data errors.

Given the lack of prior results, our study represents a use-
ful starting point in evaluating the relative performance of
population branch statistics. There are several potential ex-
tensions and new directions that can be explored to provide
a more comprehensive comparison of the methods used to
detect local selective sweeps from genomic data. As hinted
by our OOA results, one obvious generalization is to demo-
graphically expand models that incorporate methods ac-
commodating more than three populations (e.g. Cheng
etal. 2022), as well as a wider array of demographic models
such as stronger population bottlenecks or more temporally
heterogeneous migration rates.

We intentionally focused on a model of gene flow with
a moderate population migration rate Nm=1 that was
symmetric among populations in order to evaluate the
robustness of our results to moderate gene flow. These
models could readily be extended to asymmetric regimes
of migration with source-sink effects, as was done for our
OOA simulations. Another possible scenario for future
examination entails admixture from a population outside
of the focal deme and its two outgroups (Huerta-Sanchez
etal. 2013; Racimo et al. 2017). If some alleles that reached
high frequency due to selective sweep in an outside popu-
lation introgress into the focal population, population
branch statistics might identify these as instances of
local selective sweeps, in addition to identifying sweeps
that occurred subsequently in the target population.
Distinguishing these scenarios requires information about
local ancestry as well as allele frequency, signals which
are integrated by tools such as the Ohana package of
Cheng et al. (2022).

Such ancestry-based approaches underscore both the
limitations and the strengths of model-free methods of in-
ferring non-neutral evolution such as rank comparisons of

Fst or branch statistics. Population branch statistics have
the advantages of being easily calculated and independent
of assumptions about underlying evolutionary models. On
the other hand, model-based inference methods have the
potential to provide and leverage further information about
the populations studied than branch statistics, provided
that the model assumptions and parameter estimates in-
volved are accurate. Therefore, it would be instructive for
future studies to compare inferences of local sweeps from
branch statistic magnitudes to the likelihood of neutral
models estimated from methods such as Racimo’s (2016)
3P-CLR method for population triads. In other contexts,
summary statistics such as those examined here might be
integrated into more complex analysis methods such as ap-
proximate Bayesian computation and machine learning.

Here, we used reduced population size as a proxy for the
effects of BGS on genetic differentiation. While reasonable
in the context of this study’s goals, it would be of interest to
systematically assess how well the B-value rescaling approx-
imates BGS by simulating selection against deleterious al-
leles (as has been done for human-scale N, by Boyko
et al. 2008; Ewing andlensen 2016; Marsh and Johri
2024) and comparing patterns of genetic differentiation
generated by BGS to those generated by the drift approxi-
mation. Such simulations may not currently be computa-
tionally feasible in large, Drosophila-like populations, due
to both the extended chromosomal scale that may be rele-
vant (e.g. Comeron 2014) and the likelihood that popula-
tion size rescaling (as often conducted for simulations
with very large Ne) would fail to yield accurate BGS
simulations.

Our simulation results suggested a strong potential of
BGS to generate outliers in Fst-based statistics in the
Drosophila-like simulations in particular. However, we
note that the empirical analysis of Booker et al. (2020)
found that the relationship between crossing-over rate
and Fst between D. melanogaster populations was roughly
similar to that expected under a simulated model without
BGS, particularly above the female crossing-over rate
threshold of 1 cM/Mb that our B-value cutoff approxi-
mates. In light of this contrast between prediction and
data, further study seems necessary to clarify the models
of BGS at work in D. melanogaster and their influence on
genetic differentiation.

Even in an era featuring increasingly complex population
genetic methods for detecting local adaptation, we suggest
that there is value in simpler statistics that have relatively
straightforward interpretation with regard to genetic vari-
ation. In this context, we suggest that rescaled population
branch statistics such as PBE and PBSn1 are relatively
powerful and efficient tools for identifying the genetic sig-
natures of local adaptation in genome-wide scans, particu-
larly when evaluated in both full window and maximum site
contexts. The results of this study argue in favor of their
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expanded use in the toolkit of those seeking evidence of lo-
cal adaptation in natural populations, particularly in cases
where other forms of positive or negative selection may im-
pact genetic differentiation. Furthermore, these statistics
and their underlying logic may continue to provide useful
building blocks for more advanced methodologies in the
future.

Methods

We simulated evolution in a three-population model where
the evolutionary dynamics of genotype frequencies are dri-
ven by (at different loci in various combinations) neutral
genetic drift, BGS against deleterious mutations, local se-
lective sweeps, and parallel selective sweeps in all three po-
pulations. Unless otherwise indicated, simulations were run
using Python 3.8.8 scripts and all data analyses were per-
formed using R 4.1.1.

