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Anatomically modern humans arose in Africa ∼300,000 years ago,
but the demographic and adaptive histories of African populations
are not well-characterized. Here, we have generated a genome-
wide dataset from 840 Africans, residing in western, eastern,
southern, and northern Africa, belonging to 50 ethnicities, and
speaking languages belonging to four language families. In addi-
tion to agriculturalists and pastoralists, our study includes 16 popula-
tions that practice, or until recently have practiced, a hunting-
gathering (HG) lifestyle. We observe that genetic structure in Africa
is broadly correlated not only with geography, but to a lesser extent,
with linguistic affiliation and subsistence strategy. Four East African
HG (EHG) populations that are geographically distant from each
other show evidence of common ancestry: the Hadza and Sandawe
in Tanzania, who speak languages with clicks classified as Khoisan;
the Dahalo in Kenya, whose language has remnant clicks; and the
Sabue in Ethiopia, who speak an unclassified language. Addition-
ally, we observed common ancestry between central African rain-
forest HGs and southern African San, the latter of whom speak
languages with clicks classified as Khoisan. With the exception of
the EHG, central African rainforest HGs, and San, other HG groups
in Africa appear genetically similar to neighboring agriculturalist or
pastoralist populations. We additionally demonstrate that infec-
tious disease, immune response, and diet have played important
roles in the adaptive landscape of African history. However, while
the broad biological processes involved in recent human adaptation
in Africa are often consistent across populations, the specific loci
affected by selective pressures more often vary across populations.

African hunter-gatherers | African diversity | population genetics |
natural selection | human evolution

Genetic, archaeological, and linguistic evidence reflect a com-
plex demographic history for populations in Africa. Ana-

tomically modern humans emerged in Africa ∼300 kya (1–3) and
lived in Africa for tens of thousands of years before a subset mi-
grated out of Africa 80–40 kya (4). Many studies have focused on
when, where, and how modern humans colonized the rest of the
globe, but relatively few have characterized prehistoric demogra-
phy within Africa during the Late Pleistocene 70–10 kya (4). This is
likely because the archaeological and paleo-biological record is
incomplete during that time period (5), linguistic reconstruction
does not extend much beyond 10 kya (6), and recent demographic
events, such as historical migrations, complicate genomic signa-
tures of older population movements and interactions.
Relatively more is known about population histories in Africa

during the recent past due to linguistic reconstructions. One of
the most striking recent demographic events in Africa was the
expansion of Bantu peoples (speakers of Bantu languages) from
West Africa accompanying agricultural innovation in the Neo-

lithic ∼5 kya (7). This expansion, commonly referred to as the
“Bantu expansion,” significantly impacted the landscape of ge-
netic and cultural diversity in Africa (8, 9). While Bantu lan-
guages, which belong to the Niger-Congo (NC) language family,
are widely spoken across Africa, languages belonging to two
additional language families, Nilo-Saharan (NS) and Afro-
Asiatic (AA), are spoken by populations primarily located in
central, eastern, and northern Africa who practice pastoralism
and agriculture (10). A fourth language family, Khoisan, which
contains click phonemes, includes several languages spoken by
hunter-gatherer populations in southern Africa, as well as two
languages spoken by hunter-gatherer populations in eastern
Africa, the Hadza and Sandawe (11). While the Sandawe lan-
guage has been identified as linguistically more similar to the
Khoisan languages spoken in southern Africa than it is to the
Hadza language, the inclusion of the latter two languages within
the Khoisan language family is generally contentious, arguably
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because the relationships between the eastern and southern
African Khoisan languages are older than 10 kya (12).
Several languages spoken throughout Africa remain un-

classified and are considered “language isolates.” One such ex-
ample is the Shabo language, also referred to as Mikeyir, spoken
by the people of Ethiopia who self-identify as Sabue (also known
as Sabu). While proto-Shabo is thought to be an early branch of
the NS languages, the classification of Shabo into any linguistic
family is unresolved (13, 14). The language spoken by the Dahalo,
also referred to as Sanye, of Kenya is another such example. Some
linguists classify Dahalo as AA, but it also shares a dental click
phoneme with Khoisan languages (12). The shared presence of
clicks has led linguists to hypothesize that the Dahalo share recent
common ancestry with the Hadza and Sandawe or that ancestors
of the Dahalo, speaking a proto-Dahalo language, came into
contact with and subsequently borrowed linguistic features from
individuals speaking a proto-Khoisan language in East Africa (15).
The archaeological evidence for a common ancestry of East
African hunting-gathering (HG) populations and the Khoisan-
speaking populations of southern Africa is debated: while there
has been some evidence of a genetic connection, the archaeo-
logical data are not conclusive (16–19). However, there have
been no prior genetic studies of the Sabue or Dahalo. Here, we
examine the genetic relationships of the Sabue, Dahalo, and the
Khoisan-speaking populations of eastern Africa to shed light on
the history of East African HG populations.
In addition to the linguistic diversity found in Africa—over

2,000 languages are spoken in the continent—African pop-
ulations practice diverse subsistence strategies (11). As pre-
viously noted, agricultural technologies spread throughout sub-
Saharan Africa with the Bantu expansion 5–3 kya. Before that,
pastoralism spread from northeastern Africa southward into
central and eastern Africa 6–3 kya (10). Populations speaking
Khoisan languages, including the Hadza and Sandawe, engage,
or until recently engaged, in an HG subsistence strategy. The
Dahalo, Boni, El Molo, Yaaku, Sengwer, and Ogiek populations
living in Kenya, and the Wata from Ethiopia, also practice an
HG lifestyle, as do the Sabue of Ethiopia. Anthropologists have
debated whether these East African HG populations represent
distinct groups or whether they represent descendants of com-
munities that were displaced due to past political, economic, and
social phenomena (20). Other African populations traditionally
practicing HG include the western (e.g., Biaka, Baka, Bakola,
Bedzan) and eastern (e.g., Mbuti) rain forest hunters and gath-
erers (WRHG and ERHG, respectively), commonly referred
to as “Pygmies,” who have adopted the languages of neigh-
boring populations, and the Khoisan-speaking San from southern
Africa. Here, we analyze the genetic diversity of 16 ethnic groups
in Africa that practice a foraging life-style to better under-
stand their relationships with each other and with neighboring
populations.
Taken together, linguistic, archaeological, and genetic data

