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Supplemental Methods
Samples
Table S1 lists details of the samples used for each analysis. HapMap Maasai trio parents from Kinyawa, Kenya
(MKK) (46 individuals) were included for popula on diﬀeren a on and haplotype analyses (C
I

H M

C

et al., 2007; I

H M

3C

et al., 2010). As P

, 2005;
-

et al. (2010) found evidence of undocumented relatedness between individuals in the Maasai, we removed
a subset of the related individuals (NA21384, NA21475, NA21399, NA21365, NA21362, NA21382, NA21423,
NA21453, NA21615, and NA21634), leaving a total of 46 Maasai individuals.
For haplotype sta s c calcula ons, SNPs with a missing genotype rate > 10%, SNPs with minor allele frequency
< 0.5% (i.e. singletons), and SNPs out of Hardy-Weinberg equilibrium (assessed in each popula on independently)
with a p > 0.001 were removed.

Popula on Diﬀeren a on
We ﬁrst analyzed pa erns of popula on diﬀeren a on of all autosomal SNPs for evidence of local adapta on
driven by posi ve selec on. Diﬀerences in allele frequencies between popula ons measured by sta s cs such as
FST may have the power to detect selec ve events that have occurred less than 50,000 to 75,000 years in the
past (A

et al., 2002; S

et al., 2006).

We calculated a per-SNP FST over all 11 popula ons (all popula ons except the HapMap YRI; see Methods,
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main text), a per-SNP derived allele frequency diﬀerence (δ) between all pairs of popula ons, and mean FST
averaged over all genotyped SNPs between all pairs of popula ons. For these calcula ons, several admixed individuals were removed based on their inferred propor ons of ancestry in ancestral clusters (see Figure 1 of H
et al. (2011)). Excluded individuals in the Hadza were BAR09, END13, END15, END21, END22, and END07; in the
̸=Khomani Bushmen, excluded individuals were SA25, SA59, SA39, SA58, SA45, SA49, SA40, and SA03 (leaving 11
Hadza and 23 ̸=Khomani Bushmen) (Table S1).
Enrichments of genic and non-genic SNPs (see main text) were calculated for the absolute value of derived
( )
allele frequency diﬀerence (|δ|) between pairs of popula ons for each pair separately (55, or 11
2 , pairs), as in
C

et al. (2009) (using a bin size of 0.1). An enrichment in a given bin was calculated as the propor on of genic

(or nongenic) SNPs in that bin divided by the propor on of genic (or nongenic) SNPs among all genotyped SNPs.
For a clearer picture, we counted the number of popula on pairs for which each given |δ| value was deﬁned (some
closely-related popula ons, for instance, may not have SNPs with a |δ| as high as 0.9.) We then counted the number of pairs for which, at each |δ| value, there appeared to be an enrichment of genic SNPs (an enrichment value
> 1). We also averaged the enrichment values of genic and non-genic SNPs in each |δ| bin over all 55 populaon pairs as another summary of enrichment. Here, we examined the absolute value of |δ|, as when examining
mul ple popula on pairs, the polariza on of a SNP is arbitrary.
We then examined more closely popula on diﬀeren a on between several individual popula on pairs (out
of the 55 total pairs). For each pair, we calculated δ (since we examined each pair individually, we did not take
the absolute value) and assessed the signiﬁcance of genic and non-genic enrichments using bootstrapping. Brieﬂy,
bootstrapping involved resampling 200kb regions of the genome with replacement, and re-calcula ng enrichment
values in each bootstrap sample to generate conﬁdence intervals (see main text).
Over all 55 pairs of popula ons, we examined the rela onships of the maximum (over all SNPs) per-SNP FST
and |δ| values between popula on pairs (as well as the top 99.99% tail values of FST and |δ|), versus mean pairwise
FST . A best ﬁt curve between the extreme FST (or |δ|) values and mean FST was drawn using the lowess func on
in R (www.r-project.org, as in Coop et al. (2009)).
We simulated the expected rela onship under neutrality between the top 99.99% tail of |δ| values and mean
FST using the ``beta-binomial'' method of B

(2003) (also used in C

et al. (2009)). The model assumes

that a diverged pair of popula ons were once part of a common ancestral popula on, with the ancestral frequency
of some allele equal to p. In the model, the allele frequency in each popula on follows a beta distribu on with
mean p and variance p(1 − p)FST , where FST is that between the two popula ons. Within each popula on,
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the sampled allele frequencies follow a binomial distribu on, with the success probability parameter determined
by the value drawn from the beta distribu on. Since the ancestral allele frequency of each SNP is unknown, we
ﬁrst sampled an ancestral allele frequency p for each SNP from a uniform distribu on on [0, 1] (as in C

et al.

(2009)). We then simulated the sample allele frequencies in each popula on using the beta-binomial distribu on
and this value of p to calculate |δ|. We repeated this simula on of |δ| for the number of SNPs in our dataset to
obtain a simulated value of the 99.99% tail (see main text Methods).

Choice of Several Haplotype Sta s c Parameters
We used several haplotype sta s cs to search for pa erns of selec ve sweeps: the Integrated Haplotype Score
(iHS) (V

et al., 2006), and the Cross Popula on Extended Haplotype Homozygosity Test (XP-EHH) (S

et al., 2007). For the XP-EHH, we used the HapMap CEU, HapMap YRI, HapMap MKK, and ̸=Khomani Bushmen as
reference popula ons.
For the results presented in the main text, we binned the genome into 100 kb non-overlapping windows,
and assigned to each a sta s c based on the per-SNP haplotype sta s cs within that window. For XP-EHH, the
window sta s c used was the maximum XP-EHH value within the window (as in P

et al. (2009)), shown to

be a powerful summary sta s c to iden fy selec on. For iHS, we used the propor on of SNPs in that window
with |iHS| > 2 (as in V

et al. (2006)).

