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. Highlights

> Multiple-testing corrections in selection scans using identity-by-descent

3 segments

+ Seth D. Temple, Sharon R. Browning

5 e We propose a method to address multiple testing when scanning along the
6 genome for excess identity-by-descent rates.

7 e In whole genome simulations, we calculate that the family-wise error rates
8 of our method are close to the desired family-wise significance level.

9 e We perform six selection scans in two consortium datasets covering different
10 ancestry groups and reference genome builds.

1 e For a genomic region on chromosome 16, we report extremely high identity-
12 by-descent rates in African ancestry groups and replication in European and

13 South Asian ancestry groups.
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17 Abstract

Failing to correct for multiple testing in selection scans can lead to false discover-
ies of recent genetic adaptations. The scanning statistics in selection studies are
often too complicated to theoretically derive a genome-wide significance level or
empirically validate control of the family-wise error rate (FWER). By modeling
the autocorrelation of identity-by-descent (IBD) rates, we propose a computation-
ally efficient method to determine genome-wide significance levels in an IBD-based
scan for recent positive selection. In whole genome simulations, we show that our
method has approximate control of the FWER and can adapt to the spacing of
tests along the genome. We also show that these scans can have more than fifty
percent power to reject the null model in hard sweeps with a selection coefficient
s >= 0.01 and a sweeping allele frequency between twenty-five and seventy-five
percent. A few human genes and gene complexes have statistically significant ex-
cesses of IBD segments in thousands of samples of African, European, and South
Asian ancestry groups from the Trans-Omics for Precision Medicine project and
the United Kingdom Biobank. Among the significant loci, many signals of re-

cent selection are shared across ancestry groups. One shared selection signal at a
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skeletal cell development gene is extremely strong in African ancestry samples.

18 Keywords: identity-by-descent, natural selection, mean-reverting processes,

19 multiple testing

0 1. Introduction

21 Positive natural selection is suggested to be the primary mechanism of phe-
» notypic adaptation [I]. Many reported instances of positive selection in human
22 populations concern adaptive evolution on immunity-related genes [2, [3]. There
2 is also evidence in bacterial, parasite, and insect vector populations for genic se-
s lection to evade public health efforts [4] [, 6]. These examples indicate that the
s adversarial dynamics between macro-organisms and their microbial pathogens may
a7 be a powerful force driving genetic changes in populations. Learning about these
s genetic changes could be helpful in the design of new vaccines, therapeutics, and
2 interventions in the environment.

30 Decades of genetics and evolution research have provided many methods to
a1 detect positive selection. In general, a statistic is devised to capture different
» alternative hypotheses from the neutral theory of Kimura [7] or the slightly dele-
1 terious theory of Ohta [8], and then the statistic is calculated across the genome
s to scan for significant evidence against a null model. Some examples of alter-
55 native models are selective sweeps [5 9] [10, 1], 12] and balancing selection [13].
s Vitti et al. [1] and Temple et al. [14] categorize these methods into several groups:
» amino acid substitution rates [15, [16], population differentiation [17, 18], frequency
s [19, 20, 21], linkage disequilibrium (LD) [22, 23, 24] 25|, 26}, 27, 28, 29, 30} 14], 31],
» coalescent [32], 33, 34], B5], approximate Bayesian computation [36], time series

w [37,138], and machine learning-based methods [39, 140, [41], 42 143, [44]. On the one
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s hand, these methods are designed to detect natural selection at different evolu-
22 tionary timescales or under different mechanisms. On the other hand, the lack
ss of statistical models may have led to the development of many ad hoc summary
w statistics [45]. For instance, some methods clarify that summary statistics a few
s standard deviations above a genome-wide mean do not have p values [22] 31}, and
s equally so, no adjustment for multiple testing.

a7 We aim to develop a hypothesis testing framework for the selection statis-
s tic proposed in Browning and Browning [24] and studied in Temple et al. [14].
s One major approach to developing multiple-testing adjustments is to control the
so family-wise error rate (FWER). FWER is the probability of rejecting the null hy-
51 pothesis one or more times when the null hypothesis is true [46], which is more
2 conservative than other approaches such as control of false discovery rate [47]. The
53 fundamental question of this article is the following: does our multiple-testing ad-
s« justment control the FWER? We give the opinion that rejecting a null hypothesis
ss  of neutral evolution and possibly supposing an alternative hypothesis of adaptive
ss evolution is a strong conclusion that warrants conservatism. Hence, we will derive
s7 FWER-based multiple-testing corrections.

58 The p value threshold of 5e-8 is commonly used in genome-wide association
5o studies (GWAS). Based on an assessment of the number of effective hypothesis
0 tests in human genotype array data from the early 2000s, the 5e-8 genome-wide
&1 significance level comes from the Bonferroni correction at the 0.05 significance
2 level [48]. Some population genetics studies use this de facto significance level
&3 even though their study designs and data are different from the human genetics
o studies in the early 2000s. For instance, in their selection tests, Field et al. [20]

s and Speidel et al. [33] use the 5e-8 p value threshold.
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66 Permutation or simulation-based approaches can provide interpretable p values
ez and control the FWER under valid permutation or simulation frameworks, but
s these procedures can be computationally intensive and challenging to design [49,
o B0, B1, B2 B3] 54]. To remain feasible, some of these simulation-based approaches
70 were applied to sample sizes less than a few thousand [49], 53], or they leveraged the
7 fact that Wald and score statistics from linear models are asymptotically normally
2 distributed [50, 52]. Implementing a simulation-based approach can be infeasible
7z for selection tests that are already computationally intensive in one scan.

7 Another approach is to model the test statistics under the null hypothesis as a
7 stochastic process and use the properties of that process to determine the thresh-
76 old. In an identity-by-descent (IBD) mapping study, Browning and Thompson [49]
77 approximate transitions between IBD and non-IBD states as a Markov process and
7 derive an analytical genome-wide significance threshold under their model. In an
7o admixture mapping study, Grinde et al. [52] approximate their Wald test statistics
o as an Ornstein-Uhlenbeck (OU) process and then calculate the genome-wide sig-
s nificance level with an analytical solution [55, [54]. The Siegmund and Yakir [54]
&2 calculation of the genome-wide significance level applies to any scan that can be
g3 reasonably modeled as an OU process.

8 Multiple testing addresses scientific discovery in a single study, whereas much
&s of the consensus scientific progress comes from replicated findings. For example,
s most scans for recent positive selection in European ancestry populations detect
& the LCT signal [56], which can be as large as thirty-five standard deviations greater
s than the median of a genome-wide scanning statistic [I4]. Indeed, many scans have
s detected several overlapping selection signals in European ancestry populations

o [24, 38, 37, 28] B2 33, BI]. Fewer studies have explored recent positive selection
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o in non-European ancestry populations. Albrechtsen et al. [23] identify the major
2 histocompatibility complex (MHC') region as having extreme rates of alleles in-
o3 ferred to be IBD in all human populations. Taliun et al. [57] use the Field et al.
s [20] method to identify a few loci putatively under recent selection in African and
s East Asian ancestry samples. In yet another example, Granka et al. [58] enumer-
o ate some extreme values of the cross-population extended haplotype homozygosity
o statistic [I7] found in African ancestry populations, but without a multiple-testing
e adjustment, they exercise caution in the interpretation of their findings. Temple
o et al. [I4] advise that analyzing selection in non-European ancestry samples should
w0 proceed with multiple-testing adjustments.

101 To control the FWER when scanning the genome for excess IBD rates, we pro-
102 pose analytical and simulation-based significance thresholds from an estimated OU
103 process model [24] 14]. We show that the adjusted significance thresholds should
s approximately control the FWER under some central limit theorem conditions [59].
s The IBD rate scan is computationally efficient; hence, we can measure its FWER
s in simulation studies. We also demonstrate the effects of various analysis decisions
w7 on the empirical FWER and statistical power, including user-defined centiMorgan
s (cM) spacings and IBD segment detection thresholds. We show that the heuristic
s four standard deviations above the autosome-wide median threshold used in the
1o Browning and Browning [24] and Temple et al. [14] studies may have been rea-
m  sonable for European ancestry populations but that the genome-wide significance
n2 threshold should be more stringent for some African populations. We detect a sta-
us tistically significant locus in two African ancestry sample sets whose excess IBD
us rates are more than ten standard deviations above the respective genome-wide

us means and which replicates in European and South Asian ancestry samples. Nev-


https://doi.org/10.1101/2025.01.29.635528
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.29.635528; this version posted January 30, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

ue ertheless, after adjusting for multiple testing, we observe less than twelve signals

u7 of recent positive selection in any given cohort.

us 2. Materials and Methods

uo  2.1. Hypothesis testing framework

120 First, we define the implicit hypothesis test in the IBD rate scan [24] [14].
122 When modeling the spatial process, we use the same mathematical notation as
12 Temple and Thompson [59] with minor revisions. Let Y, ,(m) be the indicator
123 that the IBD segment between haplotypes a and b is longer than a detection
12 threshold and overlaps the m' focal position. The IBD rate at the m'" locus
s is Yy, = f(n)™! > (ap) Yap(m), where f(n) = 2n(2n —1)/2 — 2n in diploids and

12 f(n) = (3) in haploids. The hypothesis test we consider is

Hy : E[Ym] = Mo (1)

H, E[Ym] > Lo, (2)

s where py is a genome-wide mean IBD rate around a locus. This null model is
129 consistent with no positive selection. The alternative model is consistent with
130 positive selection or other evolutionary mechanisms.

131 Let fi1.p; and &1.p; be the sample mean and sample standard deviation of M

12 IBD rates along the genome:

M
s = MY Y 3)
m=1

(=)
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133

M
O = — 1)t Z — 1) (4)

m=1
1 Browning and Browning [24] and Temple et al. [I4] suggest a heuristic threshold
s of i + 4 X 617 as strong evidence against the null model. (They use the
s genome-wide median, not the mean, which can be more robust to outliers like LC'T
7 selection.) Under asymptotic conditions on sample size, population demography,
s and the detection threshold, the standardized IBD rate im around the m' locus
130 is normally distributed [59]. The heuristic threshold corresponds to a significance
w level of 1 — ®(4) = 3.17 x 107°.