Population Demographic History

We chose two base demographic models for small and
large populations, respectively, using approximated and
simplified population histories motivated by humans
and Drosophila melanogaster as representative examples,
with respective effective sizes of N ~ 10* and 10°. We
set the outer and inner population split times at 2 x 102
and 10° generations before present for the small popula-
tion case and 2 x 10° and 10° generations for the large
population case (as shown in Fig. 1b). These time intervals
approximate, at least in orders of magnitude, the estimated
split times between Africa versus Eurasia and Eurasia versus
the Americas for humans (Schiffels and Durbin 2014) and
between sub-Saharan Africa versus the Mediterranean
and the Mediterranean versus north-central Europe for
the flies (Sprengelmeyer et al. 2020), while allowing sym-
metric histories (in terms of coalescent time units) to be in-
vestigated in each case.

We applied a reduced population size for the internal
branch representing the common ancestor of populations
A and B (labeled in Fig. 1b as population D, which is half
the size of its descendant populations), to roughly recapitu-
late the genetic drift involved in both of the motivating spe-
cies' founder event expansions from Africa into Eurasia
(note that this bottleneck was much stronger in human
evolutionary history). We emphasize that we are not at-
tempting to model the precise demographic details of any
particular species’ history with these models, rather, we
use these approximate and simplified topologies to capture
the qualitative differences between large and small popula-
tion models.

To make large population forward simulations computa-
tionally feasible in light of the very high number of genera-
tions needed, we modeled evolution using a rescaling
approximation where a 50-fold smaller N, population was

simulated in combination with 50-fold higher rescaling of
selection coefficients, mutations rates, and other popula-
tions parameters, an approach similar to the one used by
Lange and Pool (2018). The demographic and genetic para-
meters are listed in Fig. 1c for both the small and large po-
pulations (based on ancestral No=2x 10* and 2 x 10°,
respectively, simulated with a corresponding 50x rescaling
in the large population). We used this rescaling in both the
forward time (selection) and backward time (coalescent
drift) simulations for consistency when simulating evolution
in the large populations.

In addition to simulating evolution on the simplified
demographic histories outlined above, which facilitate
identification of the effects of specific parameters including
population size and migration on each statistic, we also simu-
lated selective sweeps on a more complex demography—
specifically, a three population OOA model using the
parameter estimates from Gutenkunst et al. (2009), using
parameter values reported in the documentation of pop-
sim (Adrion et al. 2020). In these simulations, we treated
the western European population as the focal population
for local sweeps, with Han Chinese and Yoruba (west
Africa) as the first and second outgroups, respectively.
Thus, in terms of the labels used in our other histories,
A =Western Europe, B=Han Chinese, and C = Yoruba.

Among the most salient differences between our small
population model and OOA is the much deeper split time
for the former. While the Europe-China estimated split
time at 848 generations closely resembles the small popu-
lation model A,B split at 1,000, Gutenkunst et al. estimate
5,600 generations for the original OOA Eurasia split (vs.
2,000 generations for our more distant outgroup C). The
OOA model also includes much stronger population bottle-
necks than in our other simulations—both the original OOA
split and those for Europe and (especially) China are smaller
than their ancestral populations by an order of magnitude
(as opposed to a factor of 2x in our other models).
Additionally, the Guntenkunst OOA demographic model
includes per-generation growth rates of 0.4% and
0.055% for Europe and China, respectively, in contrast to
the constant population sizes in our large and small demo-
graphic models.

Parameterizing the Simulations

We generated genomic windows so that in our simulations
a "locus” is defined not as a single site, but as a chromo-
some region. We simulated 100 and 5 kb regions for the
small and large populations, respectively, following previ-
ous simulation studies (e.g. Lange and Pool 2016; da Silva
Ribeiro et al. 2022), and equal or close to window sizes
from empirical genome scan studies (e.g. Voight et al.
2006; Granka et al. 2012; Lack et al. 2015; Pool et al.
2017). The 100 kb window size also reflects the lengths
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of typical to large protein-coding genes and their flanking
regions, as well as a distance at which linkage disequilibria
decay to modest levels in typical human recombination en-
vironments (McVean 2002). The 20-fold smaller window
length for the large populations also represents a comprom-
ise between the approximately 10-fold higher population
mutation rate and the roughly 40-fold higher population
recombination rate estimated for fruit fly versus human po-
pulations. While constant length windows are used for con-
venience in this simulation study, we note that in empirical
studies, it is often preferable to specify window size with
respect to the diversity each window contains, as opposed
to a constant physical window size.