have led to a proposed wide range for Khoisan-speaking HG
populations throughout southern and eastern Africa, extending
from Ethiopia to southern Africa (6, 15, 21, 22). However, this
hypothesis remains contentious, and the origins of East African
HG populations remain unknown largely because of the limits of
linguistic reconstruction, archaeological data, and sparse sam-
pling of genomic diversity in East Africa (12, 16). To explore this
question further, we have genotyped 724 individuals from 46 di-
verse ethno-linguistic populations living in central and eastern
Africa with the Illumina 1M-Duo SNP array (Fig. 1A), including
all of the eastern African and WRHG populations described
above. We merged these data with publicly available data from
population samples including Mbuti ERHG living in the Dem-
ocratic Republic of Congo, San living in Namibia and South
Africa, Mandenka living in Senegal, and Mozabite living in
Algeria (23, 24). In total, the merged dataset is comprised of
840 individuals sampled from 50 populations living throughout
sub-Saharan Africa and genotyped for a set of ∼621,000 markers
present on all platforms (SI Appendix, Table S1).

Results
Genome-Wide Patterns of Diversity. To characterize genome-wide
patterns of diversity in Africa, we employed principal compo-
nents analysis (PCA) of individuals at 621,000 biallelic SNPs (25,
26) (Fig. 1 B and C and SI Appendix, Fig. S1). The first principal
component (PC1), which explains 2.11% of the genotypic vari-
ance, is well predicted by a linear model with latitude, longitude,
and linguistic affiliation variables (R2 = 0.86; P < 1.0 × 10−16 )
(SI Appendix, Fig. S2A). On one extreme end of the PC1 axis are
North African Mozabite (Algeria) individuals, and on the other
end of the axis are Mbuti ERHG (Democratic Republic of
Congo) and San (southern Africa) individuals (Fig. 1B). We also
observed a good fit between PC2, which explains 0.91% of the
genotypic variance, and a linear model with latitude, longitude,
and linguistic affiliation variables (adjusted R2 = 0.58, P < 1.0 ×
10−16), albeit less strongly than PC1 (SI Appendix, Fig. S2B).
Individuals speaking NC languages are represented at one end of
the PC2 axis and San individuals at the other end. Thus, geog-
raphy and language are significantly correlated with patterns of
genetic variation in Africa.
To explore our hypothesis of a possible common ancestry of

the Hadza, Sandawe, Sabue, and Dahalo, heretofore referred to
as the eastern HG (EHG), we tested whether they cluster more
closely to each other in the PCA compared with other pop-
ulations. We observed that they cluster significantly closer to each
other than to any other populations on PC1 and PC2 based on a
comparison of Euclidean distances among EHG and among EHG
and non-EHG individuals (Wilcoxon rank-sum test: W =
52,704,648; P < 1.0 × 10−16) (SI Appendix, Fig. S3A). In addition,
the Sabue, Hadza, and Dinka individuals significantly cluster to-
gether at one extreme of PC3 (Wilcoxon rank-sum test, W =
30,247.5; P < 1.0 × 10−16) (Fig. 1C and SI Appendix, Fig. S3B).
These observations are consistent with possible shared ancestry
between the Hadza and Sabue, and some evidence for shared an-
cestry of these populations with the Dinka (NS language) (27), as
well as linguistic evidence supporting a relationship between the
Shabo language and proto-NS (13). PCs explaining a smaller pro-
portion of the genetic variance in the data are presented in SI
Appendix, Fig. S1.
We explored patterns of population structure in African

population samples using STRUCTURE analysis (28) (Fig. 1D)
with a set of 20,000 SNPs, pruned to reduce linkage disequilib-
rium (LD). We also used haplotype clusters inferred by
BEAGLE (29) as a k-allele system at the same 20,000 loci (SI
Appendix, Fig. S4). We found that K = 9 was the number of
ancestral allele clusters (AAC) that consistently produced the
highest data likelihoods across runs for both genotypes (SI Ap-
pendix, Fig. S5A) and haplotypes (SI Appendix, Fig. S5B) without
producing multiple modes (i.e., inferring different ancestral al-
lele clusters across runs). Additionally, we observed lower vari-
ance in likelihood scores at K = 9 compared with higher values of
K. At K = 9 (Fig. 1D), we find that individuals from populations
that speak languages belonging to the same language family have
significantly similar AAC proportions (Mantel test: M = 0.473;
P = 0.001) (SI Appendix). However, several population samples
are distinguished by unique AACs at K = 9. These include the
North African Mozabite (Fig. 1D, dark blue) who have the
greatest proportion of Saharan ancestry compared with other
populations (Wilcoxon rank-sum test: W = 191; P < 1.0 × 10−16).
The other AACs at K = 9 distinguish HG populations: San (Fig.
1D, light green), WRHG and ERHG (Fig. 1D, dark green),
Hadza (Fig. 1D, yellow), Dahalo (Fig. 1D, pink), and Sabue (Fig.
1D, light blue) populations, respectively. Distinct AACs corre-
sponding to HG populations may be explained by genetic drift
caused by isolation of these populations or persistently small ef-
fective population sizes (Ne) (30). Unlike other EHG populations,
the Sandawe are not enriched for a particular AAC at K = 9; rather,
they have considerable AA (Fig. 1D, dark purple) and NC (Fig. 1D,
orange) ancestry: 37.1% and 26.4% on average, respectively. In
contrast, the Elmolo, Yaaku, Boni, Wata, Ogiek, and Sengwer from
East Africa share ancestry with neighboring agriculturalist or
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pastoralist populations. Patterns of clustering at lower AACs,
which support ancient common ancestry between the rain forest
HG and San and between the Hadza and Sabue, as well as the
genetic relationship between AACs based on the inferred an-
cestral allele frequencies, are described in the SI Appendix.