14 We use the same test statistic as Browning and Browning [24] and Temple
2 et al. [14], except we adapt the number of standard deviations to the correlation

13 structure in a distinct sample:

Y,, — fl1.0r > Zox X 01.4 — Reject Hy

(5)

Y, — i < 2o+ X 01 — Fail to reject Hy.

s This test corresponds to a one-sample one-sided t test or a z test when the number
us of tests M is large. The significance level a* comes from a multiple-testing correc-
us tion at the family-wise significance level «, and z,+ is the corresponding standard
17 normal quantile.

148 To determine multiple-testing corrections, we model standardized IBD rates

us along the genome

{Z} 100 == ({Y }rnr — faana) /60 (6)

150 as a correlated OU process. This model has previously been used to determine
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151 multiple-testing corrections in admixture mapping [51), 52] and linkage analysis
152 [55]. The OU process is normally distributed at every point, is spatially homoge-
153 neous, and has the first-order Markov property. Assuming normality at every point
15« is supported by the Temple and Thompson [59] central limit theorems and may
155 be reasonable in human genetics studies. Spatial homogeneity is an assumption
156 consistent with neutral evolution and uniform IBD segment detection accuracy.
157 Compared to the Grinde et al. [52] admixture mapping statistics, which are prov-
155 ably Markov, the IBD rate along the chromosome is not a Markov process (Temple
150 [60] gives a simple counterexample). Therefore, we assume that the IBD rate pro-
1o cess is nearly Markov, at least so much so that the violation does not affect our
11 multiple-testing corrections.

162 The standard OU process has a specific correlation pattern. Namely, if the
163 genetic distance between consecutive focal positions is set to be constant A, then

s the covariance between standardized IBD rates Z,,, and Z,,, at different loci is

COV(Zml, Z,,,) =exp(—0 - A(my —my)), (7)

s where 6 is an exponential decay parameter. The exponential decay parameter 6 is
166 not known for the IBD rate process but must be estimated, whereas 6 is the time
167 of admixture in Grinde et al. [52], which can be estimated or assumed from prior

168 knowledge.

wo  2.2. Multiple-testing corrections
w  2.2.1. Analytical approximation

171 To control the FWER, we must determine the multiple-testing quantile z,-

12 such that P(max,, 2m > zo+) = a. Let L be the total length of the genome (in

8
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173 Morgans), C' be the number of chromosomes, and ® and ¢ be the cumulative distri-
s bution and density functions of the standard normal random variable. Siegmund

s and Yakir [54] provide the FWER-based analytical approximation

P(1£na<XM Zow > 2) =1 —exp(—C[l —®(2)] = 0-L-z-¢(2) - v(2{20A}?)), (8)
s where v(+) accommodates the discretization of the continuous stochastic process.
w7 When the Morgan step size A — 0 (the continuous process), v(0) = 1. We
s determine z,+ from Equation [8 with a root solver, which runs in seconds. This

7o approach is an example of finding the first hitting time of a stochastic process.

wo  2.2.2. Simulation-based approach

181 Another way to control the FWER is to simulate the OU process for known
1.2 or estimated 6. Let J be the number of simulations and M := |L + A|. The
183 simulation approach goes as follows.

164 Algorithm 1.

185 1. Let z;.; be an empty vector.

186 2. FOI‘j in1to J:

187 (a) Draw z; = Z; ~ N(0,1).

188 (b) For m in 2 to M:

189 i. Draw 2z, = Z | z;m—1 ~ N(zm—1 - exp(—0 - A),2 — 2 -exp(—0 - A)).
190 (c) Append max,, z,, to the vector z.;

101 3. Return the (1 — a)% quantile of z.;.

12 For family-wise significance levels like 0.01 or 0.05, this simulation approach re-

103 quires a few thousand simulations and runs within a few minutes (depending on the

9
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e genome length L). This multiple-testing correction is valid when the true model is
105 the OU process. A precise algorithm would simulate individual OU processes for
106 different chromosome lengths, but for simplicity, we simulate a single chromosome

17 of the total genome length instead.

ws  2.3. Estimator of the exponential decay parameter

199 Before standardizing the IBD rates, we adjust for extreme outliers that could
20 be present in real genetic data. First, we compute an initial genome-wide median
20 IBD rate plus four standard deviations. Second, we compute a revised genome-
22 wide mean IBD rate and standard deviation, excluding the IBD rates that exceed
203 the initial threshold. We standardize the IBD rates with the revised mean and
204 standard deviation estimates. This step is suitable for the reproducible workflow
205 of Temple et al. [14], whereas filtering out known exceptions like LCT selection in
206 Furopean ancestry populations is less amenable to automation [61].

207 To estimate the exponential decay parameter 6, we regress estimated autoco-
28 variances on genetic position. We apply linear interpolation to the recombination
200 map to hold the spacings between IBD rates constant. Then, we estimate the co-
210 variance between standardized IBD rates at genetic positions A times some integer
o constant apart, excluding IBD rates that exceed the initial threshold. The integer
212 scalars increment by one until the covariance is between positions maximum 4.0
a3 ¢M apart. We fit a simple log-linear model with no intercept, where the integer-
2 scaled A’s are the covariates and the estimated autocovariances are the response
215 variables. The fitted slope parameter is an estimator 6 of the exponential decay

216 parameter.

10
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ar 2.4. Sitmulating IBD rate processes

s 2.4.1. Null hypothesis model

219 We evaluate control of the FWER and the accuracy of our estimator 6 with
20 large-scale coalescent simulations. We use msprime [62] to simulate ten chromo-
21 somes, each of length 100 ¢M, and we use tskibd [0] to get IBD segment lengths
22 longer than 2.0 and 3.0 ¢cM from the tree sequence output by msprime. The con-
23 stant recombination rate is le-8. We consider previously defined demographic
24 scenarios of a population bottleneck, a constant population of size fifty thousand
»s individuals, and staged exponential growth [60, 59, 63, [14]. The demographic sce-
26 nario affects the exponential decay parameter 6. Unless otherwise specified, our
27 default demographic scenario is the population bottleneck.

228 We estimate 6 from the autocovariances of simulated IBD segments, and then
2 we use the estimate 6 to calculate our multiple-testing adjusted thresholds. For
20 these calculations of the genome-wide significance level, we consider different step
21 sizes 0.02, 0.05, and 0.10 ¢cM. Unless otherwise specified, the default step size is 0.02
22 ¢M. The estimator 6 should be agnostic to the cM spacing, but the genome-wide
233 significance level should decrease monotonically with the ¢M spacing.

234 To empirically measure the FWER, we consider five hundred simulations of
235 entire genomes from twenty-five hundred diploids. FWER is calculated as the
26 percentage of the five hundred null model simulations with at least one significant
23 result. We explore the family-wise significance levels of 0.01, 0.05, and 0.10. Un-
238 less otherwise specified, we use the 0.05 family-wise significance level. We use the
230 discrete-spacing analytical approximation as our default multiple-testing correc-
220 tiom.

241 The data for our simulations amounts to 1 terabyte (TB) compressed disk

11
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22 storage, predominantly due to the msprime tree sequences. We are unable to make
a3 VCF marker data for all our simulations and, therefore, to infer IBD segments,
24 which would create many more TB of additional disk memory. In Appendix [A.T],

25 we analyze the accuracy of IBD segment detection in VCF marker data.

us  2.4.2. Selective sweep alternative model

247 To calculate statistical power, we consider hard sweeps as the alternative model.
2s This evolutionary scenario concerns a single advantageous allele increasing in
a9 frequency, with the rate of change parameterized by the selection coefficient s
0 [64] 65, [66]. For the population bottleneck and staged exponential growth sce-
;51 narios, we simulate IBD segments overlapping a focal point for hard sweeps with
22§ > 0.006 and current-day allele frequency p(0) = 0.25,0.50,0.75 with the Temple
3 et al. [63] algorithm. Based on the results of Temple et al. [I4], we believe that
25 the algorithm in Temple et al. [63] simulates IBD rates around a locus similar to
»5  those drawn from tree sequences by tskibd, which itself has not been indepen-
6 dently benchmarked. For the constant population size scenario, we do consider
7 tree sequences, and therefore tskibd segments, simulated with positive selection,
253 which is an msprime feature only available for constant populations [62], 67].

250 Power is calculated as the proportion of our selective sweep simulations (alter-
20 native hypotheses) in which we reject the null model. The threshold in our power
s calculations is the average of the multiple-testing adjusted thresholds in our five
»2 hundred neutral simulations. We estimate power using two hundred simulations

x3  for each pair of selection coefficient and current-day sweeping allele frequency.

12
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s 2.5. Pre-processing genetic data

265 In our study, we focus on selection scans in African, European, and South
26 Asian ancestry groups from the Trans-Omic for Precision Medicine (TOPMed)
27 project [57] and the United Kingdom Biobank (UKBB) [68]. The TOPMed data
s that we analyze includes more than thirty thousand whole genome sequences from
%0 multiple ethnic groups represented in the United States of America, combining
o0 samples from various cohort studies. We use the 318,858,817 filtered autosomal
on markers from the TOPMed data phased with Beagle 5.2 in Browning et al. [69].
o UKBB is a biomedical database containing genotype array data from nearly five
13 hundred thousand participants between 40 and 69 years of age. We use the 711,651
e filtered autosomal markers from the UKBB SNP array data in Browning et al. [69].

o5 'The TOPMed and UKBB datasets are kept separate in all analyses.

ae 2.5.1. Trans-Omics for Precision Medicine

217 We analyze the whole genome sequences of multiple ancestry groups inferred
2s by Temple et al. [T4]. These ancestry groups were defined by principal component
20 analysis (PCA) [70] [71] and validated with ADMIXTURE [72]. Individuals inferred
20 to be third-degree or closer relatives are excluded [14]. One of our subsets is the
21 13,778 European ancestry samples studied by Temple et al. [14], which we now
22 refer to as the EUR1 ancestry group.