Per-site mutation, recombination, and gene-conversion
rates were based on the mean autosomal estimates in
D. melanogaster from Comeron et al. (2012) and for hu-
mans from Schiffels and Durbin (2014), Williams et al.
(2015), and Jonsson et al. (2017). Figure 1c summarizes
the genomic parameters used in the simulations, including
the per-generation/per-site mutation rates, crossing-over
rates, as well as the gene-conversion rates and conversion
tract lengths. The estimated mutation rate in the OOA
model of Gutenkunst et al. (2009) was 2.35e-8, which is
somewhat higher than the estimate of 1.22e-8 that we
used in our small population models. For consistency with
the rest of the parameters in Gutenskunst et al.’s analysis,
we used this higher estimated rate when simulating the
OOA genealogy.

In purely neutral simulations, genetic drift was modeled
as a backward time coalescent process using the msprime
package 1.2.0 (Baumdicker et al. 2022) for the demograph-
ic models and parameters summarized in Fig. 1b and c. The
msprime commands were embedded in Python script
“wrappers” that calculated allele frequencies and the
population statistics. We also used msprime to simulate
the OOA demography.

Background Selection

The effects of BGS (Charlesworth et al. 1993, 1995) were
simulated without explicitly modeling deleterious muta-
tions or negative selection as such. Rather, we modeled
BGS implicitly by simulating the effects of negative selec-
tion on the genetic diversity of linked neutral variation.
While BGS has been simulated for smaller populations
(e.g. Boyko et al. 2008, Marsh and Johri 2024), we used
the drift-based model as an approximation because for
the large populations in particular, simulating BGS explicitly
is not practical—it would require modeling negative selec-
tion in the full (not rescaled) population sizes of ~10°. An
additional order of magnitude higher generation times
would have to be simulated to approximate an equilibrium
distribution (which would be time-intensive even for the
smaller populations and prohibitive for large Np).

Charlesworth (2012) demonstrated that the reduction in
linked neutral genetic variation due to BGS is equivalent to
that under a reduction of effective population size by a fac-
tor Bwhich depends on the recombination rate in a genom-
ic window (i.e. regions of low recombination correspond to
B-values much less than one). As examples, rescaling Ne
(and therefore expected coalescent times) with B-values
to model the effects of BGS on neutral genetic variation
was applied by Jiang and Assis (2020) to estimates of Fst
among populations evolving with BGS, and in the calcula-
tions of Huber et al. (2015) of allele frequency spectra un-
der BGS. There is evidence that modeling BGS as drift
with reduced N, is inadequate for demographic inference
because of its failure to generate equivalent allele fre-
guency spectra (Ewing and Jensen 2016), and BGS is
known to change the shape of genealogies (Nicolaisen
and Desai 2013). Hence, drift-based approximations would
seem inappropriate for studies making quantitative infer-
ences about the BGS process itself. In contrast, because
the B-value approximation does capture the reduction in
nucleotide diversity due to BGS as well as the expected dif-
ferences in allele frequencies between populations, it
should recapitulate the resulting increases in allele fre-
guency differentiation between populations to a sufficient
degree for a study not focused on parameter estimation.

We model the effects of BGS on neutral genetic variation
by using the distribution of B-values estimated for chromo-
some regions in D. melanogaster in Comeron (2014) and
for the human genome in McVicker et al. (2009). In each
simulation, a value of B is randomly drawn from the fre-
guency distribution (from the Drosophila autosome distri-
bution for large population simulations, the human
autosome distribution for small populations) and used as
a multiplier to rescale the effective population size. The evo-
lution of genetic diversity in a region of genome with this
value of B is simulated as genetic drift using msprime
with No* =BN, in place of Ne. This BGS approximation
was not implemented for the loci modeled with selective
sweeps. Although the effect of the strong positive selection
modeled here on genetic differentiation may be stronger in
some cases than that of BGS, the absence of a modeled N,
reduction at sweep loci may somewhat reduce the power
to detect local sweeps reported here. However, this effect
may be somewhat mitigated by the exclusion of regions
with strong BGS from our simulated genomes, as described
below. Whereas, when simulating selective sweeps in the
OOA demographic model, we did include BGS when imple-
menting recapitation at the selected locus for the sake of
greater realism.