We assigned empirical p-values to windows based on their numbers of SNPs by binning windows in increments
of 10 SNPs per window. A p-value for a given window w was obtained as the propor on of windows within that
bin with a sta s c greater than or equal to the sta s c of window w. We assessed the sensi vity of results to the
size of genomic windows used, to the bin sizes (in SNPs per window) for assigning p-values to windows, and to the
XP-EHH reference popula on. Our selec on of these parameters is described in detail below.

100 kb vs. 200 kb windows size
We studied two sizes for genomic windows: 200 kb, following P

et al. (2009), and 100 kb, following V

et al. (2006) and due to the lower linkage disequilibrium (LD) in African popula ons.
To explore how strongly the choice of window size aﬀected which windows appeared in the most extreme
tails of the empirical distribu on, we compared the top empirical windows for those obtained using each of the
two window sizes. We examined iHS and XP-EHH using HGDP Europeans as a reference popula on (as in P
et al. (2009)). (Note that although this par cular reference popula on was not used for our main results, these
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analyses of window size should be insensi ve to the reference popula on used.) We performed calcula ons only
for the ̸=Khomani Bushmen, Sandawe, and Hadza, since genome-wide scans for selec on in these popula ons
have not been conducted previously.
We obtained an empirical p-value for each window based on the sta s c value of each window and accoun ng
for the number of SNPs within each window. For both 100 kb and 200 kb windows, p-values were obtained by
binning windows in increments of 20 SNPs (as in P

et al. (2009)). Windows with ≥ 100 SNPs were combined

into 1 bin, as few genomic windows contained ≥ 100 SNPs.
The top 1% of genomic windows were compared for each popula on between the method using 200 kb windows and the method using 100 kb windows. As expected, the top 1% of 100 kb windows contained approximately
twice as many windows as the top 1% of 200 kb genomic windows. The propor on of 200 kb windows that did
not overlap with at least one 100 kb genomic window was near 0% for XP-EHH, and was ≈40% for the iHS. The
propor on of 100 kb windows without an overlap in at least one 200 kb window (in other words, windows not
iden ﬁed by the 200 kb approach) was ≈30-50% for XP-EHH, and ≈40-70% for the iHS. Results did not change
greatly for XP-EHH when we examined the top 0.1% or top 5% of genomic windows. When only the top 0.1%
of windows were examined for iHS, the percentage of 100 kb windows that did not overlap a 200 kb window
increased to ≈80%.
The results from XP-EHH indicate that selec on signals can be localized to 100 kb within nearly all 200 kb
windows (indicated by the ≈0% of 200 kb windows without an overlapping 100 kb window). The results from
iHS suggest that this sta s c is more inﬂuenced by the choice of window size; this is likely because the window
sta s c is the frac on of SNPs in a window with |iHS| > 2 (rather than the maximum value of the sta s c, as it is
for XP-EHH). Because of the lower levels of LD typically found in African popula ons (H

et al., 2011), we chose

the smaller size of 100 kb.

Binning by 20 vs. 10 SNPs per window
Another parameter of interest is the most appropriate bin size (in numbers of SNPs) within which to calculate
empirical p-values for genomic windows. As in the previous analysis, we ﬁrst binned windows in increments of 20
SNPs per window, combining all windows with ≥ 100 SNPs into one window. As an alterna ve, we also binned
windows in increments of 10 SNPs per window; for these bins, all windows with ≥ 50 SNPs were combined into
one window, because few 100 kb genomic windows contain ≥ 50 SNPs. Again, the only popula ons for which we
calculated these sta s cs were the ̸=Khomani Bushmen, Sandawe, and Hadza, and we used HGDP Europeans as
J.M. Granka et al.
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a reference for XP-EHH (as previously).
For each popula on, the top 1% of genomic windows using increments of 20 SNPs per bin were compared
with those using increments of 10 SNPs. The binning strategy does seem to have an eﬀect on the empirical tail
windows. For both XP-EHH and iHS calcula ons, ≈10% of the top 1% genomic windows from the 20 SNP binning
method did not overlap with any of the top 1% of windows obtained using the 10 SNP method, and vice versa.
With increments of 20 SNPs per window, a majority of windows were in the lowest SNP frequency bin (0-20
SNPs), while with increments of 10 SNPs the number of 100 kb windows per bin was more consistent across bins.
Thus, we decreased the SNP increment of bins to 10 SNPs per bin.

Selec on of XP-EHH Reference Popula ons
Finally, we selected the most appropriate popula ons to use as reference popula ons for the XP-EHH sta s c.
Originally, we selected from the following reference popula ons: (i) all HGDP European popula ons, pooled together (152 individuals), as in P