283 Another European ancestry group we define is EUR2, comprising 1719 samples
s« whose principal components are near to but distinct from those of the samples
25 in the EURI1 group. Sixty-four percent of these samples come from the BioMe
26  Biobank cohort study at Mt. Sinai School of Medicine in New York City, which

27 18 a dataset known to contain many samples inferred to have Ashkenazi Jewish

13
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s ancestry [73]. For this group, we infer a demographic history that sharply drops
20 to an effective size as small as one thousand in the most recent thirty generations
20 (IBDNe using > 2.0 ¢M IBD segments [74]). In an Ashkenazi Jewish sample,
21 Carmi et al. [75] infer a recent bottleneck of the effective size of a few hundred
20 diploids, which Tian et al. [76] say is consistent with their demographic inference
23 of a Framingham Heart Study subset. Carmi et al. [75] state that the Ashkenazi
20 Jewish population is most genetically similar to European and Middle Eastern
205 populations, which is consistent with the Temple et al. [14] principal components
26 analysis and the fastSTRUCTURE analysis [77] done by Wu et al. [73].

207 Using the first principal component, we define an inferred African ancestry
28 group (AFR) of 1737 samples. Based on the ADMIXTURE validation study of Tem-
200 ple et al. [T14], these samples have minimum and mean global ancestry proportions
30 of 0.88 and 0.93 with respect to the Yoruba in Ibadan, Nigeria (YRI) reference
s panel [78, [79]. Fifty-four percent of these samples self-report as Black or African
32 American, and forty-six percent self-report as Other. Only samples from the Bar-
33 bados Asthma Genetics Study (BAGS), Jackson Heart Study (JHS), and Hyper-
0 tension Genetic Epidemiology Network Study (HyperGen) cohorts are represented
55 in this subset. Afro-Caribbeans living in Barbados are in the BAGS study, whereas
36 African Americans living in the southern continental United States are in the JHS
s7and HyperGen studies.

308 To detect IBD segments in the TOPMed sample sets, we use the algorithm
w0 parameters in the Temple et al. [14] workflow. In the EURI ancestry group,
a0 we use the IBD segments previously inferred by Temple et al. [I4]. We perform
su  preliminary analyses of chromosomes 19 to 22 with ibd-ends [24] to get estimates

sz of the error rate parameter, eventually specifying the error rate err=1.5e-4 for
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a3 all three groups. All TOPMed analyses use the 2019 pedigree-based genetic map
su  from deCODE Genetics [80]. This recombination map is aligned to the GRCh38

a5 reference genome.

sis 2.5.2. United Kingdom Biobank

317 We also analyze subsets of the UKBB samples who self-report as various non-
s1s white ethnic groups. The first subset includes 5660 individuals who self-report
20 as Indian British [68]. The second subset consists of 3202 individuals who self-
20 report as Black British (African in Bycroft et al. [68]). We phased the sample sets
;2 individually with Beagle version 5.4. Based on genetic relatedness inference in
22 Cali et al. [81], we remove closely related individuals from both subsets, resulting
23 in 5374 Indian British and 3146 Black British samples.

324 We also analyze the 408,891 UKBB white British samples previously studied
»s in Browning and Browning [24]. (The group definition ‘white’ comes from a com-
»s bination of self-reported British ethnic background and similar scores in a PCA
27 analysis [68].) The SNP array data was previously phased with Beagle 5.2 as
2 described in Browning et al. [69)].

329 To detect IBD segments in the UKBB sample sets, we modify our hap-ibd
30 settings to min-seed=1.8, min-extend=0.5, min-output=1.8, and a minor allele
s frequency of 0.001. We have not explored the accuracy of these settings in sim-
s ulated array data. Still, we show in our results that our analyses of array data
;33 are consistent with our analyses of sequence data and with the existing literature
;32 on some selected loci. In the white British, Indian British, and Black British
135 groups, we perform preliminary analyses of chromosomes 19 to 22 with ibd-ends

13 to get estimates of the error rate parameter, eventually specifying the error rate
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;7 err=3.0e-4 for all groups. All UKBB analyses use the Bhérer et al. [82] pedigree-
18 based genetic map. This recombination map is aligned to the GRCh37 reference

339 genome.

0 3. Results

s 3.1, Simulated Ornstein-Uhlenbeck processes

342 We conduct a simple validation study to determine if the discrete-spacing ana-
a3 lytical approximation and simulation-based genome-wide significance levels control
s the FWER when data is simulated from an OU process. The simulation settings
us are in Figures and . Figure shows that estimates 6 of the exponential
us decay parameter are approximately equal to the true value when 30 < 6 < 90
s7 and the genome size is > 400 cM. Figure shows FWERs using the multiple-
us  testing corrections at a family-wise significance level of 0.05. The FWERs from the
uo  discrete-spacing analytical approach are between 0.04 and 0.05 and less than 0.03
30 when 6 > 30 and 6 = 1, respectively. Grinde et al. [52] also find that the discrete-
1 spacing analytical approximation is conservative when 6 ~ 10. The FWERs from
2 the simulation-based approach are approximately 0.05 for all . We thus recom-
53 mend using the simulation-based approach if # < 20. While the discrete-spacing
4 analytical approach may be slightly conservative compared to the simulation-based
35 approach, simulating 500 OU processes of size equal to the 22 human autosomes

36 can take as much as ten minutes.
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w1 3.2. Simulated IBD rate processes

s 3.2.1. Estimating the exponential decay parameter

350 Box plots in Figure [S3| show the percentiles of estimates 0 using IBD segments
w0 > 2.0 and > 3.0 cM from data simulated under the null hypothesis with the
ss1 population bottleneck scenario. Regardless of the step size A, the distribution
% of estimates 0 is the same, which is expected. The medians of estimates 0 for
3 the > 2.0 and > 3.0 ¢cM processes are roughly 40 and 62.5, respectively. As 6
s increases, and holding the genetic distance between two positions constant, the
35 covariance between the two IBD rates decreases, which could be interpreted as
w6 fewer detectable IBD segments overlapping nearby loci on average. Estimates for
7 0 are smaller in the > 2.0 ¢cM scan versus the > 3.0 ¢cM scan because an IBD
s segment > 2.0 ¢cM is less likely to also overlap the next focal point than an IBD
30 segment > 3.0 cM is.

370 For the staged exponential growth scenario, the medians of estimates 6 are
sn 74.75 and 56.78 for the > 2.0 and > 3.0 cM IBD rate processes, respectively. For
;2 the population of constant size fifty thousand diploid individuals, the medians of
w3 estimates @ are 58.84 and 44.97 for the > 2.0 and > 3.0 cM IBD rate processes,
s respectively. We expect different true 6 and therefore different estimates 0 because

w5 demography influences the IBD segment length distribution [74, R1], [60].

s 3.2.2. Family-wise error rates

377 Table[1| reports the multiple-testing adjusted significance levels and the empiri-
s cal FWERs for the discrete-spacing analytical approximation and simulation-based
sro - approaches in the > 2.0 ¢cM IBD rate processes. The adjusted significance levels

;0 from the analytical and simulation-based approaches are nearly an order of mag-
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ss1 nitude larger than those using the Bonferroni correction. At the 0.05 family-wise
;2 significance level, the FWERs of our analytical and simulation-based approaches
3 are inflated by more than 150%. In contrast, the FWERS of the Bonferroni method
;¢ with testing every 0.02 ¢cM are deflated by less than 50%. At the 0.10 family-wise
;s significance level, the average standard deviations above the mean of the analytical
;s and simulation-based approaches are 4.196 and 4.176. Temple and Thompson [59]
;7 give one plausible explanation for the anti-conservativeness of the hypothesis test
s with > 2.0 ¢cM segments, which is that the upper tail of the IBD rate’s distribution
0 may be heavier than the upper tail of a normal distribution.

39 Table |[S1| reports the adjusted significance levels and FWERs of the multiple-
s testing approaches using the 3.0 ¢cM threshold. In this case, the IBD rate over-
;2 lapping a locus may be better approximated by a normal distribution than in the
33 > 2.0 cM selection scan (conditions on the detection threshold in Temple and
3¢ Thompson [59]). The FWERs of the analytical and simulation-based approaches
35 are indeed conservative in the > 3.0 ¢cM excess IBD rate scan. We thus remark that
w6 there are two counteracting factors affecting FWER control: the multiple-testing
27 adjustments are conservative in true OU processes (Figure , but the test could
s be anti-conservative if the OU process is a poor approximation for the IBD rate
399 Process.

400 For the anti-conservative > 2.0 ¢cM excess IBD rate scan, we consider modifying
w1 the test to explore whether the significant results barely exceed the threshold. We
w2 calculate at each locus the minimum of its value and the flanking values to its

w3 left and right. Next, we calculate the maximum over the entire genome of these
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ws  aggregated minimum values:

max min{Zy,_1, Zn, L1 }- 9)

1<m<M

ws Figure [1] shows that FWERs decrease when using the max-min statistic. This
w6 result indicates that a considerable proportion of the family-wise errors correspond
w7 to marginally significant results.