Certain chromosome regions, particularly those near
centromeres in Drosophila, have very low B, i.e. <0.01
(Fig. 2b), resulting in very small rescaled effective popula-
tion size and greatly inflated Fst for simulated loci in
those intervals. We corrected this potential artifact by
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removing B-values corresponding to regions where the
sex-averaged crossing-over rate r < 0.5 cM/Mb, analogous
to the removal of low recombination regions such as those
around autosomal centromeres in many genome-wide
scans of D. melanogaster (e.g. Pool et al. 2017). Low re-
combination regions are often excluded from genome
scans because of (1) the greater variance in diversity
patterns expected under neutrality (Booker et al. 2020),
(2) stronger effects of BGS, and (3) the difficulty in localiz-
ing outliers due to positive selection in low recombination
regions.

To find an appropriate cutoff, we performed a LOESS
regression of D. melanogaster B-values against recombin-
ation rate and identified the value of B predicted at r=0.5
by the regression model. This corresponds to B=0.41, so
the B-value distribution was truncated at B> 0.41. For
consistency, this was done for both the human and fruit
fly distributions, even though human chromosomes had
only 7% of regions where B < 0.41% versus 30% of fruit
fly autosomes. Simulations of BGS as genomically variable
drift were run by sampling B from these truncated distri-
butions of B-values for each simulated genomic window
(i.e. simulation replicate).

Selective Sweeps

All simulations of positive selection (including under the
OOA demographic models) were performed using the
SLiM v. 3.5 software package (Messer 2013; Haller et al.
2019). Unlike the coalescent-based models in msprime,
SLiM simulations run in forward time. The SLiM output con-
sists of a tree structure (the sequences and their genealogic-
al history) of the site(s) under selection. To generate the
corresponding history of neutral sites that evolve in associ-
ation with the sites evolving under directional selection, we
used msprime to simulate their coalescent history and link
them to the tree structure generated in SLiM, a process
known as recapitation of the genealogy, as described in
Kelleher et al. (2018) and Haller et al. (2019).

Most of the SLiIM simulations were initiated by introdu-
cing a beneficial mutation at a randomly selected single
site in the focal population in the first generation following
the split from its outgroup. The simulation runs were condi-
tioned on either the fixation of the beneficial allele or it
reaching a specified terminal frequency P;<1.0. If the
beneficial mutation was lost from the population during
the simulation, the simulation was terminated and re-
started. Thus, only the output tree structures of those repli-
cates that reached the desired terminal frequencies were
retained.

Variations on this basic model of selective sweeps in-
cluded conditioning on intermediate P;< 1.0 (partial
sweeps), soft sweeps where the initial frequencies were or-
ders of magnitude greater than 1/(2N), and simultaneous
selection at the same locus in both the focal population

and its outgroups (parallel sweeps). All of the selective
sweep scenarios described below were run to generate
10,000 replicates for analysis.

A. Complete local hard sweeps: These simulations used se-
lection coefficients s =0.025 and 0.001 in the small and
large populations, respectively (with the smaller s in the
larger N populations reflecting the expectation that
weaker beneficial mutations can successfully be favored
by selection in larger populations). With the population
size rescaling by 50x of the large populations, the re-
scaled selection coefficient used in those simulations
was s’=0.05. These selection coefficients were chosen
as the smallest s that would consistently achieve fixation
or near-fixation for most runs within the time since the
populations split, i.e. a compromise between the fact
that most true selection coefficients may be relatively
small versus having to be large enough to generate
complete sweeps.

Because of the high probability that a single benefi-
cial mutation will be lost or fail to be fixed in a simulation
with small N, and s << 1, we used an initial frequency
Pp=0.001 rather than P,=1/(2N,) (set at the time
of the focal population’s split from its outgroup) in
the small N, scenarios, to reduce the number of times
that simulations had to be restarted to achieve fixation.
However, in the large N, scenarios, we used Py = 1/(2Ne)
to avoid soft sweep effects in the rescaled model popu-
lations. Previous studies, e.g. da Silva Ribeiro et al.
(2022) have shown that these initial frequencies are
sufficiently low to generate hard sweep outcomes
(i.e. only one haplotype carrying the beneficial muta-
tion tends to contribute to the sweep). Additionally,
because many simulations did not reach fixation by
the final generation, rather than restarting all simula-
tions where the Py < 1.0, we implemented a strategy
in which simulations with P;> 0.95 were saved and
only those haplotypes with the beneficial mutation
were sampled for Fst estimation and other analyses.
These near-fixations provide a close approximation to
a complete sweep, so the approach was also used
when modeling parallel and soft sweeps.