et al. (2009); (ii) HapMap CEU Trio Parents (88 individuals); (iii) HGDP

Yorubans (21 individuals); (iv) HapMap YRI Trio Parents (100 individuals). The mo va on for including both a
European popula on and one of Yoruban origin was to search for selec ve sweeps of diﬀerent ages. With trio
informa on, HapMap individuals have more reliable phase inferences than those of the HGDP.
As with our other analyses of haplotype sta s c parameters (window size and bin size), we compared the top
1% of 100 kb genomic windows for the XP-EHH between those obtained using diﬀerent reference popula ons.
Again, we calculated the sta s cs only for the ̸=Khomani Bushmen, Sandawe, and Hadza.
HGDP Europeans vs. HapMap CEU. We ﬁrst compared the top 1% of windows for XP-EHH using HGDP Europeans as a reference popula on with XP-EHH using HapMap CEU as a reference popula on. For all popula ons,
≈20-30% of the top 1% of windows were unique when using HapMap CEU as a reference, while ≈25-35% of the
top 1% were unique when using HGDP Europeans. Thus, while a majority of the windows did show consistent
signals using either reference popula on, ≈25% of the top windows depended on the reference popula on used.
HGDP Yorubans vs. HapMap YRI. When we compared the calcula ons using either HGDP Yorubans or HapMap
YRI as reference popula ons, between 40-50% of windows in the top 1% were unique to the calcula ons using
each reference popula on. The diﬀerence in empirical tails between calcula ons using each of the two Yoruban
reference popula ons was much greater than the diﬀerence between calcula ons using each of the two European
reference popula ons (described above); this could be due to diﬀerences in the quality of phase informa on.
HGDP Europeans vs. Yorubans. We also assessed the overlap between the top 1% of windows obtained using
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HGDP Europeans as a reference popula on versus those using HGDP Yorubans as a reference popula on. The
overlap between the two methods was not high, ranging from 7-20% for all popula ons. As expected, using
Europeans as a reference popula on resulted in diﬀerent signals from those when using an African reference
popula on.
Due to greater conﬁdence in phasing, we selected the HapMap CEU and HapMap YRI as the European and
Yoruban reference popula ons, respec vely. We also used the HapMap Maasai (MKK) and ̸=Khomani Bushmen (KHB) as reference popula ons. For these two reference popula ons, we had no alterna ve popula on
against which to compare results (as we did for the HapMap CEU vs. HGDP Europeans and HapMap YRI vs. HGDP
Yorubans).

Varia on of Sta s cs within Windows
To ensure that breaking the genome into windows (as done by V

et al. (2006) and P

et al. (2009))

was a valid approach, we determined whether the variance of sta s cs within 100 kb windows was less than the
variance among randomly selected SNPs. We examined the XP-EHH sta s c in the HapMap YRI using HapMap
CEU as a reference (as conducted in our main study); similar results should hold for all other sampled popula ons
and sta s cs.
We used two methods to assess the validity of the windowing approach. First, we performed a Kruskal-Wallis
test independently for each chromosome. We assigned to each SNP a categorical variable to indicate the iden ty
of the 100 kb window in which it was located. We then determined whether there was a signiﬁcant eﬀect of
window on the XP-EHH value of each SNP. We found the window eﬀect to be signiﬁcant, with a p-value of 0 for all
chromosomes.
We also used a permuta on approach to assess whether the variance of sta s c values among SNPs within
the same window was signiﬁcantly less than the variance among groups of SNPs that were not within the same
genomic window. To do so, we obtained the variance of the SNP XP-EHH values within each window, and then
averaged the variance over all windows (average variance = 0.0554). For a null distribu on, we sampled groups
of non-adjacent SNPs on the same chromosome, with replacement, to mimic windows chromosome-wide. Since
each genomic window contained a diﬀerent number of SNPs, we used the same distribu on of numbers of SNPs
per window when drawing random groups of SNPs. We then computed a variance within each random group of
SNPs, and averaged the variances across all random groups to obtain one draw of the average variance under the
null hypothesis. We repeated this procedure 1,000 mes. Our observed average variance within 100 kb windows
J.M. Granka et al.
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was signiﬁcantly less than all of the 1,000 draws of average variances under the null hypothesis (p-value = 0).
Thus, from both analyses, it appears that breaking the genome into 100 kb windows eﬀec vely groups together
SNPs with more similar sta s c values, as desired.

Comparison of Empirical Tail Windows
As a summary, we obtained the ﬁve genomic windows with the lowest empirical p-values in each popula on, and
their p-values in all other popula ons, for iHS, XP-EHH CEU, XP-EHH YRI, XP-EHH MKK, and XP-EHH KHB. To do so,
we ﬁrst merged adjacent windows in the top 10% of each popula on using the program mergeBed in the program
suite BEDTools (Q

and H

, 2010). If a top window in one popula on overlapped with a window in at least

the top 10% of another popula on, we noted its p-value.
For each of iHS, XP-EHH CEU, YRI, MKK, and KHB, we performed a Mantel correla on between a matrix of mean
FST over all autosomal SNPs between all pairs of popula ons and matrices of (i) correla ons of window sta s cs
across all genomic windows between pairs of popula ons, (ii) overlap in the top 1% empirical tail of windows
between pairs of popula ons, and (iii) overlap in the top 0.1%. We also performed Mantel correla ons between
a matrix of the correla ons of window sta s cs across all genomic windows between pairs of popula ons ((i)
above), and matrices of both (iv) the overlap in the top 1% between pairs of popula ons and (v) overlap in the top
0.1%. We made sca er-plots of these ﬁve comparisons for each sta s c for a visual representa on of the Mantel
correla ons (see Supplemental Results).
We also performed Mantel correla ons between a matrix of the average Bantu ancestry of each popula on
pair (see Methods, main text), with matrices of (vi) overlap in the top 1% tail between pairs of popula ons, and
(vii) the overall correla on of window sta s cs between pairs of popula ons. Note that the Namibian San are not
included in this analysis, as Bantu ancestral propor ons for all individuals are not available in H

et al. (2011).