408 Next, when there is a significant result, we investigate how many significant
w9 results there are. Since the IBD rate process has non-negligible correlations, we an-
a0 ticipate multiple significant results adjacent to each other. Across non-overlapping
m  windows of varying sizes, we count the number of windows that have a significant
a2 result. Figure shows that the number of windows with a significant result
ns  decreases to a median of 1 when the window size is > 0.20 cM and the family-
na  wise significance level is < 0.05. Altogether, we tend to find only one or a few
a5 marginally significant results in aggregated regions less than 0.5 cM when a Type
ne 1 error is made.

a7 For the staged exponential growth scenario, the average standard deviations
ns above the mean using the discrete-spacing analytical approximation are 4.00 and
no 4.35 for the > 2.0 and > 3.0 cM IBD rate processes, respectively. The average
20 genome-wide significance levels are 5.41e-6 and 6.82¢-6, and the FWERs are 0.148
21 and 0.036. For the population of constant size fifty thousand diploid individuals,
w2 the average quantiles using the analytical approximation are 4.36 and 4.31 for the
23 > 2.0 and > 3.0 cM IBD rate processes, respectively. The average genome-wide
24 significant levels are 6.56e-6 and 8.38¢-6, and the FWERs are 0.114 and 0.034.

s Regardless of the demographic scenario, the > 2.0 and > 3.0 ¢cM scans may have
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26 anti-conservative and conservative control of the FWER, respectively.

w2 8.2.8. Statistical power in selective sweeps

428 Figures 2] and [S6/A show the power estimates for the > 2.0 ¢M IBD rate scan
20 in the population bottleneck, staged exponential growth, and constant population
10 Size scenarios with selection coefficients 0.006 < s < 0.014 and current-day allele
a  frequencies 0.25 < p(0) < 0.75. Power estimates are uniformly greater with the
s current-day allele frequency p(0) = 0.50 as opposed to p(0) = 0.25 or p(0) =
i3 0.75. The increased ability to detect positive selection when the sweep is at an
s34 intermediate present-day frequency is consistent with the analyses in Temple et al.
s [I4]. For the population bottleneck simulations, power estimates are less than
s6 5% when s < 0.008 but greater than 90% when s > 0.014. In between these
a7 extremes, power estimates range from 15% to 40% when s = 0.010 and from 55%
a8 to 85% when s = 0.012. Depending on s and p(0), power estimates are 10% to
s0 30% higher in the staged exponential growth simulations than they are in the
mo population bottleneck simulations. In constant population size simulations, power
w1 estimates are between 0% and 10% when s < 0.012 but as high as 40% when
a2 s =0.014 and p(0) = 0.50. The parameter boundary s < 0.01 and s > 0.01 marks
us  a transition consistent across all our demographic scenarios when the > 2.0 cM
ua scan has some nonzero statistical power.

445 Figures |55 and show the power estimates for the > 3.0 ¢cM scan in the
us population bottleneck, staged exponential growth, and constant population size
a7 scenarios. In the population bottleneck and constant population size simulations,
wus  we measure zero power for all combinations of selection coefficients and allele

mo  frequencies. In the staged exponential growth simulations, we measure power

20


https://doi.org/10.1101/2025.01.29.635528
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.29.635528; this version posted January 30, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

0 between 10% and 50% for selection coefficients s > 0.01 and zero for selection
s coefficients s < 0.008. Regardless of demography, rejecting the null model in the

2 > 3.0 cM scan could be evidence of an exceptionally strong sweep.

i3 3.3. Multiple-testing corrections for human ancestry groups

454 We modify the Temple et al. [I4] workflow to incorporate the analytical ap-
s5  proximation and simulation-based approaches for multiple testing. We also provide
6 genome-wide significance levels under the null model that IBD rates are normally
w7 distributed. (IBD rates are asymptotically normally distributed under some con-
s ditions on large sample size and population size [59].)

459 For each sample set, we compute IBD rates every 0.02 ¢cM for IBD segments
wo > 2.0 and > 3.0 cM. Figure indicates that the empirical distributions of IBD
w1 rates around a locus resemble normal distributions in our sample sets. Figure
462 shows the estimated autocovariances and fitted exponential curve for all our
w3 ancestry and ethnicity groups. Upon visual inspection, the fitted exponential
se curves match the chromsome-specific autocovariances well in the plots for the
w5  European ancestry and UKBB Indian British sample sets. In the TOPMed AFR
w6 ancestry and UKBB Black British groups, the fitted exponential curves fit the
w7 long-range autocovariances well but not the short-range autocovariances.

468 For IBD segments > 2.0 cM, the exponential decay parameter estimates 0 are
w0 45, 30, 50, 49, 83, and 78 for the TOPMed EUR1 ancestry, TOPMed EUR2 an-
ao  cestry, UKBB white British 410k, UKBB Indian British, TOPMed AFR ancestry,
an and UKBB Black British groups, respectively. The corresponding discrete-spacing
a2 analytical thresholds are IBD rates 1.94e-4, 5.89¢-3, 2.66e-4, 1.82¢-4, 2.64e-4, and

a3 3.5be-4, and the corresponding genome-wide significance levels are 2.27e-6, 3.27e-6,
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s 2.13e-6, 2.16e-6, 1.36e-6, and 1.46e-6. For each of these estimates of the exponential
a5 decay parameter, the discrete-spacing analytical and simulation-based approaches
w6 should provide similar genome-wide significance levels (Figure .

ar7 For IBD segments > 3.0 cM, the exponential decay parameter estimates 0 are
as 33, 36, 39, 53, and 45 for the TOPMed EURI1 ancestry, UKBB white British
s 410k, UKBB Indian British, TOPMed AFR ancestry, and UKBB Black British
w0 groups, respectively. The corresponding discrete-spacing analytical thresholds are
1 IBD rates 4.49e-5, 8.08e-5, 9.31e-5, 6.10e-5, and 8.07e-5, and the corresponding

2 genome-wide significance levels are 3.05e-6, 2.87¢-6, 2.70e-6, 2.02e-6, and 2.35e-6.

w3 3.4. Selection scans for human ancestry groups

484 Figure |3| shows the > 2.0 ¢cM IBD rates along the autosomes, the autosome-
w5 wide median, the heuristic four standard deviations above the median threshold,
ss and the multiple-testing adjusted thresholds for the TOPMed EURI1 ancestry,
w7 UKBB white British, UKBB Indian British, and TOPMed EUR2 ancestry groups.
s Figure [4] shows the > 2.0 ¢cM IBD rates along the autosomes, the autosome-wide
s0  median, the heuristic four standard deviations above the median threshold, and the
w0  multiple-testing adjusted thresholds for the TOPMed AFR ancestry and UKBB
w1 Black British groups. In Tables [2] and [3] we report loci where IBD rates exceed
w2 the genome-wide significance threshold for a contiguous stretch of 0.50 cM. We
w03 annotate loci with genes or gene complexes if they have been previously reported
w4 in the literature, are shared across analyses, or contain only a couple of genes.
w5 We calculate p values under the null model for the position in a region with the
w6 highest IBD rate.

407 Using the original Temple et al. [14] selection scan workflow, twenty-four loci
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ws  exceed the heuristic threshold of four standard deviations above the autosome-wide
w0 median in the > 2.0 cM scan for the TOPMed AFR ancestry data [60]. Using our
so0 modified workflow with the multiple-testing corrections, only four of these twenty-
s four loci are genome-wide significant. Similarly, nineteen loci exceed our heuristic
so2 threshold of four standard deviations above the autosome-wide median in the
s3> 2.0 cM scan for the UKBB Black British data [60], only ten of which exceed our
s multiple-testing adjusted threshold.

505 Except for a 0.02 ¢cM stretch of excess IBD rates in the MHC' region, no loci
so6 are genome-wide significant in the TOPMed EUR2 ancestry data. The mean IBD
sor rate is an order of magnitude larger for this group than for any other group. Recall
see that this European ancestry sample set is likely descendants from a small founder
so0 population. In such a demographic scenario, de novo sweeping alleles are more
si0  likely to be lost than in large populations.

511 Figure |3 shows the > 3.0 ¢cM IBD rates along the autosomes, the autosome-
s wide median, the heuristic four standard deviations above the median threshold,
s13 and the multiple-testing adjusted thresholds for the TOPMed EUR1, UKBB white
s British, UKBB Indian British, TOPMed AFR ancestry, and UKBB Black British

si5 groups. We report the statistically significant results of the > 3.0 ¢cM scan in Table
516 m

sit - 3.5. Replicating selection signals in Furopean ancestry groups

518 We previously reported eight of the eleven statistically significant loci in the
siv. TOPMed EURI scan selection scan [14]. The p value for the LCT gene (MIM:
s0 603576) is so small that is cannot be represented in the 64-bit floating point sys-

s21 tem. The three loci not reported in our prior analysis of the TOPMed EURI1
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s22  ancestry data have been reported in other studies to be under selection. The
3 genes TLR1, TLRO, and TLR10 (MIM: 601194, 605403, and 606270) encode toll-
s like receptors that help initiate an immune response and may have been under
525 selection in ancient Eurasians [38]. Gittelman et al. [83] have also suggested that
so6 an introgressed Neanderthal haplotype covering the TLR1-6-10 genes may have
522 been under selection. Multiple late cornified envelope (LCE) genes in the human
s epidermal complex are a few tens of kb from the significant locus on chromosome
20 1 and highly expressed in skin. The HNF1B gene (MIM: 189907) on chromosome
s band 17q12 is associated with diabetes and prostate cancer [84] [85].

531 Based on our simulation study of statistical power, we expect that hard sweeps
s2 from a single beneficial allele that are detected in the > 3.0 ¢cM scan will also
533 be detected in the > 2.0 ¢cM scan. In the TOPMed EURI1 ancestry data, four
s3  significant loci in the > 3.0 ¢cM scan are also significant loci in the > 2.0 ¢M scan.
s The signal near the HNF1B gene is barely genome-wide significant in > 2.0 cM
s3  scan but is the third most significant in the > 3.0 ¢cM scan. The three loci signif-
s37 icant in the > 3.0 ¢cM scan but not in the > 2.0 ¢M scan are containing a family
s3 of keratin genes on chromosome 12 (KRT), a few hundred kb upstream of the
s immunoglobulin lambda genes (/GL), and in a gene-sparse region on chromosome
s band 16q12.3.