Historical changes in population size contributes to contem-
porary genetic variation; therefore, we used patterns of LD decay
to estimate Ne in population samples with at least 10 individuals
(SI Appendix, Figs. S6 and S7A) (31). Several of the EHG, the
Hadza, Dahalo, and Sabue, have relatively low estimates of Ne

DA

B

C

Fig. 1. Geographic distribution of populations studied and summaries of population structure. (A) The geographic distribution of populations included in the
study presented on a map of Africa. The legend indicates the colors assigned to each language family and the number and unique combination of color and
symbol for each ethno-linguistic population. (B) PCA was performed using individuals’ genotypes; PC1, which explains 2.11% of the genotypic variance and
shows a North–South cline, was plotted against PC2, which explains 0.91% of the genotypic variance and separates individuals with NC ancestry. (C) Hadza
and Sabue individuals cluster at one extreme end of PC3, which explains 0.73% of variance in individuals’ genotypes; NS-speaking individuals are also found
clustering near the Hadza and Sabue. (D) Population structure was inferred using the STRUCTURE software using 20,000 unlinked loci; results are shown from
K = 2 to K = 9, the latter of which was identified as having the best, most stable fit to the data. The STRUCTURE analysis revealed K = 9 AAC. Supporting the
PCA, two AAC’s corresponded to NC ancestry (orange); that is, correlated with the Bantu expansion, and North African ancestry (blue). In addition, the other
AACs identify structure between HG populations: San (light green), WRHG (dark green), Hadza (yellow), Dahalo (light purple), and Sabue (light blue). Results
from K = 2 to K = 8 are discussed in SI Appendix.
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(∼9,000–11,000), consistent with their relatively smaller census
population sizes (∼1,000–3,000) (32). In contrast, the Sandawe
and WRHG have maintained relatively higher Ne (on the order of
17,000 and 19,000, respectively), consistent with their larger cen-
sus sizes (∼30K) (33, 34). The estimates of Ne from LD in the
Hadza, WRHG, and Sandawe are consistent with estimates of Ne
based on levels of genetic diversity from whole-genome sequence
data in the same populations (35). The largest Ne estimates are for
agriculturalist and pastoralist populations, which is also consistent
with prior studies (35, 36).
To examine the influence of demographic history on patterns

of haplotype sharing within populations, we examined sharing of
identity-by-descent (IBD) regions, which are stretches of DNA
between individuals inherited from a common ancestor, and runs
of homozygosity (ROH), which are stretches of DNA that are
identical between the two haploid chromosomes of an individual.
For each population, we calculated the average of the total IBD
between all pairs of individuals, which we refer to as cumulative
IBD (cIBD) and cumulative ROH (cROH) within individuals.
Comparing cROH with cIBD for each population (SI Appendix,
Fig. S7B), we find that the Hadandawa-Beja have the greatest
cROH (195 cM) but are only the 15th highest for cIBD (45 cM);
the high cROH is consistent with the documented practice of
consanguineous marriages in this population (37). In contrast,
the Hadza have the greatest cIBD (398 cM) as well as the second
greatest cROH (158 cM). The presence of elevated cIBD and
cROH in the Hadza is consistent with a small census size (∼1,000),
a low Ne and long-term endogamy (24, 35).

Historical Relationships Among African Populations. We recon-
structed a population tree using pairwise estimates of genetic
distance based on the FST statistic (Fig. 2A). We assessed sta-
tistical support for internal nodes in the neighbor-joining (NJ)
population tree by bootstrapping loci with 1,000 replicates (SI
Appendix). Broadly, the tree reflects geographic residence and
linguistic affiliation as observed in the previous results. In ad-
dition, four geographically dispersed EHG populations—the
Hadza, Sabue, Sandawe, and Dahalo—form a clade. The Hadza

form a subclade with the Sabue with 97% bootstrap support.
Support for inclusion of the Dahalo and Sandawe in the EHG
clade is lower; however, examination of the bootstraps shows
that this is because >80% of the replicates show the Dahalo
cluster with the Boni, a neighboring population with whom they
share recent contact (see IBD results below). As noted above,
the linguistic relationships among these populations are unclear
and contentious. While evidence for recent common ancestry
between the neighboring Hadza and Sandawe has previously
been shown (17, 24, 27), our results represent genetic evidence
for a uniquely shared common ancestry of these populations with
the Dahalo and Sabue from Kenya and Ethiopia, respectively. It
is also noteworthy that other HG populations from central and
southern Africa cluster with high bootstrap support: the San and
Mbuti form a clade despite being geographically isolated from
each other, and both form a clade with the WRHG, supporting
results from PCA (Fig. 1 B and C) and STRUCTURE analyses
(Fig. 1D) (18, 36, 38, 39). In contrast, other HG populations
from East Africa (i.e., Ogiek, Dorobo, and so forth) cluster to-
gether with neighboring agriculturalist or pastoralist populations.
In addition to using FST to infer relationships between pop-

ulations, we examined the distribution of the number and length
of IBD tracts between individuals across populations to identify
recent shared ancestry (40, 41). We explored the possibility that
the signal of EHG common ancestry represents shared gene flow
with Cushitic- and Bantu-speaking populations who expanded
into East Africa within the past 5 kya (42). We used a distance
measure, based on the ratio of IBD tracts (≥2 cM) found within
and between populations, to construct a population tree (Fig.
2B). We compared FST- and IBD-based distances between pop-
ulations (SI Appendix), as the latter measure is more sensitive to
recent gene flow originating 25–50 generations ago (43). Unlike the
FST-based tree, the EHG populations do not form a clade in the
IBD-based tree, instead clustering with geographically proximate
populations (Fig. 2B), indicating an increase in interactions between
the EHG and neighboring agriculturalist and pastoralist pop-
ulations in the recent past (18). Notably, the Boni and Dahalo, who
neighbor each other, cluster together on the IBD tree, which