B. Complete local soft sweeps. Soft sweeps can occur
when positive selection acts on alleles that had already
achieved a frequency significantly higher than 1/(2N,)
in the population through genetic drift, and multiple ini-
tial haplotypes contribute to the sweep, contributing to
greater haplotype diversity after fixation than hard
sweeps (Hermisson and Pennings 2005). We simulated
soft sweeps with initial beneficial allele frequencies of
Pp=0.005 and 0.01 in both the large and the small po-
pulations, using the same selection coefficients and ini-
tiation times at the A,B split as in the complete sweep
simulations. These initial frequencies were chosen
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because they were expected to generate soft sweep
outcomes while remaining plausibly detectable with
window statistics (da Silva Ribeiro et al. 2022).

C. Partial hard sweeps. In practice, many beneficial alleles
may never become fixed, or they may be sampled at
time points prior to their fixation in a population. To
simulate (hard) partial sweeps, we applied positive se-
lection to an allele in the focal population using the
same initial frequencies and selection coefficients as de-
scribed for complete local sweeps. To target sweeps
reaching terminal frequency P;=0.5, we introduced
the beneficial mutations at t = 1,700 and 3,800 genera-
tions, i.e. 300 and 200 generations prior to termination
in the small and large populations, respectively; for P, =
0.8, the beneficial mutations were introduced at gener-
ation times 1,500 and 3,700. These initiation times
were chosen because they generated terminal frequen-
cies close to the desired P;.. The terminal frequencies
were selected as meaningfully different from complete
sweeps while remaining potentially detectable (da
Silva Ribeiro et al. 2022). Simulations were repeated un-
til a terminal allele frequency between 0.45 and 0.55
was observed in the last generation to simulate partial
sweeps to 50% (or between 0.75 and 0.85 to approxi-
mate P, = 0.8). Unlike for the complete sweeps, haplo-
types were sampled randomly from the entire
population at the end of each saved simulation, as op-
posed to only sampling haplotypes carrying the benefi-
cial allele.

D. Parallel sweeps. We simulated parallel selective sweeps
by introducing a distinct beneficial mutation in all three
populations at the same position. For hard complete
parallel sweeps, we used the same initial frequencies
and selection coefficients as were used for hard com-
plete and partial local sweeps. Beneficial mutations
were introduced at t = 1,000 and t = 2,000 at randomly
selected sites within the same genomic window (locus)
in all three populations (corresponding to the time of
the A,B population split in the small and large popula-
tions, respectively) in order to allow maximum time to
reach fixation. As with hard complete local sweeps,
the simulations were re-run until the beneficial muta-
tions reached P, > 0.95, and if not fixed, only haplotypes
carrying the beneficial mutation were sampled for
analysis.

For simplicity, parallel sweeps were always simulated
consistently across populations, i.e. if there was a hard
complete sweep in the focal population, there were hard
complete sweeps in the outgroup populations as well,
etc. We also simulated scenarios of soft parallel sweeps
and (hard) partial parallel sweeps in all three populations
so that the resulting allele frequencies and Fst-based statis-
tics could be compared to those generated by the same

positive selection models in local sweeps. The parallel soft
and parallel partial sweeps used the same initial frequen-
cies, selection coefficients, initiation times for the introduc-
tion of beneficial mutations, and targeted terminal
frequencies as in the corresponding local sweep simula-
tions, but applied these conditions to all three populations
rather than the focal population alone.

When simulating selective sweeps in the OOA models,
we considered two of the most biologically plausible scen-
arios: a soft sweep from an initial frequency of P,=0.01,
and a partial (hard) sweep from P,= 1/(2N) to a terminal
frequency P, of approximately ~ 0.5 (constrained to 0.45
to 0.55). Additionally, these scenarios were considered be-
cause they tend to generate patterns of haplotype diversity
with weaker “signal” than hard complete sweeps, for
which performance metrics are nearly identical for all
Fsr-derived statistics and therefore rather trivial. For the
same reasons, we assumed BGS rather than pure genetic
drift at all other loci.

The soft sweep was modeled by introducing a beneficial
mutation in the European population at the time of the
Europe-Asia split (848 generations ago); 20 favored alleles
were introduced at the time of the split so that Po=0.01
with respect to the initial size of the European population
at the time of the split (as opposed to its much larger ter-
minal size). Parallel soft sweeps were modeled by introdu-
cing a beneficial mutation at the same locus but at a
different site in the Yoruba and China populations, also
with an initial number of favored alleles so that Po=0.01
based on their respective population sizes at 848 genera-
tions before present.

