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Whole-Exome Sequencing Reveals
Uncaptured Variation and Distinct Ancestry
in the Southern African Population of Botswana
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Large-scale, population-based genomic studies have provided a context for modern medical genetics. Among such studies, however, African populations have remained relatively underrepresented. The breadth of genetic diversity across the African continent argues for an
exploration of local genomic context to facilitate burgeoning disease mapping studies in Africa. We sought to characterize genetic variation and to assess population substructure within a cohort of HIV-positive children from Botswana—a Southern African country that is
regionally underrepresented in genomic databases. Using whole-exome sequencing data from 164 Batswana and comparisons with 150
similarly sequenced HIV-positive Ugandan children, we found that 13%–25% of variation observed among Batswana was not captured
by public databases. Uncaptured variants were significantly enriched (p ¼ 2.2 3 1016) for coding variants with minor allele frequencies
between 1% and 5% and included predicted-damaging non-synonymous variants. Among variants found in public databases, corresponding allele frequencies varied widely, with Botswana having significantly higher allele frequencies among rare (<1%) pathogenic
and damaging variants. Batswana clustered with other Southern African populations, but distinctly from 1000 Genomes African populations, and had limited evidence for admixture with extra-continental ancestries. We also observed a surprising lack of genetic substructure in Botswana, despite multiple tribal ethnicities and language groups, alongside a higher degree of relatedness than purported
founder populations from the 1000 Genomes project. Our observations reveal a complex, but distinct, ancestral history and genomic
architecture among Batswana and suggest that disease mapping within similar Southern African populations will require a deeper repository of genetic variation and allelic dependencies than presently exists.

Introduction
Genomic studies have played a crucial role in enhancing
knowledge of genetic variation between and within populations1 and have presented a new lens through which
to view the genetic basis of disease.1–3 Such surveys have
consistently indicated a broad genetic diversity and complex ancestry among African populations, characterized
by migration out of Africa and subsequent back migration,
leading to gene flow between and within both African and
non-African populations.3–9
Language and geographical distance have been shown
to have the strongest correlation with differences in
genetic variation between populations.4–6,9–12 For
instance, Bantu-speaking populations—the largest language grouping in sub-Saharan Africa—appear separate
from non-Bantu groups such as the Khoisan on principal

component and FST analysis and have been shown to
have differing levels of recent return-admixture events
within their genomes, particularly among coastal populations such as those in Kenya.3,6,7,9,11,13,14 Southern African
populations also separate from—and exhibit varying patterns of admixture when contrasted with—East and West
African populations.3,6,9–11,15 Despite this marked diversity in African populations, ascertainment bias in genotyping technologies and limited sampling have meant that
African populations remain vastly underrepresented and
poorly characterized at the genome level, a stark oversight
in an era of large-scale genomics.3,9,16
Genomic underrepresentation is particularly true of
Southern African populations,1,3,9,17 especially when
compared to populations from West and East Africa.1,18
This lack of data adversely impacts the interpretation of
medical genomic and disease association studies in
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Figure 1. Geographical Location of
Botswana in Africa
(A) The location of Botswana (gray-shaded)
on the African continent.
(B) The approximate regions within
Botswana where self-reported ethnicities
represented in the study are traditionally
located. Abbreviations: TUT, Bakalanga;
SHO, Shona; BOB, Babirwa; TSW, Batswapong; SER, Bangwato; KKRA, Bakgatla-BaKgafela; TLO, Batlokwa; MOL, Bakwena;
MMA, Bakgatla-Ba-Mmanaana; HUR, Bahurutshe; KAN, Bangwaketse; ROL, Barolong; RAM, Balete; BAB, Babolaongwe;
SHA, Bashaga; PHA, Baphaleng. Color
shades give the approximate population
density across the country. Regions marked
‘K’ and ‘R’ correspond to the primary concentrations of individuals belonging to
the K and R Guthrie groups.