541 In the UKBB white British data, we observe > 2.0 ¢cM and > 3.0 cM IBD
se2 rates exceeding our genome-wide significance threshold at many of the same loci
s significant in the TOPMed EURI ancestry analysis (Tables 2| and . Five of the
sas  twelve primary selection signals and none of the secondary selection signals in the
ses  Browning and Browning [24] analysis of the UKBB white British data are genome-

ss6  wide significant in our scan. Two loci are genome-wide significant in the UKBB
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se7 - white British scan but not in the TOPMed EURI1 ancestry scan. The CCR9 gene
sas (MIM: 604738) encodes a chemokine receptor that plays an essential role in the
s90 mucosal immune system [86] and has been associated with increased COVID-19
0 outcome severity, especially in Europeans [87]. At this locus, Browning et al.
ss0 [88] and Ding et al. [89] suggest that introgressed Neanderthal haplotypes may
52 be selected for in South and East Asians, respectively. The MAPT gene (MIM:
53 157140) on chromosome band 17q21.31 is contained within a 900 kb polymorphic
ss«  inversion that may have been subject to recent selection in European ancestry

sss populations [90].

ss6 3.0, Shared selection signals across ancestry groups

557 In the UKBB Indian British data, we also observe excess > 2.0 cM and > 3.0
sss. ¢M IBD rates at the LCT, MHC, and TRPM1 regions (Tables 2| and . Romero
ss0 et al. [91] suggest that northern European haplotypes carrying a putatively selected
ss0 allele at LC'T may be identical by descent to haplotypes in Indian pastoralists. Us-
s ing the methods in Temple et al. [14], we infer an excess IBD outgroup comprising
sz seventeen percent of the samples, which would be in the range of the selected allele
s frequency in Indian pastoralists in Romero et al. [91]. The rates of IBD alleles near
s« the human leukocyte antigen (HLA) genes are known to be high in all HapMap
ses populations [23], which is consistent with our selection scan results near the HLA
sso  genes. Fixcess IBD rates in the UKBB Indian British samples only overlap two of
ss7 the three HLA regions reported to be under selection by Mathieson and Terhorst
s [37]. In contrast, excess IBD rates in the European ancestry samples overlap all
se0 three selected loci. The TRPM1 gene (MIM: 603576) is a couple of Mb downstream

s of the OCA2 gene (MIM: 203200), which has geographic patterns of population
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sn genetic variation indicative of strong selection [92]. Expression of TRPM1 gene
sz in melanocytes is positively correlated with melanin content and negatively cor-
s3 related with melanoma [93]. Browning et al. [88] previously reported evidence of
sz archaic selection around the CCR9 gene in a South Asian ancestry group, but we
s5 do not observe a genome-wide significant signal of recent selection in our UKBB
st Indian British scan.

577 In the > 2.0 ¢M scan for the UKBB Black British group and in the > 3.0 ¢cM
ss - scan for the TOPMed EUR1, UKBB white British, TOPMed AFR ancestry, and
s UKBB Black British groups, we observe a genome-wide significant locus on chro-
ss0  mosome band 22q11.21. Contiguous stretches of excess IBD rates span between
ss1 2.06 to 5.56 ¢cM in the different analyses, which is larger than many of the other
22 genome-wide significant regions (Table , , and . The locations of maximum
ss3 IBD rates are at roughly 21.50 Mb and 20.25 Mb between analyses using GRCh37
sea - versus GRCh38 reference builds, which do not map to the same sets of genes.
sss In their analysis of the UKBB white British data, Browning and Browning [24]
sss reported that the selection signal is close to the UBE2LS gene (MIM: 603721),
se7 which is associated with multiple autoimmune diseases [94]. The IGL genes in-
sss  volved in the adaptive immune system are also a few hundred kb downstream of
ss0  this region. Overall, there is no clear indication across analyses of which genes
so within this gene-dense region could explain this signal.

501 IBD rates spanning a couple of Mb on chromosome band 16p12.3 are genome-
s2 wide significant in the > 2.0 ¢M scans for UKBB Indian British, TOPMed AFR
s03 ancestry, and UKBB Black British groups and in the > 3.0 ¢cM scans for TOPMed
se. EUR1 ancestry and UKBB white British groups (Tables and . This

sos  Tegion’s most extreme > 2.0 cM IBD rates are 14.17 and 10.78 standard deviations
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so6 above the autosome-wide means in the TOPMed AFR ancestry and UKBB Black
so7  British groups. This region’s maximum > 2.0 ¢cM IBD rate is only 6.05 standard
ss deviations above the autosome-wide mean in the UKBB Indian British data. (For
soo reference, the IBD rate at the TRPM1 gene is 11.71 standard deviations above the
00 autosome-wide mean in the TOPMed EURI1 ancestry group.) Excess IBD rates
o1 span at least 2.5 ¢cM of this region in all of these analyses. Applying the subgroup
s anomaly detection method in Temple et al. [14] to the TOPMed AFR ancestry
sz data, we fail to detect a singular excess IBD sharing cluster at this locus, which
s« would have been indicative of a hard selective sweep.

605 This genomic region contains few genes, with the excess IBD rates entirely
o0 spanning the XYLT1 gene (MIM: 608124). The XYLT! gene encodes the xylo-
v syltransferase 1 enzyme, which initiates a chain reaction in the early maturation
ss Of skeletal cells. Linkage analysis in a consanguineous Turkish family associated
s00 a recessive missense mutation with a short stature syndrome [95]. Mutagenesis
s10 screening of mice also demonstrated disproportionate dwarfism from a recessive
e missense mutation in XYLT1 [96]. This finding could thus be an example of re-
s12 cent selection across multiple continental ancestry groups that is not targeting

s13 immunity nor pigmentation-related genes.

oue  3.7. African ancestry-specific recent selection signals

615 Some genome-wide significant loci are only found in the African ancestry anal-
s16 yses. For example, excess IBD rates also cover most of the SEMA5A gene (MIM:
sz 609297) on chromosome 5. This gene encodes a protein specifically expressed
sis around retinal axons in the optic nerve and helps maintain the axons’ structural

o0 integrity [97]. A deletion in the SEMA5A gene has been associated with autism
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20 spectrum disorders [98§].

621 Around the genome-wide significant signal on chromosome band 7q21.11 in
s22 the UKBB Black British selection scans, we observe a subset of single nucleotide
623 polymorphisms (GRCh37, chr7: 8,039,598; 80,624,286; 80,715,067) strongly differ-
s entiated between a group of excess IBD sharing and the rest of the sample [14].
s These SNPs have frequencies between 72-79%, 15-20%, and 20-25% in the excess
s2s IBD sharing group, the rest of the sample, and the entire sample, respectively.
2z The SNPs lie in the SEMA3C gene (OMIM: 602645). This gene encodes a protein
s involved in neuronal guidance. Expression of this gene is positively correlated with
20 Wnt pathway activation, which is often dysregulated in brain tumor cancers [99].
630 We observe a genome-wide significant locus on chromosome band 11p15.4 in
31 the > 3.0 ¢cM scan for TOPMed AFR ancestry samples and in the > 2.0 and > 3.0
62 c¢M scans for the UKBB Black British samples. This locus has more extreme IBD
13 rates than the XYLTI gene in the UKBB Black British data. At this locus, we
s apply the Temple et al. [I4] methods to the UKBB Black British data to detect a
s subset of single nucleotide polymorphisms (SNPs) strongly differentiated between
36 a group of excess IBD sharing and the rest of the sample. We observe various
e well-differentiated SNPs (GRCh37, chrll: 5,221,233; 5,223,750; 5,214,301) within
e  tens of kb of the hemoglobin beta gene (HBB, OMIM: 141900). These SNPs have
s30 Irequencies between 81-85%, 14-19%, and 22-27% in the excess IBD sharing group,
a0 the rest of the sample, and the entire sample, respectively. Hemoglobins are pro-
s teins in red blood cells that transport oxygen to cells and tissues [100]. Mutations
s2 in the cluster of genes encoding the hemoglobin beta subunits are suspected to
sz be targets of selection to reduce susceptibility to infections and malaria but also

saa causes of sickle cell anemia and beta thalassemia disorders [101].
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es 4. Discussion

646 In this paper, we model the correlation of detectable identity-by-descent seg-
«7 ments along chromosomes to determine approximate genome-wide significance
ss levels for an IBD rate-based selection scan. Omne of our approaches calculates
a0 the genome-wide significance level analytically, compared to permutation- and
ss0 simulation-based approaches that are common in genetic studies but can be com-
1 putationally intensive or intractable. Developing valid multiple-testing approaches
2 1s important for complex haplotype-based analyses instead of using the GWAS sig-
3 nificance level of 5e-8, lest we inflate Type 1 errors or decrease the power to reject
s false null models. By properly accounting for correlations between test statis-
ess tics, we can perform hypothesis tests finely spaced along the autosomes, thereby
6 increasing statistical power.