Fig. 2. Population trees. (A) An NJ population tree was inferred using estimates of pairwise genetic distances between populations based on FST values scaled
by Ne. Populations largely cluster by geography or language affiliation, with the notable exceptions of the clade consisting of the Hadza, Sabue, Sandawe,
and Dahalo and the clade consisting of the WRHG, ERHG, and San, whose populations cluster together despite being geographically distant. (B) An NJ
population tree based on pairwise distances based on the ratio of within-population to between-population haplotype sharing (i.e., IBD); this statistic is more
sensitive to recent demographic events, such as gene flow than FST. The EHG cluster most closely with neighboring populations.
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explains the frequency with which they appear together in
bootstrap replicates of the FST-based tree. Furthermore, in the
IBD tree, the Dinka form a clade with the Sabue, consistent
with the genotypic PCA (Fig. 1C), suggesting recent gene flow
and/or shared ancestry. These observations are consistent with a
model suggested by some linguists in which the Shabo language is
classified with the NS language family (13), although other lin-
guists (14) find inadequate evidence for a connection between the
Shabo language and proto-NS. This uncertainty could be due to
the age of the linguistic relationship between Shabo and proto-NS,
which may predate the upper bound for linguistic reconstruction
(∼10 kya) (44).
The lack of clustering of the EHG in the IBD-based distance

tree indicates that the pattern of shared ancestry among the
EHG populations observed in the reconstructed FST -based
population tree (Fig. 2A) is not due to recent events. We used an
approach introduced by Fearnhead and Prangle (45) to construct
summary statistics for approximate Bayesian computation
(ABC) inference based not only on allele frequency differences
between populations, but also on patterns of LD and admixture
LD (i.e., LD weighted by differences in allele frequencies be-
tween populations) to infer divergence times between pairs of
EHG populations (31, 46–51) (SI Appendix). The demographic
model we employed (SI Appendix, Fig. S8) included changes in
Ne, gene flow from populations speaking NC, NS, or AA lan-
guages, and ascertainment bias due to SNPs on the Illumina 1M
array that were identified primarily in non-African populations.
The maximum a posteriori estimate and 95% credible interval

for pairwise divergence time estimates are shown in Fig. 3. The
maximum a posteriori divergence time estimates for the Hadza
and Sandawe were 13 or 22 kya when accounting for different
primary sources of admixture based on STRUCTURE analysis
(Fig. 1D) (NC or AA, respectively); these estimates overlap with
previous studies (17). The Hadza split times with other pop-
ulations were older; the divergence time estimates with the
Sabue (NC or AA gene flow) were 44 or 61 kya, respectively, and
with the Dahalo (NC or AA gene flow) were 55 or 61 kya, re-
spectively. Sandawe population divergence time estimates with
the Sabue (NS or AA admixture) were 30 or 52 kya, respectively,
and with the Dahalo (NS or AA gene flow) were 50 or 57 kya,
respectively. The estimated times of divergence of the Sabue and
Dahalo (NC or AA gene flow) were 63 or 72 kya, respectively.
These results are consistent with a model in which population
divergence between the Dahalo and Sabue and the ancestors of
the Sandawe and Hadza occurred >30 kya, whereas the Hadza
and Sandawe divergence was more recent. Whole-genome se-
quence analyses will be informative for more accurately resolving
the time of population divergence among EHGs.

Genome-Wide Patterns of Adaptation. Over the past two decades,
several genome-wide scans for selection have been developed
and applied to worldwide human genetic data (52–54). Fewer
studies, however, have focused on variation within Africa (24, 35,
36, 38, 55–57). These studies have tended to focus on specific
regions (e.g., Southern Africa or Ethiopia) in Sub-Saharan Africa
(24, 36, 55) or specific populations of interest living in Africa
(35, 38, 57). Thus, the pattern and distribution of adaptive can-
didate loci among geographically and culturally diverse African
populations is not well understood. We used three comple-
mentary statistical tests of neutrality to characterize African genome-
wide signatures of adaptation. We combined individuals into
larger population groupings based on shared ethno-linguistic af-
filiation and on shared ancestry, as inferred from PCA clustering
(SI Appendix, Fig. S9) for the subsequent analyses.

Shared Adaptive Signals. Given the wide range of diverse pop-
ulations sampled in the study, we were interested in studying the
distribution of adaptive candidate genes within and among
population groupings. We first employed the D statistic, an ex-
tension of the locus-specific branch length statistic that includes
more than three population samples (58, 59), to identify signa-

tures of regionally restricted adaptation within population group-
ings. We identified genes near (within 100 kb) SNPs in the top 0.1%
of the empirical distribution of results for the D statistic test
(expected to be enriched for targets of natural selection) for
each population grouping, and we performed pathway-enrichment
analyses of these adaptive candidate genes (SI Appendix, Table S3).
Because the D statistic identifies SNPs with allele frequencies that
are unusual in one sample relative to all others in the analysis (58),
it was not surprising that the majority of top (0.1%) candidate genes
(93%) occur in only a single population grouping (SI Appendix, Fig.
S10 and Dataset S1).
We next employed the integrated haplotype score [iHS; a

within-population statistic (54)] to identify relatively recent sig-
natures of selective sweeps within population groupings based
on extended haplotype homozygosity, and a cross-population
composite likelihood ratio test [XP-CLR; a between-population
statistic using the NC-west grouping as the reference population
(60)] to identify older signatures of adaptation and signatures
of selection from standing variation (genes near SNPs in the top
0.1% of the empirical distributions are shown in Datasets S2 and
S3 for iHS and XP-CLR, respectively). When we looked at the
degree to which top iHS and XP-CLR candidate genes were
shared across population groupings, we found that the majority
occur in only a single grouping (57% and 66%, respectively) (SI
Appendix, Figs. S11 and S12), and this prevalence of population-
specific signatures is significantly more than would expected to
occur by chance (bootstrap P < 1e-06).
As expected, we identified the MCM6 locus upstream of lactase

(LCT), which contains SNPs associated with regulating lactase
gene expression (61, 62) in the top 0.1% of candidate loci identi-
fied by all three tests in several pastoral population groupings:
Eastern-Cushitic, Beja, Datog, Southern-Nilotic, and Fulani (as
well as in populations that have experienced recent gene flow with
pastoralists). This result supports previous work demonstrating the
MCM6 region to have one of the strongest signals of adaptation in
East African pastoralists (62, 63), and validates the sensitivity of
our chosen methods for detecting adaptation.
In addition, we identified a number of immune-related can-

didate loci that show shared signatures of selection in several
population groupings. Seven of the 52 candidate loci identified