Neutral Coalescent Simula ons
We performed neutral coalescent simula ons of a three-popula on model and compared empirical tail windows
for iHS and XP-EHH between popula ons (see Figure S12). We assumed an Ne in each popula on of 12,000,
and obtained divergence mes under an equilibrium model given values of FST using the formula (1 − FST ) =
1 t
(1 − 2N
) , where t is the divergence me in genera ons (H
e

and W

, 2009). Divergence me between

the reference popula on and popula ons 1 and 2 was 3900 genera ons (FST = 0.15); divergence mes between
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popula ons 1 and 2 were: 2529 (FST = 0.10), 1231 (FST = 0.05), and 241 (FST = 0.01) genera ons. We assumed
a uniform muta on rate of 1.5 x 10−8 per bp per genera on (see S

et al. (2005)), and a uniform recombi-

na on rate of 10−8 per bp per genera on. We also assumed uniform recombina on to translate the msms results
to physical and gene c posi ons, required as input for XP-EHH and iHS calcula ons.
An example command line for msms corresponding to FST = 0.10 between the two daughter popula ons
(Popula ons 1 and 2 in Figure S12) is below. The simula on is for one ten Mb segment, where popula on ``1'' is
the reference popula on, and popula ons ``2'' and ``3'' are the two daughter popula ons. Scaling is in units of
4Ne genera ons.
msms -ms 60 1 -t 7200 -I 3 20 20 20 0 -ej 0.053 3 2 -ej 0.081 1 2 -r 4800 10000000

Selec ve Sweep Coalescent Simula ons
For simula ons under posi ve natural selec on, we simulated a selec ve sweep in the ﬁrst daughter popula on,
and allowed the parent popula on and second daughter popula on to evolve neutrally (all parameters remained
as in the neutral simula ons, see above and main text). Segments of ﬁve Mb were simulated, since generally
the signals of long haplotypes were contained within this region (the selected allele was in the center of each
segment). In order to ensure that each simulated sweep was a hard sweep, we retained only the simula ons for
which the ``origin count'' of the selected allele was 1, and in which the selected allele was not lost.
We ran preliminary analyses and simula ons in msms to determine which parameters of selec on were the
most appropriate. First, we chose a selec on coeﬃcient of s = 0.2. Smaller selec on coeﬃcients resulted in a large
number of unusable simula ons (with < 5% of all simula ons ﬁ ng the above criteria); ≈ 5-10% of all simula ons
ﬁt the above criteria for s = 0.2.
We examined several diﬀerent mings for the start of selec on of the allele. The ﬁrst was 144 genera ons
ago. For XP-EHH, this ming resulted in a very high true posi ve rate (see descrip on of calcula on below) for
detec ng selec ve sweeps, but for iHS, the true posi ve rate was much lower (see Supplemental Results). This
is because in nearly all simula ons, the selected allele had reached ﬁxa on, resul ng in lower power for iHS (see
Results and V

et al. (2006); S

et al. (2007)). For these simula ons, we simulated 80 ﬁve Mb segments

under selec on, and 260 ten Mb segments under neutrality (for a total genomic length of 3000 Mb).
Through addi onal simula ons, we found that a more recent selec on me of 62.4 genera ons ago led to
a more intermediate ﬁnal frequency (10-90%) of the selected allele, allowing iHS to have greater power (S
et al., 2007). As a result, the true posi ve rate for both iHS, as well as XP-EHH, was high with this ming (see SupJ.M. Granka et al.
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plemental Results). For these simula ons, we simulated 300 ﬁve Mb segments (50% of the simulated ``genome'')
to ensure that we simulated enough genomic regions with selec on; the remaining 1500 Mb were simulated
under neutrality.
The selec on op ons in msms that were used to simulate selec on in the ﬁrst daughter popula on (62.4
genera ons ago) are below (where ming is in units of 4Ne genera ons; arguments are used in conjunc on with
the demographic parameters, speciﬁed above, modiﬁed to simulate ﬁve Mb):
-SI 0.0013 3 0 0.00001 0 -Sp 0.5 -Sc 0 2 9600 4800 0 -N 12000 -oOC -oTrace -Smu 0
As for the neutral coalescent simula ons, for each of the 100 genome-wide simula ons we calculated iHS and
XP-EHH, binned the genome into windows of 100 kb, and ranked windows to obtain empirical tails. To examine
the performance, or true posi ve rate, of the iHS and XP-EHH sta s cs, for a given empirical tail we calculated the
propor on of its 100 kb windows that were within a selec ve sweep (non-neutral) segment. This rough measure
indicates the ability of the sta s cs to detect signals of selec on in 100 kb windows that are within 2.5 Mb of a
selected site (since the selected site was located in the center of each simulated ﬁve Mb region). Depending on
the exact lengths of haplotype signals produced from the sweeps, this may be an overes mate of the true posi ve
rate, and an underes mate of the false posi ve rate.

Gene Ontology Enrichment
Replica on of Voight et al. 2006 Results
We followed the procedure of V

et al. (2006), who searched for Gene Ontology (GO) term enrichment in

the HapMap YRI for the iHS sta s c. First, we obtained the 50 closest SNPs centered around each gene (obtained
from the UCSC refFlat mappings of RefSeq genes to hg18; downloaded in May 2010, www.genome.ucsc.edu). If
there were more than 50 SNPs located within a gene, we kept all of the SNPs. Then, we assigned to each gene a
summary sta s c, calculated as the propor on of its 50 SNPs with normalized |iHS| > 2.
We ranked the genes in order of their summary sta s cs, and examined enrichments in the top 10% of genes.
We assigned GO terms to genes using the biomaRt package in R (www.r-project.org; described in more detail
below). We also pruned terms to include only those present in the PANTHER database (www.pantherdb.org), as
et al. (2006) use this dataset. Note that in our analysis, we examined ≈ 500,000 SNPs; this is only a subset

V

of the SNPs analyzed by V

et al. (2006).

Then, we assessed enrichments for each PANTHER biological process GO term using the hypergeometric dis10 SI

J.M. Granka et al.

tribu on. The hypergeometric distribu on for a random variable X can be wri en as:
(r )( n−r )
P (X = k) =

k

( nm−k
) .