these groups.2,3,19–21 The Southern African country of
Botswana provides such an example; it is one of several
Southern African countries occupying a large geographical
region of Africa, sharing its borders with Namibia,
Zimbabwe, Zambia, and South Africa (Figure 1). The people
of Botswana—collectively referred to as Batswana—represent an amalgam of populations from multiple ethnicities,
languages, and ancestry groups (Figure 1).22–26 Historically,
the southeastern and central areas of the country, which
include the capital Gaborone, were largely populated by
ethnic groups speaking Setswana, a term used to describe
a cluster of Sotho-Tswana-derived, and closely related,
Bantu languages.23 Migrant Southeastern and Western
Bantu groups interacted with Khoisan hunter-gatherers
and pastoralists along migration routes northward and
southward, respectively, into modern day Botswana.25–27
The Batswana thus share deep ancestral roots with established African ethnic groups; however, a subsequent history of cultural customs that included polygynous marriage, often-disputed patrilineal succession, and tribal
schisms22,24,28,29 and the potential admixture of Bantu
ancestry individuals with Khoisan30,31 and, to a limited
extent, Eurasian ancestry individuals22 means that the genetic ancestry among Batswana is difficult to extrapolate
from other African ethnic groups. Further complicating definitions of ethnic identity, anecdotal reports indicate that
ethnic determination among Batswana is defined on a
patrilineal basis, defaulting to the mother’s ethnicity for
births that occur out of wedlock. Notwithstanding the
aforementioned cultural complexities, previous genetic
surveys of Batswana have been limited to a small number
of geographically limited individuals, mainly of Khoisan
ancestry, and included only a handful of loci.30–32 Therefore, the broader genetic variation and substructure
among the Batswana remains largely undescribed.33
The Collaborative African Genomics Network (CAfGEN),
under the auspices of the Human Heredity and Health in
Africa (H3Africa) Consortium (Web Resources),34,35 has
among its primary goals the use of genomics to study pediatric HIV and TB disease progression in the sub-Saharan

countries of Uganda, Botswana, and, more recently,
Swaziland. The ability to utilize the wealth of genetic diversity within these countries to better understand phenotypic
variability in HIV and other prevalent diseases is highly
desirable;1,3,16 however, the present dearth of available
population-level genomic data30–32 makes attaining such
a goal challenging. Therefore, to fulfil the primary aims of
CAfGEN, we sought to provide a reference framework for
medically relevant genomics studies in our Southern African population of Botswana by characterizing genetic variation and assessing genetic substructure within our cohort.
We used whole-exome sequencing (WES),36 complemented in part by genome-wide SNP genotyping, from
164 pediatric HIV-affected case subjects from Botswana to
assess genetic variation and population substructure based
on self-reported ethnicity and Guthrie language groups.
WES is attractive for variant characterization in underrepresented populations37 due to its comparatively low cost,38 its
amenability to unbiased variant discovery, and the relative
ease of interpretation of the molecular impact of discovered
variants.39,40 We compared the frequency and burden of
rare variants within the Botswana population with data
from public databases and 150 pediatric CAfGEN case subjects from the East African country of Uganda—recruited
under the same protocol and sequenced on the same platform—and contextualized population-level variation and
admixture with publicly available datasets.

Subjects and Methods
Study Samples
Samples were collected as part of a study of pediatric HIV disease
progression within CAfGEN,35 and all participants were HIV
positive. The 164 Batswana participants were recruited through
the Botswana-Baylor Children’s Clinical Centre of Excellence—a
tertiary pediatric HIV referral center in Gaborone, the capital of
Botswana, which has the largest density of the country’s population of 2 million (Figure 1). The 150 Ugandan participants
were recruited at the Baylor College of Medicine Children’s
Foundation in Kampala, Uganda, under the same consent and
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protocol, and both cohort groups underwent the same genomic
studies at the same time (Table S1). Approvals for the study
were obtained from the institutional review boards of each of
the participating institutions in CAfGEN. Genetic variation
among the population of Uganda is well-represented among
the 2,000 samples from the African Genome Variation Project
(AGVP)3 and is more broadly proxied by the East African Luhya
in Webuye, Kenya (LWK) from the 1000 Genomes project;1 both
of these datasets are currently included among public databases.
For our analyses, therefore, the use of the Uganda dataset was
predominantly as a sequencing control to account for potential
differences in disease ascertainment and capture platform between the Botswana dataset and available public data.
Self-reported ethnicity data were recorded for all participants
and this was used to infer language group for each ethnic group
from Botswana using the Ethnologue website database (Web Resources) as per the Guthrie classification of Bantu languages.23
The 164 Botswana participants included 18 self-reported ethnicities and 8 Guthrie Bantu language classes (Table S2). More than
half of all Botswana participants self-reported belonging to ethnic
groups associated with the Tswana language, with most groups
falling into the Guthrie S-class of languages, which are associated
with the Southern Bantu; one participant self-reported as Herero,
which is associated with the Western Bantu.