Because of the slightly shorter branch for the European
population than for the focal population “A" in our simpli-
fied small population demography (i.e. 848 generations vs.
1,000), as well as the effects of migration, a selection coef-
ficient of s=0.025 was not sufficient to achieve a terminal
frequency P, > 0.95 (particularly with migration) in the ma-
jority of replicates, so we used a slightly higher selective co-
efficient of s=0.03. We simulated partial hard sweeps in
the OOA model using the same selection coefficient, by
introducing the beneficial mutation at 300 generations be-
fore present census, so that most simulations would attain
the desired terminal frequency of P, ~ 0.5. As with the sim-
plified histories, a single beneficial mutation was intro-
duced at this time in the focal population (local sweeps)
and all three populations (parallel sweeps), thus simulating
a hard partial sweep.

Simulating Migration

A subset of simulations included migration among all popu-
lations in order to determine the extent to which results on
the relative efficacy of branch statistics were robust in the
presence of gene flow. We considered two demographic
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models with migration. One retains the split times of the
migration-free models (left tree in Fig. 1b), with a symmet-
ric pairwise migration rate introduced so that Nem = 1 per-
generation between all pairs of populations. The migration
rates were set so that each population received on average
a single migrant per-generation independent of population
size (such that m was smaller for small population receiving
migrants from a large population than the reverse) to avoid
source-sink effects. In the rescaling of the large popula-
tions, we set No'm’ =1 (where Ny’ = No/50, m’ =50 m) so
that there would be comparable numbers of migrants ex-
changed among pairs of populations over the same num-
ber of coalescent time units. A population migration rate
with Nm =1 was chosen to test the robustness of popula-
tion branch statistics to moderate gene flow, i.e. at values
Nm>1 there is little population differentiation (Varvio
et al. 1986), whereas for Nm << 1 the differentiation is
trivially similar to models with no gene flow among
populations.

Because migration is expected to reduce pairwise differ-
entiation among populations, the baseline expected Fst
at neutrally evolving sites will be lower in the presence of
migration than in its absence, so a high or low branch statis-
tic in the absence of migration may not be comparable to
values observed in populations evolving with migration.
Therefore, we also implemented a longer branch demo-
graphic history for a three-population model with migration
that generates very similar pairwise Fst among all pairs as
the migration-free model. For the same population sizes,
we introduced split times at 3 x 10% and 5 x 10° generations
before the present for the small population models and
3% 10°, 5x 10° for the large population models (right tree
in Fig. 1b).

Simulations of genetic drift and selection with migration
were executed in msprime and SLiIM with the same selec-
tion coefficients in the small and large populations as for
the models of selective sweeps without migration.

Because of migration, the selective sweeps are not ex-
pected to be complete, so we conditioned the local
sweeps on attaining a terminal frequency P> 0.75, and
imposed the same constraint on all three populations
when simulating parallel sweeps in both the large and
small N, scenarios. This threshold value was selected to
eliminate cases where the beneficial mutation was nearly
lost while allowing for intermediate frequencies due to
migration (e.g. when simulating 1,000 replicates of local
hard sweeps, we found that 98% of the replicates at-
tained frequencies Py > 0.80). As with the partial sweep
simulations, all haplotypes were included in the final sam-
ple rather than only those carrying the beneficial mutation
because we are not simulating fixation. Beneficial muta-
tions were introduced at the time of the split between
populations A,B, as was done for the hard complete
sweep models without migration.

In simulations of migration with local sweeps, the bene-
ficial mutation in the focal population was neutral in the
two nonfocal populations. Similarly, when modeling paral-
lel selection with migration, the beneficial mutation for
each population was neutral with respect to the wild-type
background in the other two populations (and thus having
lower fitness compared to the beneficial mutation within its
home population).

For the OOA genealogy, there are two important quali-
tative differences in how migration is modeled compared
to our simplified small population simulations (in which all
populations exchange migrants at equal and constant
rates). First, the migration rates vary as predicted by geog-
raphy in OOA, with the highest migration rate being be-
tween Europe and China, intermediate rates for Europe
and Africa, and the lowest for Africa and China (as well
as a high rate between Africa and the original OOA branch).
Additionally, in the Gutenkunst et al. (2009) OOA model,
while m;=m; are symmetric for each population pair i,
the population migration rates Nm are not (and moreover,
they vary with time because of population expansion).