657 Due to the speed of the msprime and tskibd methods for simulating IBD
s segments along entire chromosomes, we can measure the FWER in different de-
50 Mmographic scenarios and under various experimental conditions. Many methods
s0 t0 detect recent selection have not measured the FWER in simulation studies, in
s1 large part because of the immense computation that would be involved, nor have
s> they proposed multiple-testing corrections [20, 26, B32] B30, 17, 33, 34], B35, BI]. We
3  find that our > 2.0 and > 3.0 ¢cM scans have slightly anti-conservative and conser-
s vative control of the FWER, respectively. The asymptotic conditions of Temple
s and Thompson [59] are less valid in the > 2.0 ¢M scan, which may explain its
6 anti-conservative behavior. The asymptotic conditions of Temple and Thompson
s [59] are more reasonable in the > 3.0 ¢M scan, but the Siegmund and Yakir [54]

s analytical approximation is conservative for true OU processes.
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669 Unless the genetic data has low coverage or poor genotyping quality such that
e detecting IBD segments less than 3.0 ¢M is inaccurate [102] [103], we recommend
er1  using the anticonservative > 2.0 ¢cM scan over the conservative > 3.0 ¢cM scan,
e which has limited power. The > 3.0 ¢cM scan has limited power to detect hard
s sweeps of s < 0.015, which Schrider and Kern [43] describe as strong selection. On
ez« the other hand, we find that the > 2.0 ¢cM scan has some power when s < 0.010 and
o5 considerable power when s > 0.01. Indeed, the heuristic threshold of Temple et al.
o6 [14] corresponds to the expected IBD rate of an s = 0.017 sweep in the TOPMed
s7 EUR1 ancestry samples. Some methods claim to have the power to detect sweeps
es where s < 0.010 [39] 40} B34, B5]. However, these methods do not address multiple
oo testing. We suggest that selection coefficients s < 0.01 and s > 0.010 may describe
sso undetectable and detectable recent sweeps once multiple testing is accounted for.
681 We consider the hard sweep model in our power simulations, which is one
sz of many alternative models that could explain excess IBD rates. The pairwise
ss IBD rate test does not resolve the classification of hard and soft sweeps versus
s Tecurrent sweeps versus balancing selection versus other mechanisms, which is a
ess topic of growing interest in the field [104) 40, 43 T05]. We observe that hard
sss sweeps detected in the > 3.0 cM scan are almost always detected in the > 2.0 cM
se7 scan, in which case loci significant in the > 3.0 ¢M scan but not in the > 2.0 cM
s scan may not be the result of a hard sweep. In practice, we should account for
o the fact that conducting scans with multiple different segment length thresholds is
e another form of multiple testing (Appendix[A.2). Temple et al. [14] also propose
s1 various diagnostics as characteristic of a hard sweep, particularly that of a single
sz  majority haplotype cluster with excess IBD rates and a reduction in the diversity

g3 Of common variants.
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694 Failing to adjust for multiple testing properly can be cause for concern in dis-
s covery studies. In our study, we investigate signals of natural selection in human
sos populations, in which significant findings could be misinterpreted or misappro-
eor priated [106]. After adjusting for multiple testing, we identify eleven or fewer
s statistically significant results in any given ancestry or ethnicity cohort. In con-
e00 trast, Akbari et al. [I07] report more than three hundred independent significant
700 results of recent selection, using a novel rescaling to address genomic inflation. We
700 have validated control of the FWER in simulation studies, whereas Akbari et al.
w2 [107] have not.

703 We find that the four standard deviations above the autosome-wide median
¢ threshold used in our previous work [I4] is nearly identical to our new multiple-
705 testing corrections for the TOPMed EUR1 ancestry samples but that the heuristic
706 IBD rate threshold is not large enough for studies on other ancestry groups. In
77 African ancestry samples, we suggest that the many loci with IBD rates exceed-
708 ing the heuristic threshold may be false positives. Nevertheless, in these African
700 ancestry samples, we observe excess IBD rates around the XYLT1 gene on the
70 same relative magnitude as those around pigmentation genes believed to be under
m  selection in European ancestry samples. This result indicates possible selection on
72 skeletal cell development, whereas genes implicated in many prior selection studies
713 are involved in immunity and pigmentation.

714 Replicating genome-wide significant results in different datasets and using dif-
75 ferent parameter configurations helps validate scientific results. Around many sig-
76 nificant loci we use an automated workflow to show excess IBD rates in datasets of
77 similar ancestry compositions but with different reference genomes and sequencing

ns  technologies. We find that IBD rates around the XYLT1 gene are genome-wide
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79 significant in European ancestry, African ancestry, and the UKBB Indian British
720 groups. This pattern of putatively recent selection in multiple ancestry groups is
721 also present at MHC', an immunity gene complex broadly believed to be under some
72 form of balancing selection [23]. Running our automated scan for recent selection
723 in other European and African ancestry datasets or in other ancestry groups could
74 corroborate our results and/or existing selection studies, for instance, selection at
75 the FADS genes (MIM: 606148, 606149) [108, B8], and the EDAR gene (MIM:
76 604095) [109, [34].

727 Two limitations of our selection scan are genome size and sample size. To re-
728 liably estimate autosome-wide mean and standard deviations and the exponential
79 decay parameter, we require more than 400 ¢cM of genetic data. Additionally, the
720 IBD rates along the chromosomes should not be zero, which happens when the
731 sample size is too small to observe IBD segments > 2.0 cM. For human genetics
7 studies, one thousand samples is likely sufficient to apply our methodology [14] [60],
713 albeit we recommend the analysis of at least a few thousand samples when such is
7 available. In the case of small samples, one can review the scan plots output from
735 the automated workflow to assess if the IBD rates are truncated to zero.

736 Analyzing chromosome 2 for the 1737 whole genome sequences in the TOPMed
7z African ancestry data takes less than half a day with 8 CPUs, and analyzing
728 chromosome 2 for 2500 Indian British samples in the UKBB SNP array data takes
730 less than thirty minutes with 8 CPUs. Temple [60] shows that the > 2.0 ¢cM
70 selection scan for two thousand randomly selected samples from the UKBB white
1 British 410k data provides similar results to our analysis of the entire dataset.
722 Compared to GWAS, where more samples leads to a smaller standard error and

3 thereby more power to detect a nonzero regression effect, our selection scan is a
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4 test of neutrality for a stochastic process. It only requires enough samples such
75 that the IBD rates along the chromosomes are not zero. Using more samples than
746 necessary can lead to substantial runtime, random access memory (RAM), and
77 disk memory costs: analyzing chromosome 2 for all UKBB white British samples
s takes nearly a week with 16 CPUs and 256 GB RAM, and the analysis of all
79 autosomes leaves a memory footprint of 2.8 TB.

750 The hypothesis test and our multiple-testing corrections are so far limited to
71 analyzing the autosomes of samples from large populations with panmizia. Skov
72 et al. [I10] report fourteen regions with extended common haplotypes as possible
73 examples of strong archaic selection on the human X chromosome. Our multiple-
74 testing corrections still apply to the X chromosome but would require separate
s estimation of the baseline IBD rate and the correlation parameter, which could be
76 noisy when using data from only one chromosome (Figure . We restrict our
77 analyses of admixed samples to those subsets with a large majority of one ancestry
s class. Selection studies in Native American populations have consisted of small
750 sample sizes [108] relative to our study. Many admixed samples from TOPMed and
70 other data have considerable but still minority compositions of Native American
7e1 ancestry [I11], 112, [57]. Future work in admixed samples could consider summary
72 statistics and correlations of haplotype segments that are both detectably IBD and
73 from the same ancestry group. Finally, our modeling assumptions are unreasonable
74 in samples from a small population where the upper tail probabilities of high IBD
75 rates can be greater than those of normal distributions. Modeling higher variance
66 processes, like a Lévy-driven OU process [113], may be necessary to control the
77 FWER of our selection scan when studying samples from founder or domesticated

78 populations.
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w0 Data and code availability

770 The methodology is implemented in the https://github.com/sdtemple/isweep
. Python package as a module, which is available under the CCO 1.0 Universal
72 License. Scripts to conduct the simulation studies are available under the v1.0 tag

73 at https://github.com/sdtemple/isweep /papers/mult-test-paper/.
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A. Appendix

8

-
o

sz A.1. Accuracy of identity-by-descent segment detection

818 In a pilot study of ten population bottleneck simulations, we place mutations
s19  on the msprime tree sequence at a genome-wide rate of le-8. Then, we infer IBD
20 segments with the hap-ibd and ibd-ends analysis workflow in Temple et al. [14].
o1 Figures[SI0A-B illustrate one simulation of the true tskibd and inferred IBD rate
g2 processes across the genome. We observe similar genome-wide median IBD rates
23 and significance thresholds between the true and inferred IBD rate processes. The
¢ inferred IBD rates are within 95 to 105% of the corresponding true IBD rates
s (Figure ) Across the ten simulations, the average estimates of f are 69 and
s2s 19, and the average standard deviations &1.;; are 19 and 20 for the true and inferred
s27  IBD rate processes, respectively.

828 We also conduct the same pilot study for five simulations of the constant size
20 population of fifty thousand diploid individuals. Figure illustrates one sim-
30 ulation of the inferred IBD rates divided by the true IBD rates across the genome.
s The inferred IBD rates are within 90 to 95% of the corresponding true IBD rates.
g2 We also observe a pattern of higher inferred IBD rates near the chromosome ends
s33 than the genome-wide median IBD rate. We run ibd-ends again with the hidden
ssa  parameter ne=50000, observing only marginal differences compared to the software
g5 default setting (Figures —C). For this demographic scenario, the differential
36 detection accuracy of ibd-ends near chromosome ends could affect the control of

s7  the FWER
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ss  A.2. Multiple testing by using different segment length thresholds