DNA Processing and Sequencing
DNA was collected from whole blood after informed consent and
was quantified for quality control (QC) using a Thermo Scientific
NanoDrop 2000 and underwent Picogreen quantification on the
Tecan Genios Basic plate reader. Sequencing was undertaken at
the Baylor College of Medicine Human Genome Sequencing Center (HGSC). Paired-end 100 bp read libraries were prepared and
sequenced on an Illumina HiSeq 2500 machine after whole-exome
capture using the VCRome v.2.1 capture kit41 with an in-house
spike-in called Panel-Killer v.2 (PKv2) for 209 of the 314 samples.
The final batch of 105 Uganda samples was captured using
VCRome v.2.1 with a newer spike-in (PKv3). Both spike-in versions
are designed to capture low-coverage targets in VCRome v.2.1. At
least 96% of the bases targeted were covered at a depth >203 and
the sequences were aligned to the human genome reference build
37 using BWA-mem (v0.75).42 Filtered variants were then imported into Variant Tools v2.6.143 and were further annotated
using data within publicly available databases: 1000 Genomes,1
dbSNP (see Web Resources), Exome Aggregation Consortium
(ExAC),44 and ANNOVAR.45

Joint Calling of Sequence Data
Variants were jointly called across Botswana and Uganda samples
using the Genome Analysis Toolkit (GATK v.3.5.0) Haplotype
caller.46,47 Sequence variant quality was assessed using SnpEff
(v.4.22, build 2015-12-05)48 and VCFTools (v.01.1.12).49 Variants
were initially filtered to have a minimum depth of 103, Phred quality score > 30, and genotype quality score > 20; thereafter, we
removed variants with >5% missingness. A total of 600,965 highquality variants remained after QC and filtering, inclusive of
194,186 exonic variants. Variants utilized had a median of average
depth of 923 and transition/transversion (TiTv) ratios within expected ranges:38 2.49 for non-exonic variants and 3.10 for exonic
variants. In Uganda the median depth of sequencing coverage
per-sample was 723; similarly, TiTv ratios were within the expected
range: 2.56 for non-exonic variants and 3.11 for exonic variants.

Exon Definition and Coding Variant Annotation
To define exons for the WES data, we used Variant Tools (v.2.6.1) and
selected the UCSC KnownGene exon definition from the KnownGene database.50 Exonic data were then annotated on the basis of
exon coding sequence start and end sites as defined within the database. Additional annotation was conducted on the coding sequence
variants with the online version of the Variant Effect Predictor
(VEP) tool (Ensembl GRCh37 release 88),51 using the following
parameters: exon and exon position defined; biotype defined;
APPRIS, which accounts for alternative splicing; Consensus Coding
Sequence identifier; Condel,52 which is a consensus score of deleteriousness from SIFT53 and PolyPhen-2;54 and canonical transcripts.
Annotations were then visualized with R package ggplot2 v.2.1055
within the R statistical software v.3.2.4 (see Web Resources). Uncaptured low-frequency variants were selected using Variant Tools and
annotated using VEP (Ensembl GRCh37 release 88).

BeadChip Microarray Genotyping
Concurrently with exome sequencing, samples from both populations were also genotyped for quality control using the Illumina
HumanCoreExome-24 BeadChip kit v.1.0, which has 547,644
markers of which 265,919 are exonic. There was at least 90%
self-concordance in variant genotype calls between sequencing
and array platforms in both country cohorts, which was the minimum self-concordance ratio QC threshold. SNP genotyping quality control was performed using PLINK v.1.90b3.36.56 No samples
were excluded on the basis of excessive heterozygosity, which had
been defined as samples exceeding 5 standard deviations of
the mean heterozygosity. A set of independent SNPs for ancestry
inference was obtained using linkage disequilibrium (LD)-based
pruning (r2 > 0.2) and variants out of Hardy-Weinberg equilibrium (p < 0.0001) and samples with close familial relationship
(PI_HAT > 0.1), limited to one of a pair of sisters (with
PI_HAT > 0.5) from Botswana, were removed prior to analysis.