Statistics Evaluated

At the termination of each simulation run, we calculated Fsr
among subpopulations based on the Reynolds et al. (1983)
estimate of the Fst as well as PBS and PBSn1. We note that
in practice, 0 < Fst< 1 in nearly all of the simulated win-
dows, but we did not truncate values outside of this range
for our rank-based statistics in the rare instances when they
did occur. The branch length Tg¢ was also output for each
simulated replicate, since this is needed alongside PBS va-
lues for the subsequent calculation of PBE, which is calcu-
lated with respect to an aggregate of loci in a genome
(Eg. (4)). We also evaluated LSBL for the same simulation
data, with raw Fsy values in place of T from Eq. (2) for com-
parison to the log-rescaled population branch statistics.
Sequences of segregating sites generated by the simula-
tions were saved as output.

Most of our analyses focused on full window versions of
Fst, PBS, PBSn1, and PBE (Egs. (1)—(4)), which are calculated
in aggregate from the ratio of the sums of the numerator
terms and the denominator terms of Fst (as defined in
Reynolds et al. 1983) across all sites within a window. For
a subset of sweep models, we also computed each statistic
based on maximum SNP-level values observed within each
window. Fst was calculated for each site in a window, and
Fst maxsne 1S the maximum value in the window, with
PBS maxsnp defined in the same way as the largest PBS value
across sites in the window.

We initially used “constrained” versions of site-based
PBSn1 and PBE, here labeled PBSNn1yaxsne* and
PBEpmaxsnp®, Whose component terms were calculated
with reference to the same site in a window. Thus,
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PBSN1paxsne™ Was evaluated from Eq. (3) using outgroup
branch lengths PBSg and PBS¢ calculated at the same site
as focal PBS,, and then selecting the maximum site-level
PBSn1 value in the window. Similarly, we computed
PBEmaxsnp™ from Eq. (4) using PBS, and Tpe from the
same site, while median Tgc and median PBS were calcu-
lated from aggregate window PBS and Fst values as a com-
parison baseline (Pool et al. 2017).
Thus, we have:

PBSA :
PBSN 1 paxsnpk = max( S ) (5)

1+ PBSA’,' + PBSB’/ + PBSC’,'

with PBS values for A, B, and C calculated for the same site /.
We refer to this maximum site PBSn1 as site-constrained
PBSNTmaxsne™ €lsewhere in the text. Similarly, the site-
constrained PBE* where Tgc terms are calculated at the
same site as PBS is:

Tac PB )
PBE _maxsnp* = max(PBSAl,- _ Tsc,i X med(PBS,, wmdow)> ©)

med(TBC,window)

These definitions of PBSNTaxsne® and PBEpaxsne® share
the property of being maximized at the same sites in a gen-
omic window as Fst and PBS. Consequently, they are all
maximized at sites where a mutation is fixed in the focal
population but absent from others, regardless of the fre-
guency configurations that may be present at other sites
in the same window, i.e. a frequency configuration of
1,0,0, the focal and outgroup populations results in max-
imal site Fsy, PBS, PBSn1, and PBE, regardless of how
many sites in a window have fixed variants, or whether
there also exist highly differentiated sites between the
two outgroup populations within this window.

Because the rescaling for PBS involves the term T=
—log(1—Fst), we avoid log(0) by replacing the case of a sam-
ple of n,0 alleles with pseudocounts of n,0.5 alleles. In our
case, with a sample size of 25 diploid individuals, an allele
fixed in one population and absent in the others gives
Fstmaxsnp = 0.9898,  PBSpiaxsnp =4.585, PBSNTpaxsne™ =
0.8209. Meanwhile, PBEpaxsnp® = PBSmaxsne =4.585 be-
cause the site Tgc =0 when the variant allele is absent in
outgroup populations. Consequently, any selective sweep
resulting in fixation will give the same maximum value,
which will be identical for local and parallel sweeps because
the parallel sweep typically involves different sites at the
same locus (genomic window) rather than at the same
site in all three populations. This dynamic implies that all
of the statistics will have nearly identical precision at detect-
ing local sweeps, and that they will be unable to distinguish
local from parallel sweeps under these scenarios.

To circumvent this problem, we introduce revised heur-
istic definitions for PBSN1paxsne and PBEpaxsne Which can
distinguish between local and parallel sweeps by virtue of

having higher values for the former. Rather than constrain-
ing the calculation of each component term to a single site
for PBSn1, we normalize the maximum site PBS, with re-
spect to the maximum site PBSg and PBS¢ within the win-
dow (which will usually each occur at different sites) to
define a site-unconstrained maximum site PBSn1 as

PBSN T paxsnp
max(PBSa ;)

= 7
1+ max(PBSa,;) + max(PBSg ;) + max(PBSc «) %

where the indices jjk indicate that the PBS values are
maximized at potentially different sites in the genomic
window. Similarly, we define a site-unconstrained maximum
site PBE as:

PBEmaxsnp
max(Tgc ;) X med(max(PBSa ))

= max(PBS,) - med(max(Tac )

®)

where /j are potentially different sites in the target window
that respectively maximize PBS and Tgc, while ,/ denote the
sites in other genomic windows that maximize each of those
guantities within those windows. These median values are
across the site maxima of all windows; hence this formula-
tion accounts for a typical site maximum values of PBSp
and Tgc observed across the genome.