Fig. 3. Divergence time estimates. The maximum a posteriori estimates and
95% credible intervals for pairwise divergence time estimates are displayed
for each set of population samples. Estimates incorporated shared gene flow
with the Yoruba, Iraqw, and Dinka, representing NC, AA, and NS source
populations, and are color-coded as yellow, purple, and red, respectively.
The closed circles represent population combinations for which we believe
the included source population likely contributed migrants to either HG
population in the past.
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using iHS candidate genes that are present in many population
groupings (≥10) belong to the histocompatibility complex (HLA)
gene family, which is known to be critical to immune function
(64), and 14 of the 32 XP-CLR candidate genes that are present
in at least 10 population groupings belong to the Igκ chain vari-
able (IGKV) gene cluster, which is known to have been subjected
to positive selection in humans (65) (Fig. 4). Because many of the
adaptive candidate genes across the population groupings in the
study are involved in immune function, we more formally tested
for enrichment of gene ontology (GO) immune system process
terms (GO:0002376) (66). We found significant enrichment in all
three sets of results (Methods): XP-CLR (P < 10e-05), iHS (P <
10e-05), and D (P < 10e-05).
Given the significant enrichment of GO immune system pro-

cess genes in each set (XP-CLR, iHS, D) of adaptive candidate
loci pooled across population groupings, we were interested in
testing whether particular environmental variables have impacted
the degree to which immune function genes are overrepresented
in adaptive candidate genes among population groupings. Because
our study includes populations living in diverse environments with
a range of malaria endemicities and practicing a wide range of
subsistence strategies, we tested whether these two variables were
associated with immune function enrichment (Methods). We
found that the degree to which adaptive candidate genes identi-
fied with iHS (which is sensitive to the most recent signals of
adaptation relative to the D statistic and XP-CLR) are enriched
for immune function genes is significantly correlated with both
subsistence and malaria endemicity (R2 = 0.59, P = 0.021)
(Methods). This result is also significant for adaptive candidate
genes identified with the D statistic (R2 = 0.52, P = 0.038), but is
not significant for adaptive candidate genes identified with XP-
CLR (R2 = 0.29, P = 0.42). One possible explanation for the lack
of XP-CLR significance is that this test is more sensitive to older
adaptive signatures (60) that may predate the emergence of
malaria as a strong selective pressure in Africa.

Adaptive Signals Present Within Population Groupings. Given the
extent of population-specific signals of adaptation in the data, we
explored the genes near (within 100 kb) SNPs in the extreme tails
(top 100 loci) of the population-specific results in more detail
(Dataset S1). As noted above, many of the strongest signals

of population-specific adaptation are involved in immune
function (Table 1). These include genes involved in innate and
adaptive immune function, which have been shown to be im-
portant in resistance to malaria and other infectious diseases
(67–75). More specifically, we have identified genes involved in
the production and regulation of B and T cells (76–80), genes
involved in resistance to malaria and viral infections (including
HIV-1) (81–85), genes involved in resistance to bacterial infection
(86, 87), and genes involved in inflammatory response (88, 89).
We additionally observed significant pathway enrichment of in-
flammation mediated by chemokine and cytokine signaling in the
El Molo population grouping (SI Appendix, Table S3).
In addition, we observed candidate loci that may play a role in

adaptation to diverse diets and climates (Datasets S1–S3). For
example, the D and the XP-CLR statistics identified loci near
CISH and DOCK3 on chromosome 3, which are highly differ-
entiated in WRHG and were previously identified as targets of
selection and associated with stature in the same population,
thought to be an adaptation to a tropical environment (38). The
D and XP-CLR statistics identified a cluster of taste receptor loci
on chromosome 12, and XP-CLR identified the amylase gene
cluster, which plays a role in starch digestion (90), as targets of
selection in the WRHG. Additionally, several of the strongest
candidates for selection we identified encode proteins involved in
insulin resistance (91–95), hypoglycemia (96), lactate dehydroge-
nase B deficiency (97), as well as lipid metabolism, transfer, and
storage (98–100) (Table 1). Additionally, we observed significant
enrichment of the cholesterol biosynthesis pathway in the southern-
Nilotic population grouping living in Kenya, who are predominantly
pastoralists (SI Appendix, Table S3).
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Fig. 4. Signatures of selection shared among population groupings. These
shared signals among population groupings include candidate loci in the top
0.01% of the empirical distribution of each neutrality test statistic (D, iHS,
XP-CLR, respectively). The HLA and IGKV gene families are displayed along
the x axis for each neutrality test. The y axis displays the number of pop-
ulation groupings that share signatures of selection at these loci.

Table 1. Signatures of adaptation within population groupings

Biological role and locus Population grouping

Innate and adaptive immune function
MYLK Fulani
TRAF3 Amhara
IL6 Bulala
TRAF3IP2 Hadza
RAG2 Niger-Congo–east
NFX1 Eastern-Cushitic
IL2RA Sandawe
LGALS3 Elmolo
NCAM1 Bulala
MAVS Eastern-Cushitic
GAB2 Niger-Congo–east
ISCU Dinka
ICAM1 Bulala
CD46 Sabue
FCGR3A Southern-Nilotic
FCGR2B Southern-Nilotic
IFNGR1 Eastern-Cushitic
COLEC11 Ogiek
ORM1 Sabue
TFCP2 Ogiek

Digestion and metabolism
SLC2A10 Boni
PPARGC1A Iraqw
IDE Luo
PSMB9 Mada
ALMS1 Niger-Congo–west
FBP1 Amhara
LDHB Iraqw
PNPLA2 Yaaku
LPIN2 Hadza
PLTP Southern Nilotic