(1)

m

Here, for a par cular GO term, k is the number of genes in the top 10% of genes with that GO term, r is the number
of genes annotated with the GO term in the genome overall, n is the total number of genes in the genome, and
m is the number of genes in the top empirical 10%. To calculate a p-value for a par cular GO term, given its count
of occurrences in the top empirical 10% of genes (k), we calculate P (X ≥ k) by summing P (X = i) for i ∈ [k, r]
if r ≤ m and i ∈ [k, m] if m ≤ r.

Haplotype Sta s cs
We explain our novel permuta on approach for assessing signiﬁcance of GO terms within popula ons in more
detail, as in Figure 1 of the main text. The method is par cularly designed for analyses of genomic windows,
within which several genes can exist. Signiﬁcance is assessed for the top x% of 100 kb genomic windows for a
par cular haplotype sta s c (iHS or XP-EHH); in our analyses, we examine the top 0.1%, 1%, and 5%. (We focus
on the top 0.1% in the main text.)
1. Observed empirical tails. For the top x% of genomic windows, we determined the GO terms associated
with the genes in each genomic window. (The biomaRt package in R was used to perform these lookups,
using ``ensembl mart 51'' to ensure that the genomic coordinates (Build 36) were consistent). Adjacent
genomic windows were merged, so that a signal > 100 kb would have each of its GO terms counted only
once. (This helps to reduce possible dependence between 100 kb windows.) For each unique GO term, we
counted its number of occurrences.
2. Genome-wide windows. We determined the associated GO terms for each genomic window containing at
least one SNP with a sta s c value (using biomaRt, as above). (Some SNPs were removed in the XP-EHH and
iHS calcula ons due to certain criteria. For instance, for iHS, the minor allele frequency of each SNP must
be ≥ 5%; V

et al. (2006) also stated, ``if the region spanned by EHH > 0.05 reached a chromosome

end or the start of of a gap > 200 kb, then no iHS value was reported for the core SNP.'' Similarly for XP-EHH,
S

et al. (2007) stated, ``if there is no SNP with such an EHH between 0.03 and 0.05, the XP-EHH test is

skipped.'' Thus, not all genotyped SNPs resulted in a calculated XP-EHH or iHS value.)
J.M. Granka et al.
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We then binned the above windows by the number of SNPs per window, as done when calcula ng p-values
for the observed data (described in sec on ``Choice of Several Haplotype Sta s c Parameters'').
3. Randomiza on step. In each SNP count bin, we randomly selected x% of windows, and combined the top
windows from all bins to create a ``random top x%'' set of windows. Then, for each unique GO term, we
recorded its number of occurrences across all of the windows in the ``random top x%.''
We repeated this randomiza on step 20,000 mes, recording for each GO term its number of occurrences
in each of the randomiza ons to form the null distribu on.
4. P value calcula on. For each GO term G, we calculated a p-value for over-representa on of G in the observed x% tail as the propor on of the 20,000 permuta ons for which the number of occurrences of G is
greater than or equal to the observed number of occurrences.
5. Mul ple hypothesis tes ng correc on. To account for mul ple hypothesis tes ng, we controlled the false
discovery rate (FDR) at a 5% level using the procedure of B

and H

(1995). This is less con-

serva ve than the Bonferroni correc on, but more conserva ve than using no mul ple hypothesis tes ng
correc on.
In some cases, we analyzed only a subset of all GO terms that are found in the PANTHER database, as in V
et al. (2006). This only aﬀects our assignment of GO terms to windows in steps 1 and 2 above.

Top FST Values
To assess whether any GO terms were enriched among SNPs with the most extreme values of FST (calculated
across all 11 popula ons), we ﬁrst followed the approach described previously for genomic windows. For each
SNP, we found the gene, if any, in which it was located, and obtained the GO terms associated with that gene. We
then randomly selected x% of all SNPs, and counted the occurrence of each GO term; we repeated this 20,000
mes to obtain a null distribu on for the counts of each GO term. We obtained p-values for observed counts
of GO terms from this null distribu on with an FDR correc on. To be more conserva ve when iden fying overrepresented terms among top genomic windows, we restricted our results to terms associated with extreme FST
SNPs occurring in diﬀerent, not the same, genes.
In addi on, we searched for signiﬁcant GO terms with the program GREAT (M L

et al., 2010), which uses

a binomial test to assess signiﬁcance among a foreground set of genomic regions (in our case, SNPs with large
12 SI
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FST values). We used the SNPs genotyped in our dataset as a background set of genomic regions to control
for non-uniform SNP density and ascertainment. Using the parameters described below, GREAT ﬁrst infers gene
regulatory domains, and then the GO terms associated with a given genomic region based on the domains it
overlaps. It calculates the percentage of the genome annotated with each GO term; then, it counts the SNPs in
the tails that are associated. A binomial test over the genomic regions is performed to obtain a p-value for each
GO term, using an FDR correc on (see M L

et al. (2010) for more details). (This program was not used for 100

kb genomic windows, as the genomic regions of GREAT are required to be smaller).
GREAT allows for a number of ``associa on rule'' parameters, which set the boundaries of gene regulatory
regions. We ﬁrst used the default se ngs of the ``basal plus extension'' rule, allowing each gene to be associated
with a basal regulatory domain a minimum distance of 5 kb upstream and 1 kb downstream of the transcrip on
start site (TSS). This domain is extended both upstream and downstream un l the nearest gene's basal domain,
and no more than 1000 kb away from the gene; any SNPs within this domain are associated with the gene. We
then allowed the domain to be extended no more than 50 kb or 0 kb away (instead of 1000 kb).