839 A multiple-testing adjustment in a joint > 2.0 and > 3.0 ¢M scan should not
sa0  be drastically different from the multiple-testing adjustment in the > 2.0 ¢cM scan
g1 because the individual > 2.0 and > 3.0 ¢cM scans are highly correlated. In the
g2 population bottleneck simulations, we calculate that the medians of estimates 0 for
a3 the > 2.0 and > 3.0 cM IBD rates are roughly 63 and 40. We also calculate that
s the median of crosscorrelations between the > 2.0 and > 3.0 ¢cM (standardized)
ss  IBD rates is roughly 0.68. Next, we simulate a 2-dimensional standardized OU
a6 process two thousand times with the crosscorrelation parameter p = 0.68 and
g7 autocorrelation parameters #; = 63 and 0, = 40. The data for each simulation is
sas  equivalent to 10 chromosomes of length 100 ¢cM and testing every 0.02 ¢cM. From
a0 these simulations, we calculate that the 95th percentiles of the maxima of marginal
sso  OU processes with §; = 63 and 0y = 40 are 4.36 and 4.24, which correspond to
ss1 - genome-wide significance levels of 6.50e-6 and 1.12e-5. We also calculate that the
ss2 95th percentile of the maximum of the 2-dimensional OU process is roughly 4.47,

g3 corresponding to a significance level of 3.91e-6.
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Figure 1: Family-wise error rates for genome-wide hypothesis testing in null model simulations.
Bar plots show family-wise error rates (y-axis) using true IBD segments > 2.0 ¢cM from simulated
IBD rate processes. The hypothesis testing method is the discrete-spacing analytical approxima-
tion. In each non-overlapping window of size A) 1 or B) 3 marginal test statistics, we compute
the minimum of IBD rates at each step, and the test is if the maximum over all windows is less
than or greater than the multiple-testing quantile. There are five hundred simulations for each
combination of significance level (x-axis) and step size (colors in legend). Family-wise signifi-
cance levels are denoted with horizontal red lines. The demographic model is the population
bottleneck. The amount of data for each simulation is equal to ten chromosomes of uniform
length 100 cM.
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Figure 2: Power simulations for different selection coefficients and current-day sweeping allele
frequencies. Bar plots show statistical power (y-axis) using true IBD segments > 2.0 ¢cM over-
lapping the selected allele in the A) population bottleneck and B) staged exponential growth
demographic scenarios. Hypothesis testing is based on the discrete-spacing analytical threshold
with the step size 0.02 cM. Power is the proportion of tests where the null model is rejected
at the p value threshold corresponding to the 0.05 family-wise significance level. There are two
hundred simulations for each pair of selection coefficient (x-axis) and current-day allele frequency
(colors in legend).
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Figure 3: Genome-wide IBD rate scans in European ancestry and Indian British samples. Line
plots show IBD rates (y-axis) every 0.02 ¢cM along the twenty-two human autosomes. The dataset
analyzed is given in the subplot titles. Horizontal lines show (blue) the genome-wide median IBD
rate, (orange) the heuristic threshold of four standard deviations above the median IBD rate,
(green) the discrete-spacing analytical threshold, and (red) the simulation-based threshold. The
analytical and simulation-based thresholds are less than 5e-6 apart.
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Figure 4: Genome-wide IBD rate scans in African ancestry and Black British samples. Line plots
show IBD rates (y-axis) every 0.02 ¢cM along the twenty-two human autosomes. The dataset
analyzed is given in the subplot titles. Horizontal lines show (blue) the genome-wide median
IBD rate, (orange) the heuristic threshold of four standard deviations above the median IBD
rate, (green) the discrete-spacing analytical threshold, and (red) the simulation-based threshold.
The analytical and simulation-based thresholds are less than 5e-6 apart.
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12 Tables

Family-wise || Genome-wide FWER
level Analytical Simulation | Bonferroni || Analytical | Simulation
0.01 1.08e-6 1.30e-6 2.08e-7 0.024 0.028
0.05 6.24e-6 7.03e-6 1.04e-6 0.088 0.098
0.10 1.36e-5 1.49e-5 2.08e-6 0.140 0.146

Table 1: Genome-wide significance levels and family-wise error rates after multiple-testing cor-
rections. Family-wise significance levels are adjusted for multiple testing based on scans over 10
chromosomes of size 100 cM and tests every 0.02 ¢M (50,000 total tests). The multiple-testing
analytical and simulation-based thresholds are based on a fitted Ornstein-Uhlenbeck process.
Family-wise error rate (FWER) is the percentage of five hundred genome-wide scans with at
least one statistically significant result. The demographic scenario is the population bottleneck.
The IBD segment detection threshold is 2.0 cM.
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| Dataset | Chr | Rate (1e-4) | Region size (cM) | Position (Mb) | Genes | p value |

TOPMed 2 9.10 7.38 134.84 (132.52-139.90) LCT underflow
EURI1 6 7.24 6.94 30.80 (24.10-36.13) MHC 8.18e-222
(GRCh38) | 15 3.33 2.44 31.18 (30.34-32.16) TRPM1 5.50e-32
12 2.75 2.60 113.08 (110.89-113.65) | OAS1-2-3 1.50e-18

6 2.35 1.86 105.98 (105.76-106.47) PRDM1 1.35e-11

1 2.28 0.82 152.47 (151.48-152.56) LCE 1.64e-10

1 2.14 2.40 206.62 (205.49-207.02) . 1.32e-8

15 2.10 1.18 28.09 (27.93-28.85) OCA2 3.40e-8

4 2.09 1.50 38.75 (38.28-38.97) TLRI-6-10 | 4.24e-8

) 2.06 1.62 33.96 (32.99-33.99) SLC45A2 1.13e-7

17 2.00 0.64 37.63 (37.66-37.74) HNF1B 5.5de-7
UKBB 2 16.69 7.96 135.87 (133.23-140.91) LCT underflow
white 15 2.65 2.88 31.47 (30.36-32.64) TRPM1 7.31e-56
British 6 3.56 6.70 25.44 (24.14-35.71) MHC 1.17e-15
410k 12 3.27 2.18 113.41 (111.63-114.05) | OAS1-2-3 3.25e-12
(GRCh37) 3 3.01 1.64 47.59 (45.82-51.94) CCRY 2.05e-9
17 2.92 1.10 44.62 (42.87-44.92) MAPT 1.53e-8

4 2.78 0.86 38.81 (38.57-38.98) TLR1-6-10 | 2.51e-7
UKBB 2 6.62 5.62 136.98 (134.23-139.81) LCT underflow
Indian 6 2.40 3.24 33.92 (32.97-36.34) MHC 2.34e-17
British 15 2.09 2.56 31.48 (30.80-32.51) TRPM1 2.84e-10
(GRCh37) | 16 2.05 2.60 17.83 (16.93-18.26) XYLT1 7.43e-10
19 1.86 0.60 50.30 (50.23-50.45) 4.42e-7

Table 2: Loci detected in European ancestry and UKBB Indian British selection scans. We report
loci where identity-by-descent (IBD) rates exceed the multiple-testing analytical thresholds of
1.94e-4, 2.66e-4, and 1.82e-4 for the TOPMed EUR1 ancestry, UKBB white British, and UKBB
Indian British sample sets, respectively. The maximum IBD rate is given for each locus. Physical
positions for the location of the maximum IBD rate and the span of excess IBD rates are shown
in megabases (Mb). We report the size in centiMorgan (¢cM) of each region, which is defined to be
a contiguous stretch of IBD rates exceeding the genome-wide significance threshold. Pedigree-
based recombination maps from Halldorsson et al. [80] and Bhérer et al. [82] aligned to the
GRCh38 and GRCh37 reference genomes are used for inferring IBD segments in the TOPMed
and UKBB sample sets, respectively. p values are calculated assuming the null model that IBD
rates are normally distributed. Annotated genes or gene complexes are discussed in the main
text. The IBD segment detection threshold is 2.0 cM.
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| Dataset | Chr | Rate (1e-4) | Region size (cM) | Position (Mb) | Genes | p value |

TOPMed | 16 5.93 2.94 17.01 (16.53-18.24) | XYLT1 | 5.94e-46
AFR 19 3.72 2.08 1.74 (1.67-2.01) . 2.78e-15
(GRCh38) | 11 2.85 0.92 19.94 (19.88-20.00) . 6.05¢-8
3 2,77 1.02 60.59 (60.49-60.76) . 2.12e-7

UKBB 11 9.66 5.12 5.22 (3.32-6.35) HBB 5.57e-69
Black 16 6.46 2.94 17.76 (16.81-18.55) | XYLT1 | 1.95e-27
British 22 4.57 2.06 21.41 (20.96-22.03) . 4.64e-12
(GRCh37) 7 4.43 1.80 80.35 (79.89-80.62) | SEMASC | 3.55e-11
6 4.12 1.26 34.41 (31.92-37.71) MHC 2.27e-9