These include genes within 100 kb of candidate loci in the most extreme
100 D test statistic results.
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Discussion
In this study we have characterized genomic variation in sub-
Saharan populations representing a breadth of cultural and
geographic diversity. The results of the study support the influ-
ence of geographic proximity, as well as cultural affiliation (e.g.,
language and subsistence patterns), in defining the complex
relationships among populations. In particular, the Hadza, Sandawe,
Dahalo, and Sabue live relatively far apart from each other in
Tanzania, Kenya, and Ethiopia; however, we show that there is a
closer genetic relationship among these populations than would
be expected based on their geographic residences alone. They all
either currently, or until very recently, have employed hunting
and gathering as a primary subsistence strategy, and three of the
languages spoken by these populations contain click consonants.
Our results indicate that these HG populations, like the San and
rain forest HG, are not impoverished agriculturalists or pasto-
ralists who have lost their land or livestock; instead, they likely
have remained relatively isolated for an extended period of time
and have only come into contact with other populations in the
more recent past. On the other hand, other East African pop-
ulations who practice an HG lifestyle and speak AA or NS lan-
guages, appear to be genetically similar to neighboring non-HG
populations. This could either be due to the loss of domestication
or may reflect older ancestral subsistence patterns (20).
These relationships are consistent with a demographic history

in which structure among EHG populations emerged before the
Last Glacial Maximum (∼21 kya). This period has been identified
as one of increased aridity and reduced temperatures in East
Africa; these climatic conditions were accompanied by shifts in
vegetation, particularly reduced forest coverage (101, 102), and
these environmental changes are thought to have triggered human
dispersals into environmental refugia (103). Thus, we have uncovered
a connection among geographically disparate HG populations in
East Africa, consistent with a broad geographic distribution of
their ancestors in the late Pleistocene before 30 kya.
Our analysis of signals of positive selection in geographically

and ethnically diverse African population samples highlights the
degree to which recent, regionally restricted positive selection
has shaped patterns of variation in contemporary Africans. We
have identified candidate loci that may be targets of natural
selection; future in vitro and in vivo studies will be necessary to
determine functional impact. We found that the majority of
genes near SNPs showing the strongest signals of positive se-
lection occurred in only one of the population groupings in-
cluded in the analysis. This result is consistent with previous
work that found a minority of overlapping signals of adaptation
across continental groups (44–12%) (104). Because of the as-
certainment strategy used for the Illumina 1M-Duo SNP array—
common variants were prioritized, and these variants tend to be
older (arose before the out of Africa migration) and may exclude
population-specific SNPs—future studies based on high coverage
whole-genome sequencing are likely to uncover additional loci
that play a role in adaptation to diverse diets, climates, and in-
fectious diseases across sub-Saharan Africa. Given our results,
we argue that the common practice of using only one or a
handful of population samples to represent an entire continent is
inadequate, and this is especially true for sub-Saharan Africa,
which harbors the largest proportion of human genetic variation
relative to other regions across the world.
Our study includes populations living in highly diverse envi-

ronments, with variable pathogen exposure, and practicing a
wide range of subsistence strategies. Therefore, we were able to
explore whether this diversity has had an impact on the ways in
which adaptation has shaped variation in Africa. The loci that
were identified as putative targets of selection are significantly
enriched for genes that play a role in immune function. It is not
especially surprising that loci that play a role in response to in-
fectious disease have had such a large impact on variation among
African genomes, given that infectious disease mortality is one
of the strongest selective pressures identified in contemporary
populations (105). Additionally, we identified candidate adaptive

loci that play a role in cholesterol and glucose metabolism, taste
perception, and starch digestion, many of which are specific to
population groupings. Loci that may be adaptive in indigenous
environments could be associated with disease in urban envi-
ronments (106); therefore, it is critical to include diverse pop-
ulations in studies of human adaptation, especially when the
results have implications for human health and disease.

Conclusion
Human demographic history in Africa involves a complex tap-
estry of population movements, admixture, and adaptations to
diverse environments that have shaped the genomic landscape of
Africa. We have used patterns of genomic variation to investigate
the demographic history of HG populations living in East Africa,
demonstrating ancient common ancestry. Changes in environ-
ment and subsistence within Africa have resulted in novel and
distinct selective pressures. While these biological pressures ap-
pear consistent across African populations, the specific genetic
regions affected by selective pressures often vary across pop-
ulations. These combined results demonstrate the importance of
including ethnically diverse sub-Saharan African populations in
human genetic studies to improve our understanding of complex
population histories. Finally, these data demonstrate the critical
importance of including African populations in biomedical studies
to best encompass the full range of human diversity.

Methods
Sample Acquisition and Genotyping. Institutional Review Board approval for
this project was obtained from theUniversity ofMaryland at College Park and
the University of Pennsylvania. Written informed consent was obtained from
all participants and research/ethics approval and permits were obtained from
the following institutions before sample collection: COSTECH (the Tanzania
Commission for Science and Technology) and the National Institute of
Medical Research in Dar es Salaam, Tanzania; the Kenya Medical Research
Institute in Nairobi, Kenya; the University of Khartoum in Sudan; the Nigerian
Institute for Research and Pharmacological Development, Abuja, Nigeria; the
Ministry of Health andNational Committee of Ethics, Cameroon; theUniversity
of Addis Ababa and the Federal Democratic Republic of Ethiopia Ministry of
Science and Technology National Health Research Ethics Review Committee. A
total of 816 samples were genotyped on the Illumina 1M-Duo Bead Array SNP
chip. We removed individuals with <95% successfully genotyped SNPs. We
also removed related individuals as inferred by PLINK (π̂ > 0.25). A total of
697 individuals passed these filters; this sample was then merged with data
from Li et al. (23) and Henn et al. (107), resulting in 840 individuals with
genotypes available at ∼621,000 SNPs used for further analyses.

Principal Components Analysis. The smartpca program provided in EIGEN-
SOFT 4.2 was used to calculate principal components of the sample genotype
matrix of all 840 individuals at all SNPS; to account for LD, the regress option
of smartpca was utilized.