Supplemental Results
Popula on Diﬀeren a on
Pairwise FST es mates averaged over all autosomal SNPs agreed with those of H

et al. (2011), who calculated

FST between inferred ancestral popula ons (Table S2). On average, our es mates were slightly lower, as we
included admixed individuals with ancestry in several ancestral popula ons.
We calculated for each SNP the absolute values of derived allele frequency diﬀerence (|δ|) between all (55,
(11)
or 2 ) pairs of popula ons, following C
et al. (2009). Not all popula on pairs exhibited high |δ| values (Figures S1A and C). For some pairs of popula ons, there was an enrichment of genic SNPs at high |δ| values, but
for others, there was no enrichment (Figure S1A). Among the popula on pairs for which which genic SNPs were
enriched among the highest |δ| values for the pair were the Kenya Bantu and Maasai; the South African Bantu and
the ̸=Khomani Bushmen and Sandawe; the Hadza and the Maasai; the Mbu and the: Hadza, Maasai, Mandenka,
Namibian San, ̸=Khomani Bushmen, Sandawe, and Yoruba; and the ̸=Khomani Bushmen and Yoruba. Interestingly, all popula on pairs had SNPs with allele frequency diﬀerences in the smallest bin (0 < |δ| < 0.1), with an
apparent raw genic enrichment of SNPs for all (Figure S1C). Though this enrichment of genic SNPs may not be
signiﬁcant in all popula ons, it may indicate the ac on of purifying selec on. When enrichment values in each |δ|
J.M. Granka et al.
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value bin (in Figure S1A) were averaged over all popula on pairs, there was only a slight increase in enrichment
of genic SNPs at extreme values (Figure S1B).
We examined several of the popula on pairs individually for evidence of genic enrichment using a bootstrapping procedure to assign signiﬁcance (men oned in the Supplemental Methods and the Main Text) and present
results in Figure S2. For individual popula on pairs, we examined the non-absolute value of δ. In most cases, the
SNPs in the most extreme δ value bins were indeed genic -- but there were very few (< 5) SNPs. In the bootstrapping procedure, we found that this small number of SNPs with extreme δ values was problema c. In general, less
than 95% of the 1,000 bootstrap simula ons actually contained a SNP with a value of δ in the highest (or lowest) bin (Figure S2). Thus, the actual existence of SNPs in this bin was not signiﬁcant, and so we could not assign
signiﬁcance to genic enrichment in these bins. (In Figure S2C and D, while > 95% bootstrap samples were valid,
enrichment was not signiﬁcant). Interes ngly, the next-most-extreme δ bin was never signiﬁcant according to the
95% bootstrap conﬁdence intervals. While it may be interes ng that a majority of the most strongly diﬀeren ated
SNPs were genic (and that the few bootstrap samples that actually contained these SNPs showed an enrichment),
we cannot state with sta s cal certainty that there is evidence of genic enrichment of strongly diﬀeren ated SNPs
among pairs of African popula ons.
We also examined the SNPs with |δ| > 0.8 in at least one popula on pair. In most cases, we found that these
SNPs were primarily due to one allele being completely ﬁxed or absent from the Mbu Pygmies or Hadza. However,
these high-|δ| SNPs between the two popula ons did not show a genic enrichment (Figure S2D). The lack of genic
enrichment among the many highly diﬀeren ated SNPs is likely due to the fact that they have both undergone
severe bo lenecks in recent history (H

et al., 2011).

We also analyzed popula on diﬀeren a on between the HGDP Tuscans and Yorubans (Figure S3). Here, while
we found that the bootstrap conﬁdence intervals were valid, genic enrichment was not signiﬁcant for either popula on. See main text for discussion of these results.
Although the analyses here (see also Figure S4) and in the main text (Figures 2 and 3) indicated that allele
frequency diﬀeren a on is poten ally strongly aﬀected by popula on history, there were several interes ng genes
within which several SNPs lied in the empirical top 1% of all FST values. Of these, several SNPs were within the
lactase gene (LCT), involved in lactase persistence, in several genes known to be involved in skin pigmenta on
(HERC2, HPS2, KIT, MITF, NF1, OCA2, PTGER3), and in other genes known to be involved in disease resistance (HLA,
LARGE, TLR5, TLR6). However, as diﬀeren a on of these SNPs may not necessarily be due to posi ve selec on
(see main text and above), we did not explore these signals further.
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Haplotype Sta s cs
Overlap of Windows Between Popula ons
There was considerable overlap between popula ons of top windows for the XP-EHH CEU sta s c (Figure S6), but
less overlap for iHS (Figure S5), and even less for XP-EHH MKK, YRI, and KHB (main text Figure 4 and Figures S7 and
S8). Note that our results for the iHS and XP-EHH CEU were slightly diﬀerent from those of P
and H

et al. (2009)

et al. (2011), as they examined genomic windows of 200 kb.