These nonsite constrained definitions of maximum site
PBSn1 and PBE have the desired property of being larger
for local sweeps than for parallel sweeps. In the local sweep
case, the scaling terms max(PBSg), max(PBS¢), and max(Tgc)
are limited to the range of values generated by neutral evo-
lution (or BGS). Whereas, in the parallel sweep case, they all
assume their maximum possible site values (at different
sites in the locus), which reduces the magnitudes of our un-
constrained PBSn1 MaxSNP and PBEpaxsnp-

Model Genomes and Statistical Analysis

The msprime simulations, including the recapitated SLiM
trees, generate a distribution of multilocus genotypes
from which we calculated allele frequencies in the three po-
pulations, and Fst at each locus for every population pair.
We used the Fst estimator in Reynolds et al. (1983) and
Weir and Cockerham (1984) because it incorporates the
contribution of sampling variances and generalizes to a
multilocus estimator for Fst across multiple sites, allowing
Fst to be calculated for genomic “windows.” The branch
statistics PBS, and PBSn1 for focal population A were calcu-
lated from the genomic window Fst using Equations (1)
and (2).

Here, each model genome consisted of a collection of si-
mulated replicates that include both a subset of local sweep
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replicates as well as replicates from one or more other evo-
lutionary models. We created four types of model genomes
representing scenarios where the majority of sites evolved
either neutrally or under BGS, while a small fraction experi-
enced selective sweeps (Fig. 2a). The genomes consisted of
25,000 loci (genomic windows from independent simula-
tion replicates) for both the small and large populations,
roughly aligning with the full genome size for human and
Drosophila, respectively. In one scenario, an expected
99% of the loci were sampled from the million replicates
of genetic drift simulations, and the remaining fraction
from the 10,000 local sweep runs (the actual number of se-
lected loci was determined by a binomial random variable
with parameters n,P=25000, 0.01, where P is the ex-
pected fraction of selected loci). A similar model had an ex-
pected 99% of loci generated under a BGS model rather
than drift (we do not simulate cases that are mixtures of
BGS and drift, because our BGS models include a subset
of sites with B close to 1 that essentially evolve as under
neutral drift). The other sets of model genomes combined
parallel and local sweeps, with an expected 98% of loci
sampled from the genetic drift (or BGS) replicates, 1%
from local sweeps, and 1% from parallel sweeps (with rea-
lized numbers of sites in each category determined by a
multinomial random variable with parameters n, P, P, =
25,000, 0.01, 0.01, with Py and P, the expected proportion
of local and parallel sweep loci). Focal population PBE at
each locus was computed from the locus-specific PBS and
Tsc and from the median PBS and Tgc values across all
loci (Eq. (3)) within the model genome.

After the completion of each simulation, we sampled 25
diploid individuals from each population and calculated
pairwise Fst and the population branch statistics (this num-
ber was chosen because samples from wild populations of-
ten involve roughly this many individuals per location). We
guantified the relative performance of Fst, PBS, PBSn1, and
PBE by calculating their probability of identifying local
sweep loci. In this context, true positives were defined as lo-
cal sweep loci in the upper 1% quantile of a statistic’s dis-
tribution, while false positives were any nonlocal sweep loci
in this quantile (i.e. loci evolving under genetic drift, BGS, or
parallel sweeps). The ratio of true positives to all positives
defined the statistical precision of each test. For the gen-
omes with both local and parallel sweeps, we also calcu-
lated the fraction of parallel sweep loci that contributed
false negatives, and the fraction of false negatives that
were from parallel sweeps rather than drift or BGS.

Above, we describe the estimation of false positive rates
in a simulated genome context. As a complement to this
approach, we also computed the statistical power of Fst
and the branch statistics in a simpler and more conventional
sense. Here, we separately compared each simulated local
sweep replicate against the full set of replicates simulated
under a given null model (either genetic drift or BGS). The

statistical power was calculated as the fraction of selective
sweep replicates that were within a given statistic’s upper
1% quantile for the neutral or BGS replicates.
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