Bayesian Clustering. For analysis with STRUCTURE, the full complement of
SNPs was pruned to a smaller set of 20,000 SNPs using PLINK with the goal of
minimizing LD. The model was run at K values from two through nine; each
chain was run 10 times. Results from different runs were aligned using the
CLUMPP software; the modal configuration for ancestry was identified vi-
sually and presented using the DISTRUCT software. Haplotypes were phased
using the algorithm implemented in the BEAGLE 3.3.2 software suite (29).
We inferred phase and haplotype clusters using all SNPs and then reran the
k-allele STRUCTURE analysis with haplotype clusters at the same sites as with
the biallelic STRUCTURE analysis.

LD Decay and Ne. LD decay was calculated by sampling pairs of SNPs within
20 kbp of each other and calculating the genotypic correlation, which ap-
proximates r2. SNPs were placed into bins based on their distance: SNPs
0–1 kbp apart were placed into one bin; SNPs 1–2 kbp were placed into an-
other bin, and so forth. The r2 values of pairs of SNPs within bins were then
averaged to obtain E[r2]. The relationship between E[r2] and Ne derived by
Tenesa et al. (46) was used to estimate Ne via nonlinear least squares.

Population Tree. The FST statistic as defined by Weir (108) was implemented
in R and calculated for population samples with ≥10 individuals using the
same set of 20,000 SNPs used for STRUCTURE analysis. The NJ algorithm was
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used to estimate a population tree from pairwise distances between pop-
ulations. The pairwise distance employed between populations i and j was
defined as follows: tij =−2Ne′ logð1− FST Þ; here, Ne′ is the harmonic mean of
the Ne estimates for populations i and j, which helps mitigate the potential
for long-branch attraction due to bottlenecks or population expansions and
concomitant changes in allele frequencies. The bootstrap support of the tree
was estimate by resampling SNPs as well as individuals.

Identity-By-Descent. Haplotypes were phased using the algorithm imple-
mented in the BEAGLE 3.3.2 software suite. To infer IBD tracts between pairs
of individuals, we used the GERMLINE v2.2 software. The lengths and number
of IBD tracts between pairs of individuals were used to calculate a distance
based on the model of Huff et al. (109). A statistic FIBD, analogous to FST, was
calculated between populations by averaging the IBD-based distances be-
tween pairs of individuals within populations and between populations. The
NJ algorithm was used to reconstruct a population tree from the IBD-based
distance matrix.

Inference of Divergence Time. We employed the ABC approach to infer the
time of divergence between EHG populations; specifically, we used rejection
sampling with local linear regression adjustment (110). For simulations, we
utilized a realistic demographic model representative of four contemporary
populations: two EHG populations, an agriculturalist or pastoralist (A/P) pop-
ulation, and a non-African population. The parameters of the demographic
history of the A/P population and the non-African population were based on
previous results (111, 112). The unknown parameters in this model included
not only time of divergence, but also gene flow rates from the A/P population
to the two simulated EHG populations as well as EHG Ne, the population size
of the population ancestral to the EHG, and finally the population size of the
simulated ancestral African population. Each of these parameters was sampled
from our prior distributions. Gene flow from the population representing the
A/P was introduced into the EHG populations 100–200 generations in the past,
approximately the time populations in Neolithic populations in African began
expanding (8, 10). For the EHG population, likely sources of gene flow from
A/P population (i.e., representative NC, AA, or NS populations) were identified
from STRUCTURE results. We also fixed parameters regarding the evolution of
Ne in the A/P and non-African population. In addition, the A/P population
diverged from other populations 4,500 generations in the past and the non-
African population diverged 3,500 generations in the past. To simulate the
effect of SNP ascertainment bias, only SNPs with a frequency >5% in the non-
African population were retained from the simulated African populations
(113–115). In addition, we accounted for the ascertainment bias introduced by
choosing tag SNPs: we removed SNPs from analysis if they were in high LD (r2 >
0.70) with other SNPs in the simulated non-African population. The de-
mographic model was simulated using the coalescent framework (116); for
each simulation (10,000 replicates), a total of 200 regions, 50 kbp in length,
were generated. The mutation rate was fixed for each region (1.1 × 10−8

mutations per base pair per generation). The recombination rate was allowed
to vary; we matched the average local recombination rates in 200 randomly
selected 50-kbp regions in the deCode recombination map (117).

We constructed summary statistics using the approach of Fearnhead and
Prangle (45). We proposed an initial set of summary statistics S(Xsim) based
on the f2 distances between the EHG and between each and A/P population,
LD decay, and admixture LD decay (SI Appendix) (46, 50, 51, 118–120). We
simulated these summary statistics in a pilot stage of 10,000 simulations. We
estimated the functional relationship between each of the seven parameters
and corresponding summary statistics: that is, θp ∼ ĝp(S(Xsim)) using gradient
boosting machines, an ensemble method that constructs a functional ap-
proximation by iteratively combining regression trees while minimizing the
squared error with respect to the target function (121–125). We then ran a
second stage of simulations (10,000 replicates); summary statistics were
transformed using the functional approximations obtained by gradient
boosting machines in the pilot stage, ĝp(S(Xobs)). We used ABC with local
linear regression adjustment to draw samples from the posterior distribution
f(θ j ĝp(S(Xobs))).

Selection Scan Population Groupings. When we grouped two or more pop-
ulation samples, we used shared ethno-linguistic affiliations among the in-
cluded population samples to refer to these population groupings in the text
(SI Appendix, Table S2). In particular, we grouped the Gabra, Gurreh, and
Rendille into an eastern-Cushitic population grouping; the Baniamer and
Hadandawa into a Beja population grouping; the Cameroon Fulani, Nigeria
Fulani, and Mbororo Fulani into a Fulani population grouping; the Lemande,
Ngumba, southern Tikar, and Yoruba into an NC-west population grouping;
the Pare, Taita, and Taveta into an NC-east population grouping; the Pokot

and Sengwer into a southern-Nilotic population grouping; and the Aari and
Hamer into an Omotic population grouping. Because the Baka, Bakola, and
Bedzan are thought to have adopted languages that belong to the NC lan-
guage family, we refer to them as the WRHG grouping in place of linguistic
affiliation. All other ethno-linguistic populations are referred to individually.