We examined the rela onship between mean FST and extent of sharing of the top 0.1% of windows between
pairs of popula ons (see Supplemental Methods). We saw results similar to the top 1% (see main text Results) for
the XP-EHH CEU, XP-EHH MKK, and XP-EHH KHB, although the rela onship between these two variables appeared
weaker than for the top 1% of windows (Figure S9). Mantel correla ons remained signiﬁcant for these sta s cs,
but not for the iHS or XP-EHH YRI (Table S3). (Since the maximum number of windows shared in the top 0.1% for
any two popula ons was 1 for the iHS and XP-EHH YRI, there may be li le power to detect any rela onship.)
For each of iHS, XP-EHH CEU, YRI, MKK, and KHB, we also computed a correla on of the selec on sta s cs per
window across all genomic windows between all pairs of popula ons (denoted ``correla on of window sta s cs'').
For all ﬁve sta s cs, including the XP-EHH YRI, the number of windows in the top 1% of both popula ons of a
pair increased as the correla on of window sta s cs for that pair increased, with a signiﬁcant Mantel correla on
between these two variables (Table S3, Figure S10). For the top 0.1% of genomic windows, XP-EHH CEU, XP-EHH
MKK, and XP-EHH KHB s ll exhibited signiﬁcant rela onships between the correla on of window sta s cs and
the number of shared windows in the top 0.1%, though to a lesser degree than for the top 1% (Table S3). For
the iHS and XP-EHH YRI, no more than 1 window was shared between any pair of popula ons, again resul ng in
non-signiﬁcant Mantel correla ons (Table S3).
We also found that more closely related popula on pairs (those with lower mean FST ) had more highly correlated window sta s c values for iHS, XP-EHH CEU, XP-EHH MKK, and XP-EHH KHB (all except for XP-EHH YRI).
Mantel tests for these four sta s cs indicated a signiﬁcant correla on between the two variables (Table S3). This
nega ve trend between FST and correla ons of window sta s cs suggests that values of these selec on sta s cs
in the genome as a whole correspond closely with popula on divergence.
However, the XP-EHH YRI sta s c appeared to behave in a fundamentally diﬀerent manner from the other
sta s cs. We observed no rela onship between FST and the correla ons of window sta s cs between pairs of
popula ons, nor between FST and the extent of overlap in empirical tails. Since the empirical tails did seem
J.M. Granka et al.
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to be related to overall correla ons of window sta s cs, however, the diﬀerent behavior of XP-EHH YRI may not
necessarily indicate that between-popula on pa erns are driven by shared selec ve pressures. Interes ngly, we
found that the correla ons of window sta s cs across the whole genome appeared to be related to the average
propor on of Bantu ancestry. The correla on of window sta s cs between pairs of popula ons for XP-EHH YRI
decreased as the average propor on of inferred Bantu ancestry for each popula on in the pair increased (p-value
= 0.009; see Figure S11 and Table S3). We found a similar result for sharing in the 1% empirical tail (Table S3). The
greater amount of sharing of windows between popula ons with low amounts of Bantu ancestry appears to be
an ar fact of using a popula on with a large amount of Bantu ancestry as a reference.

Further Examina on of Shared Windows
Popula on history appeared to be diﬃcult to separate from the extent of sharing of candidate signals (see previous
sec on). However, posi ve selec on on the same genomic regions might be able to explain an increased number
of shared windows beyond a ``baseline'' expected from shared ancestry. We examined the pairs of popula ons
that appeared to have a greater than expected number of windows shared in their top 0.1% when compared to
other popula on pairs with similar values of FST (Figure S9).
The Mandenka and Yoruba were an outlying popula on pair for the XP-EHH MKK, with ﬁve common windows
in their top 0.1% (see Supplemental Results for more details). Of these, two adjacent regions on chromosome 11
(9,800,000-10,100,000) were outliers only in the Mandenka and Yoruba and the South African Bantu. This region
contains the gene SBF2, muta ons in which are known to be associated with Charcot-Marie-Tooth disease (characterized by abnormal myelin sheaths) (Y

et al., 2011). For the XP-EHH YRI, the Sandawe, Hadza, and Maasai all

shared a region on chromosome 2 (136,300,000-136,400,000) containing the genes MCM6, LCT and DARS. This
region was also found in at least the top empirical 5% of the Mbu and Biaka Pygmies, as well as the ̸=Khomani
Bushmen. Because this region appeared to be signiﬁcant in hunter-gatherer, pastoralist, and agricultural populaons, sharing may not be due to convergent adapta on of lactase persistence but by another unknown selec ve
pressure or by a sweep at another gene, as suggested by T

et al. (2007). A region shared in the top 0.1%

of the Kenyan Bantu and Maasai for XP-EHH YRI was on chromosome 2 (38,800,000-38,900,000), and was otherwise found only in the top 5% tail of the Mandenka. Among other genes, this region contains GALM, involved in
galactose metabolism. Thus, a poten ally diet-related trait could be under selec on in all three of these agricultural/pastoralist popula ons (Kenyan Bantu, Maasai, Mandenka).
There were several outlying popula on pairs for the XP-EHH MKK (Figure S9). For the Mandenka and Yoruba,
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among the ﬁve shared windows in their top 0.1% was a window that was not in the top empirical 5% of any
other popula on except the Kenyan Bantu; however, it contains no known genes (chromosome 13: 56,900,00057,000,000). Two adjacent windows on chromosome 3 (56,500,000-56,700,000) were not in the top empirical
5% of any other tested popula on. This region contains the genes CCDC66 and C3orf13, whose func ons are
unknown.
For iHS, one pair with a shared window was the Sandawe and Maasai; this window (chromosome 11: 84,600,00084,700,000) was not an outlier in any other popula on and contains DLG2, poten ally involved in synapse funcon. The ̸=Khomani Bushmen and Maasai shared an empirical outlying region for XP-EHH YRI, found only also in
the empirical tail windows of the Hadza. This region on chromosome 2 (196,900,000-197,000,000) contains the
gene HECW2, possibly related to ubiqui na on.