17 3.92 0.96 3.69 (3.64-3.80) . 2.54e-8

11 3.83 0.84 61.29 (60.84-61.62) . 7.15e-8

) 3.79 1.16 9.62 (9.45-9.88) SEMASA | 1.11e-7

10 3.64 0.50 79.47 (79.21-79.49) . 5.54e-7

8 3.64 0.58 37.18 (37.12-37.47) . 6.00e-7

Table 3: Loci detected in African ancestry selection scans. We report loci where identity-by-
descent (IBD) rates exceed the multiple-testing analytical thresholds of 2.63e-4 and 3.55e-4 for
the TOPMed AFR ancestry and UKBB Black British sample sets, respectively. The maximum
IBD rate is given for each locus. Physical positions for the location of the maximum IBD rate and
the span of excess IBD rates are shown in megabases (Mb). We report the size in centiMorgan
(cM) of each region, which is defined to be a contiguous stretch of IBD rates exceeding the
genome-wide significance threshold. Pedigree-based recombination maps from Halldorsson et al.
[80] and Bhérer et al. [82] aligned to the GRCh38 and GRCh37 reference genomes are used
for inferring IBD segments in the TOPMed and UKBB sample sets, respectively. p values are
calculated assuming the null model that IBD rates are normally distributed. Annotated genes
or gene complexes are discussed in the main text. The IBD segment detection threshold is 2.0
cM.
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Figure S1: Estimating the exponential decay parameter 6 from simulated Ornstein-Uhlenbeck
processes. The 1st, 25th, 50th, 75th, and 99th percentiles of estimates 6 (y-axis) are shown for
true 0 (x-axis and horizontal blue lines). We estimate 6 with different genome lengths (colors in
legend) and step size 0.02 cM. Percentiles are taken over five hundred simulations for each 6.
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Figure S2: Multiple-testing approaches in simulations of Ornstein-Uhlenbeck processes. Line
plots show A) standard deviations above the mean thresholds or B) family-wise error rates (y-
axis) with different 6 (x-axis). The multiple-testing approaches are (blue) the discrete-spacing
analytical approximation, (orange) the continuous-spacing analytical approximation, (green) the
simulation-based approach, and (red) the Bonferroni correction. The simulation-based approach
is based on ten thousand simulations. The step size is hypothesis testing every 0.05 ¢cM (50 kb).
The data for each simulation is equivalent to twenty chromosomes, each of length 100 cM.
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Figure S3: Estimating the exponential decay parameter 6 from simulated IBD rate processes with
different ¢cM length thresholds. Box plots show the 1st, 25th, 50th, 75th, and 99th percentiles of
estimates 6 using the IBD rate processes with simulated true IBD segments (dark blue) > 2.0
¢M and (light blue) > 3.0 ¢cM from tskibd. Estimates § are based on autocovariances calculated
at different step sizes (x-axis). There are fifteen hundred simulations for each step size. The
demographic model is the population bottleneck. The data for each simulation is equivalent to
ten chromosomes of uniform length 100 cM.
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Figure S4: The number of windows with a rejected hypothesis test. Box plots show the 10th,
25th, 50th, 75th, and 90th percentiles of the number of non-overlapping windows with at least
one rejection of the null hypothesis (y-axis). Windows sizes are 0.1, 0.2, 0.3, and 0.4 ¢M (colors
in legend) with IBD rates calculated every 0.02 ¢cM. Simulations in which there are no genome-
wide significant tests are not included in the box plots. The multiple-testing method is the
discrete-spacing analytical approximation using true IBD segments > 2.0 cM. There are five
hundred simulations for each family-wise significance level (x-axis). The demographic model is
the population bottleneck. The data for each simulation is equivalent to ten chromosomes of
uniform length 100 c¢M.
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Figure S5: Power simulations for the > 3.0 ¢cM scan in different demographic models. Bar plots
show the statistical power (y-axis) in the A) population bottleneck and B) staged exponential
growth models using true IBD segments > 2.0 cM overlapping the selected allele. Power is the
proportion of tests where the null model is rejected at the p value threshold corresponding to the
0.05 family-wise significance level. Hypothesis testing is based on the discrete-spacing analytical
threshold using the step size 0.02 cM. There are two hundred simulations for each pair of selection
coefficient (x-axis) and current-day allele frequency (colors in legend).
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Figure S6: Power simulations in a constant size population. Bar plots show the statistical
power (y-axis) using true IBD segments A) > 2.0 ¢cM or B) > 3.0 ¢M overlapping the selected
allele. Power is the proportion of tests where the null model is rejected at the p value thresh-
old corresponding to the 0.05 family-wise significance level. Hypothesis testing is based on the
discrete-spacing analytical threshold using the step size 0.02 cM. There are two hundred simu-
lations for each pair of selection coefficient (x-axis) and current-day allele frequency (colors in
legend).
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Figure S7: Histograms of IBD rates in human populations. The standardized IBD rates > 2.0
cM (z-axis) are shown for A) TOPMed EUR1, B) UKBB white British, C) TOPMed EUR2,
D) UKBB Indian British, E) TOPMed AFR ancestry, and F) UKBB Black British sample sets.
Each histogram has fifty bins, and the x-axes range from -5 to 5.
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Figure S8: Estimating exponential decay parameter 6 in real data. Each faint colored line shows
estimated autocovariances (y-axis) for different cM distances (x-axis) and a specific chromosome.
The black lines show the predicted autocovariances from the fitted Ornstein-Uhlenbeck processes
using estimates 6. The data for each subplot is based on A) TOPMed EURI ancestry, B) UKBB
white British, C) TOPMed EUR2 ancestry, D) UKBB Indian British, E) TOPMed AFR ancestry,
and F) UKBB Black British sample sets.
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Figure S9: Genome-wide IBD rate scans using the > 3.0 cM threshold. Line plots show IBD rates
every 0.02 ¢cM (y-axis) for base pair positions along twenty-two human autosomes. The data for
each subplot is based on A) TOPMed EURI1 ancestry, B) UKBB white British, C) UKBB Indian
British, D) TOPMed AFR ancestry, and E) UKBB Black British sample sets. Horizontal dashed
lines show (blue) the genome-wide median IBD rate, (orange) the heuristic threshold of four
standard deviations above the median, and (green) the analytical multiple-testing threshold.
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Figure S10: Genome-wide IBD rate scan in a simulated population bottleneck scenario. Line
plots show > 2.0 ¢cM IBD rates (y-axis) for ¢cM positions along ten simulated chromosomes.
Scans are based on A) tskibd true IBD segments [6] or B) ibd-ends inferred IBD segments [24].
In C), we divide the IBD rates in B) from those in A). Each chromosome is 100 ¢cM. The IBD
rate is calculated every 0.02 cM. Data is based on twenty-five hundred diploid samples from the
simulated population bottleneck demographic scenario. Horizontal dashed lines show (blue) the
genome-wide median IBD rate, (orange) the heuristic threshold of four standard deviations above
the median, and (green) the discrete-spacing analytical threshold). The family-wise significance
level is 0.05.
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Figure S11: Genome-wide IBD rate scan in a simulated constant population size scenario. Line
plots show inferred IBD rates over true IBD rates (y-axis) for ¢M positions along ten simulated
chromosomes. Scans are based on using ibd-ends’s A) default ne setting versus B) ne=50000.
In C), we divide the inferred IBD rates in A) and B). Each chromosome is 100 ¢cM. The IBD
rate is calculated every 0.02 cM. Data is based on twenty-five hundred diploid samples from the
simulated scenario of a constant population of fifty thousand individuals. The segment detection
threshold is > 2.0 cM.
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124 Supplementary tables

Family-wise || Adjusted FWER
level Analytical | Simulation | Bonferroni || Analytical | Simulation
0.01 1.58e-6 2.01e-6 2.08e-7 0.008 0.012
0.05 9.23e-6 1.06e-5 1.04e-6 0.030 0.034
0.10 2.03e-5 2.29e-5 2.08e-6 0.066 0.078

Table S1: Significance levels and family-wise error rates after multiple-testing corrections with
IBD segments > 3.0 cM. Significance levels are adjusted for multiple testing based on scans
over 10 chromosomes of size 100 ¢cM and tests every 0.02 ¢cM (50,000 total tests). The multiple-
testing analytical and simulation-based thresholds are based on a fitted Ornstein-Uhlenbeck
process. Each simulation has a different threshold as a result of estimating 6. Family-wise error
rate (FWER) is the percentage of five hundred genome-wide scans with at least one statistically
significant result. The demographic scenario is the population bottleneck.
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| Dataset | Chr | Rate (1e-4) | Region size (cM) | Position (Mb) | Genes | p value |
TOPMed 2 1.37 7.94 134.84 (132.29-140.09) LCT 2.59e-187
EURI1 6 1.23 8.04 31.03 (23.91-36.38) MHC 2.14e-143
(GRCh38) | 17 0.71 3.44 37.68 (36.33-38.44) HNF1B 2.59e-31
16 0.54 3.00 17.74 (16.73-18.72) XYLTI1 8.50e-13
22 0.52 5.12 20.23 (19.15-21.10) . 6.37e-11
12 0.50 5.10 51.38 (48.80-53.20) KRT 1.74e-9
15 0.48 2.28 31.30 (30.46-32.15) TRPM1 4.19e-8
UKBB 2 3.98 8.72 135.91 (132.86-141.34) LCT underflow
white 6 1.65 7.92 30.80 (23.91-36.34) MHC 2.63e-74
British 15 1.42 3.50 30.94 (30.16-32.92) TRPM1 1.26e-47
410k 16 1.02 3.28 18.25 (16.37-18.95) XYLTI1 6.40e-16
(GRCh37) | 22 0.91 3.46 21.53 (20.98-21.61) . 1.91e-10
12 0.91 5.12 51.78 (49.38-53.76) KRT 2.04e-10
17 0.83 1.26 36.18 (35.44-36.49) HNF1B 4.16e-7
UKBB 2 1.41 5.12 136.97 (134.36-139.51) LCT 1.69e-36
Indian 19 1.12 4.92 50.23 (48.47-50.74) . 5.25e-16
British 6 1.10 3.12 33.96 (33.02-36.34) MHC 4.70e-14
(GRCh37) | 16 0.96 2.80 18.06 (16.83-18.28) XYLT1 1.65e-7
TOPMed 16 1.39 3.44 17.73 (16.45-19.09) XYLT1 1.31e-63
AFR 22 0.92 5.56 20.26 (18.95-21.10) 3.30e-21
(GRCh38) | 19 0.69 1.98 1.78 (1.72-2.10) . 3.56¢-9
11 0.68 2.74 5.23 (3.83-5.75) HBB 4.83e-9
) 0.37 1.56 9.44 (9.20-9.72) SEMAS5A | 2.34e-7
UKBB 11 3.79 7.78 4.72 (2.76-6.92) HBB 2.78e-271
Black 16 2.52 4.14 17.40 (16.06-19.14) XYLT1 | 4.12e-109
British 22 1.28 4.74 21.54 (19.64-22.33) . 1.68e-21
(GRCh37) ) 0.88 1.64 9.62 (9.34-9.90) SEMASA | b5.77e-8
20 0.86 1.54 40.93 (39.47-40.99) . 1.30e-7
7 0.83 0.50 80.35 (80.08-80.40) SEMAS3C | 7.61le-7

Table S2: Loci detected in the > 3.0 ¢cM selection scans. We report loci where identity-by-descent
(IBD) rates exceed the discrete-spacing analytical thresholds of 0.45e-4, 0.81e-4, 0.93e-4, 0.61e-
4, and 0.81e-4 for the TOPMed EURI ancestry, UKBB white British, UKBB Indian British,
TOPMed AFR ancestry, and UKBB Black British sample sets, respectively. The maximum IBD
rate is given for each locus. Physical positions for the location of the maximum IBD rate and
the span of excess IBD rates are shown in megabases (Mb). We report the size in centiMorgan
(cM) of each region, which is defined to be a contiguous stretch of IBD rates exceeding the
genome-wide significance threshold. Pedigree-based recombination maps from Halldorsson et al.
[80] and Bhérer et al. [82] aligned to the GRCh38 and GRCh37 reference genomes are used
for inferring IBD segments in the TOPMed and UKBB sample sets, respectively. p values are
calculated assuming the null model that IBD rates are normally distributed. Annotated genes

or gene complexes are discussed in the main text.
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