Principal Component Analysis
Principal component analyses (PCA) were used to distinguish
cohort individuals among global populations represented in publicly available data. Data were merged with 1000 Genomes phase
3 data for 2,504 individuals, representing 5 continental ancestries, as well as genotyping and sequence data from the AGVP
for 86 Sotho and 100 Zulu individuals, respectively. Shared
markers between Batswana and 1000 Genomes populations
were identified and extracted using Variant Tools (v.2.6.1)43 and
the resulting variants were exported to PLINK57 v.1.9 to subset
the datasets to the shared markers. QC was undertaken for each
population before merging the datasets. Retained markers had a
minor allele frequency (MAF) > 0.05, passed the Hardy-Weinberg
equilibrium test at a p value of 0.0001, and were deemed independent on the basis of pairwise LD pruning using a window
of 1,000 base pairs advanced by 100 SNPs at a time and an
r-squared coefficient of 0.2 (see Table S4). The median PI_HAT, assessed in PLINK, for the Sotho and Zulu datasets were 0 and
0.0136, respectively, with no pair of individuals above a PI_HAT
value of 0.1. Plots were then visualized with R package ggplot2
v.2.1055 within the R statistical software v.3.2.4. Comparisons
of the Botswana cohort with close African populations was undertaken after excluding Afro-Caribbean in Barbados (ACB) and
the African American in Southwest USA (ASW) individuals from
the 1000 Genomes African populations and retaining the Sotho
and Zulu AGVP populations.
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Substructure Analysis within the Botswana Population
(Batswana)
To assess substructure within the Botswana cohort, we followed the
same QC pipeline as the PCA analysis. Independent autosomal
markers pruned by LD (r-squared coefficient of 0.2) in windows
of 1,000 base pairs advanced 100 SNPs at a time were used for the
analysis with the SNPRelate v.1.2.0 package58 in R v.3.2.4.
Botswana ethnic groups were defined per their self-reported ethnicities. The Guthrie classification of Bantu languages was used to infer
language associated with the self-reported ancestry to have a secondary definition of ethnic groups23 (see Ethnologue website).

Weir and Cockerham’s Fst
Differentiation between the Botswana and the 1000 Genomes
phase 3 populations using Weir and Cockerham’s fixation index
estimator was assessed with the SNPRelate v.1.2.0 package58
in R v.3.2.4. Only biallelic autosomal SNPs that were shared
between the Botswana population and the reference dataset
(1000 Genomes) were used for this analysis. We used the default
Weir and Cockerham 84 estimator option to run the analysis.

Admixture Analysis
ADMIXTURE v.1.3.0 (see Web Resources) was used to estimate
ancestral clusters within the cohort given the potential of genetic
admixture between the African, Khoisan, Asian, and European ancestries that are present within the population of Botswana. This
software models K, the number of ancestral populations that
best represent the data in the model. We used the default cross
validation parameters for determining the best estimate of K using
the 5-fold cross validation settings. We assessed structure between
Batswana and African populations in the 1000 Genomes project
and two Southern African populations from the African Genome
Variation Project (AGVP) (Sotho and Zulu). The input was
26,763 WES autosomal markers at the default cross validation
parameter. The estimation was from K ¼ 1 to K ¼ 8 and the CV error estimation minimized at K ¼ 3. Markers were pruned for LD in
PLINK57 using a window of 50 SNPs advanced by 5 SNPs at a time
and an r-squared coefficient of 0.2. Plots were visualized with the
web tool Pophelper v.1.1.10.59 We then assessed potential admixture within the Batswana using another unsupervised clustering
model based on African, Asian, and European data from the
1000 Genomes using default parameters.

Comparison of Pathogenic Variants between Botswana
and ExAC AFR Samples
The allele frequencies of pathogenic variants among Botswana
samples were compared with that of samples in the Exome Aggregation Consortium (ExAC; Web Resources) denoted as ‘‘African’’
(AFR). To classify the pathogenic variants, we first filtered all variants found in Botswana samples with MAF > 5% in any super-population in 1000 Genomes, ExAC, or Exome Sequencing Project
(ESP). After removing common variants, a variant was classified
as pathogenic if it was annotated as ‘‘Pathogenic’’ in HGMD60
(version March 2014) or ‘‘Disease-causing mutation’’ (DM) in
Clinvar61 (version September 2017). In total, 485 pathogenic variants were discovered in 164 Botswana samples, of which 64 were
not captured among African samples in ExAC (n ¼ 5,203). The
number of captured pathogenic variants in the rare (with ExAC
AFR allele frequency f < 0.1%), low frequency (0.1% < f < 1%),
and intermediate frequency (1% < f < 5%) ranges were 67, 183,
and 171, respectively.