Genome-Wide Tests of Neutrality. We utilized three complementary statistics
for identifying regions of the genome that deviate from neutral expectations:
the D statistic (58), XP-CLR (60), and the iHS (54). The D statistic leverages
information across all of the included population groupings so that the SNPs
with the most extreme values will have allele frequencies that are distinct
only in our reference population sample; this method therefore, is designed
to identify regions of the genome that are highly differentiated in one
population sample. XP-CLR leverages pairwise populations sample compar-
isons to identify regions of the genome that contain highly differentiated
regions of LD. XP-CLR has also been shown to be sensitive to selection from
standing variation. The iHS complements the other strategies by identifying
regions that contain extended haplotype homozygosity within a given
population, a classic signature of selective sweeps.

Following Akey and colleagues (58, 59), we calculated pairwise FST among
all of the 23 population groupings using the method described in Weir (108).
We then calculated the D statistic, and identified the top 0.1% of SNPs and
genes100 kb up and downstream as our candidate regions (to account for
regulatory SNPs that are typically within 100 kb of genes which they regu-
late; we refer to these as “candidate genes”) (Dataset S1).

We employed the (iHS) test of neutrality within each of the 23 groupings as
described previously (38). Briefly, we used the software package BEAGLE
v3.3.2 to infer phase (29), and we generated a fine-scale recombination map
relevant to the African populations with LDhat v2.1 (126). Individuals used
to generate the recombination map were 100 unrelated samples, 25 males
and 25 females, each from two populations in HapMap3 Release 2: the
Yoruba from Ibadan, Nigeria (YRI) and the Luhya from Webuye, Kenya
(LWK) (127). We estimated a genetic map in Morgan units of r from ρ = 4Ner
units using an Ne of 15,700, consistent with the estimation in Myers et al.
(128). We used genome-wide sequence data from several nonhuman pri-
mates (chimpanzee, orangutan, and rhesus macaque) downloaded from the
University of California, Santa Cruz Genome Browser website (129) to es-
tablish the ancestral allele for each of the SNPs included in our iHS analysis.
Approximately 5% of the SNPs in our data could not be assigned an un-
ambiguous ancestral state and were removed before our iHS analysis. In
addition, SNPs with minor allele frequencies less than 5% in population
samples were removed from the phased dataset used in the iHS analysis, in
agreement with other publications (e.g., ref. 54). Finally, we removed SNPs
containing missing data. The unstandardized scores returned by the iHS
binary executable were adjusted such that all scores had zero means and
unit variances with respect to SNPs with similar derived allele frequencies
(for iHS, as described in ref. 54). We considered all of the results (for iHS we
took the absolute values) in the top 0.1% of the distribution to be the top
candidates (Dataset S2).

We additionally performed XP-CLR because it has been shown to be robust
to ascertainment bias and because it has been shown to be sensitive to
detecting selection from standing variation (60). Using the recombination
map described above, we ran the XP-CLR software package (60) with 0.005-
cM sliding windows and a between-window distance of 5 kb. Previous work
has shown that many if not all of the included population groupings, have
experienced recent gene flow resulting from the Neolithic expansion of
peoples, technologies, and Bantu languages, often referred to as the Bantu
expansion (8, 18, 130). Therefore, we wanted to minimize the effects of this
gene flow on the XP-CLR results. Thus, in this analysis we used the NC-west
grouping as our comparison population for each of the other population
groupings to highlight regions of the genome that are unusually structured
between the NC-west agriculturalists and the other diverse population
groupings included in the study. We considered all of the results in the top
0.1% of the distribution to be the top candidates (Dataset S3).

Pathway Enrichment. We tested for significantly overrepresented Panther
biological pathways (131) in our top candidate regions for each of the three
genome-wide tests of neutrality. For each genome-wide scan of selection we
generated a list of genes [annotated with Biomart (132)] within 100 kb of a
top 0.1% SNP and tested whether this list contained more Panther pathway
genes that would be expected by chance using a χ2 test. We corrected the
pathway results for multiple testing with a Bonferroni correction. We used a
range of 100 kb because we were interested in retaining potential cis-
regulatory variants in our analysis.
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Bootstrap Analysis. To test the null hypothesis that the number of candidate
genes that are present among population groupings could be explained just
by chance, we randomly sampled 1,000 SNPs from our empirical data for
24 population groupings, including all genes 100 kb up and downstream of
the SNPs, and then quantified the overlap among population groupings. We
assessed the significance of this result with 1,000,000 bootstraps and found
that all bootstrap runs resulted in a minority (<34%) of candidate genes
occurring in a single population grouping (P < 1e-06).

Enrichment of GO Immune Function Genes. Given the prevalence of immune-
related genes in our top adaptive candidate genes, we more formally tested
whether this enrichment was statistically significant. We used the set of
immune system process terms (GO:0002376) defined by the GO website
(66), and tested for overrepresentation in each set of unique candidate
genes identified with a given statistic (XP-CLR, iHS, D) across population
groupings. We assessed statistical significance with 1,000,000 bootstrap
runs, all of which resulted in lower levels of enrichment than our empirical
results for candidate genes identified with each of the three statistics (XP-CLR,
iHS, D) (P < 1e-06).

We were also interested in any variability in the degree to which sets of
candidate genes were enriched for particular biological processes among

population groupings. For this analysis we tested whether environmental
variables (malaria endemicity and subsistence strategy) had any impact on the
degree towhich a given set of adaptive candidate genes identifiedwith a given
statistic (XP-CLR, iHS, D) in a given population was enriched for GO immune
system genes. We used linear modeling with the χ2 measure of enrichment as
our dependent variable and malaria endemicity (estimated from information
available through the Malaria Atlas Project, https://map.ox.ac.uk/) (133) and
subsistence strategy as our explanatory variables (χ2 ∼ malaria_endemicity +
subsistence_strategy + malaria_endemicity × subsistence_strategy). Because
the residuals of the linear model were not normally distributed, we boot-
strapped both malaria endemicity and subsistence strategy 1,000 times to
generate statistical significance.
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