Coalescent Simula ons
For data simulated under the neutral coalescent, in nearly all empirical tails for XP-EHH, there appeared to be a
strong rela onship between the FST of the two daughter popula ons and the extent of sharing of windows in
their empirical tails (Figure S13). For iHS, this rela onship was less strong, though s ll apparent (Figure S14).
For data simulated under selec on for XP-EHH, there was generally no rela onship between the number of
overlapping windows and FST , regardless of ming of selec on (Figures S15 and S17). In Figure S17, where
selec on is less recent, there was a more apparent rela onship between the two quan

es (especially for the

0.001 tail). While our calculated true posi ve rate was s ll 100%, this observa on may be due to the fact that our
es mate of the true posi ve rate is an overes mate (see Supplemental Methods). This observa on may also be
due to the inadequate number of regions simulated for this selec on ming (80 ﬁve Mb regions, versus 300 ﬁve
Mb regions for the more recent selec ve sweeps in Figure S15).
For data simulated under selec on for iHS, there was a more apparent rela onship of the number of overlapping tail windows with FST for older selec ve sweeps (Figure S18) than for recent sweeps (Figure S16). The true
posi ve rate for iHS was nearly 100% for more recent sweeps (62.4 genera ons ago), where the selected alleles
had not yet swept to ﬁxa on. However, for older sweeps (144 genera ons ago), the selected allele had generally
risen to ﬁxa on, resul ng in a drop of power (V

et al., 2006; S

et al., 2007), and decrease of the true

posi ve for iHS to as low as 60%. This caused the empirical tails to generally contain more neutral false posi ve
genomic windows. This existence of false posi ve signals in empirical tails likely explains the apparent rela onship
between extent of sharing of empirical tail windows with a popula on pairs' FST (Figure S18).
J.M. Granka et al.
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Gene Ontology Enrichments
Replica on of Voight et al. 2006 Results
We replicated the procedure of V

et al. (2006) to assess enrichment of Gene Ontology (GO) terms in the top

10% of genes according to iHS calcula ons in the HapMap YRI. V

et al. (2006) reported enrichment for steroid

metabolism (GO:0008202), MHC-I mediated immunity (GO:0032393 and GO:0032394), chemosensory percep on
(GO:0007606), olfac on (GO:0007608), and peroxisome transport (GO:0043574). Repea ng their analysis with
their methodology, we also found enrichments for MHC-I mediated immunity (p-value = 0.002) and olfac on (pvalue = 0.02625). Although we did not ﬁnd an enrichment for chemosensory percep on, this is likely due to a
change in the GO database (www.amigo.geneontology.org, accessed June 2011): surprisingly, we found very few
genes in the GO database associated with chemosensory percep on. We also found a higher p-value for steroid
metabolism than do V

et al. (2006) (p-value = 0.6684). This is again likely due to the GO database: while

we found many genes associated with the term when we look up the term in the database, the term was not
associated with any of them when the genes were looked up in the database (as done for our analysis). Finally,
the term peroxisome transport was not in the PANTHER database, though V
Thus, most diﬀerences in results when replica ng the method of V

et al. (2006) reported it to be.

et al. (2006) were likely due to changes

in the GO database since their study. In addi on, we examined only a subset of the SNPs analyzed by V
et al. (2006), resul ng in slightly diﬀerent p-values. While we found several other signiﬁcant terms when using
the method of V

et al. (2006), none of them were signiﬁcant when using our more rigorous permuta on

method (described in the Supplemental Methods and in the main text Methods and Results).

Haplotype Sta s cs
Using our permuta on method, we found that all haplotype sta s cs (iHS, and XP-EHH CEU, YRI, MKK and KHB)
exhibited at least some signatures of GO term enrichment. In addi on, GO terms appeared to be enriched in all
empirical tails for the sta s cs (the top 0.1%, 1%, and 5%) (Table S4 and main text Tables 1 and 2). However,
terms that appeared enriched in a less extreme tail (i.e. top 1%) were not necessarily enriched in a more extreme
tail (i.e. top 0.1%), poten ally complica ng the choice of the most appropriate cutoﬀ. Our neutral simula ons
also highlight that if an improper empirical tail is analyzed, a ribu ng sharing of signals between popula ons to
posi ve selec on could be largely inaccurate (see also Figures S13 and S14). In the main text (Tables 1 and 2), we
present results from the top 0.1%, mo vated by the results of Table S3.
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FST Values
We performed a similar Gene Ontology (GO) term enrichment analysis for SNPs with the top empirical values of
FST (calculated across all 11 popula ons). We ﬁrst used a permuta on method, analogous to the one performed
for genomic windows and haplotype sta s cs, but found no signiﬁcant results (see Supplemental Methods). We
also used the program GREAT (M L

et al., 2010) to search for enrichment of terms associated with SNPs with

the largest values of FST . Our results varied depending on the ``extension'' rules determining the associa on of
a SNP with a par cular gene (see Supplemental Methods). When we allowed the domain associated with a gene
to extend up to 1000 kb away beyond the basal domain, we found ﬁve signiﬁcant GO terms with mul ple gene
associa ons: regula on of saliva secre on (GO:0046877), regula on of ATPase ac vity (GO:0043462), posi ve
regula on of ATPase ac vity (GO:0032781), tricarboxylic acid cycle (GO:0006099), and coenzyme catabolic process (GO:0009109). However, when we allowed an extension of only 50 kb, none of these terms were signiﬁcant,
and instead we found associa ons of a diﬀerent nature: spermatogenesis (GO:0007283), regula on of estrogen
receptor signaling pathway (GO:0033146), chroma n modiﬁca on (GO:0016568), regula on of cytokine biosynthe c process (GO:0042089), gamete genera on (GO:0007276), muscle ﬁlament sliding (GO:0030049), atrial cardiac muscle ssue morphogenesis (GO:0055009), and male sex determina on (GO:0030238). When we required
that a SNP be located within a gene in order to be associated with it (0 kb extension) we found no enriched GO
terms, consistent with our permuta on analysis.
Since the GREAT analysis depended heavily on certain parameters, and our permuta on procedure found no
evidence of over-representa on for any GO terms, there did not appear to be any par cular func ons associated
with SNPs that were strongly diﬀeren ated between African popula ons (as measured by FST ). This agrees with
Figures 2 and 3 of the main text and Figures S1, S2, and S4, which suggest that selec on is not a primary driver of
extreme allele frequency diﬀeren a on between African popula ons for the SNPs in our dataset.
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