Identical-by-Descent (IBD) and Inbreeding Analyses
To assess IBD across populations, variant call format (vcf.) files
for each population were intersected with the target region bed
files using BEDTools62 v.2.16.2. Only autosomes were used in
this analysis. Phasing information was removed from vcf.
files of the 1000 Genomes Phase 3 populations, and each
population under study was then phased using Beagle63 4.1
with default burn-in iterations and 15 phasing iterations. In the
subsequent stage, 15 independent runs of the Beagle64 4.1 IBD
calling algorithm were executed on the phased target region
data. For each of the runs, a random seed was generated between
1 and 10,000. We limited the IBD length to a minimum of
3 cM in each run to reduce the effects of incorrect phasing and
genotyping errors in IBD length estimation. Beagle’s utilities
tool ibdmerge was used to combine the output of the 15 Beagle
IBD runs. To normalize the population-wide IBD length comparisons for differences in the sample sizes of each population,
we used the normalization factor employed by Nakatsuka
et al.,65 in which the sum of all the IBD segment lengths in a population are divided by (2nC2)-n, where n is the sample size.
VCFTools (v.0.1.12) was used to compute the sample wise
inbreeding coefficients and LROH (long runs of homozygosity)
analysis.

Correlation between Variant Classification and African
Ancestry
To determine the correlation between Southern African admixture and the number of variants classified as pathogenic and/or
deleterious in each of the Botswana samples, we used the classification criteria of Kessler et al.66 Specifically, among 202,547
exonic variants called in 164 Botswana samples, we filtered
17,292 (8.5%) common variants (MAF > 5% in any super-population in 1000 Genomes, ExAC, and ESP) in genes related to diseases as reported in HGMD60 (version March 2014) and Clinvar61
(version September 2017). For variants not in these genes, we first
filtered 10,982 (5.4%) variants that were not protein changing or
RNA splicing from gene-based annotations (refGene, knownGene, ensGene) using Annovar (July 2017) and then further
filtered 59,246 (29%) common variants with MAF > 2%. Variants
passing the above filters were further classified as ‘‘pathogenic’’ if
they were annotated ‘‘Pathogenic’’ in HGMD60 or ‘‘Diseasecausing mutation’’ in Clinvar,61 and as ‘‘deleterious’’ if they
were predicted as deleterious among at least 2 of 11 in silico predictors or if they were nonsense or splicing variants. We found
308 (0.15%) variants classified as pathogenic and deleterious
(PAV), 223 (0.11%) pathogenic but non-deleterious (PAV Nondel.), 21,405 (11%) non-pathogenic but deleterious (NAV Del.),
and 93,091 (46%) non-pathogenic and non-deleterious variants
(NAV Non-Del.). We evaluated the correlation between the number of variants belonging to each classification in each Botswana
samples with the proportion of Southern African ancestry estimated using ADMIXTURE with K ¼ 2, which was the optimal
cross-validation for number of sub-populations within the
Botswana cohort.

Statistical Comparisons
The prop.test() function in R, which uses a chi-square test with a
continuity correction, was used to test whether the proportion
of ExAC uncaptured low-frequency variants were significantly
different between the two CAfGEN groups. The cut-off for significance was set at 0.05.
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Results
Uncaptured Low-Frequency Variation Is Characteristic
of the Botswana Population
We observed that between 15% and 25% of sequence variants observed among Batswana were not represented in
dbSNP141 (15.9%) or 1000 Genomes phase 3 (25.1%).
By comparison, in the Uganda cohort, sequenced on
the same platform, the proportion of uncaptured variants
was smaller, particularly in the 1000 Genomes database
(13.1% not in dbSNP; 12.4% not in 1000 Genomes); this
presumably reflects the better overall representation of
African genomes in dbSNP than 1000 Genomes and the
comparatively better representation of East African versus
Southern African variation in both databases. Among
these uncaptured variants (n ¼ 312,920), 2.6% were common (with MAF > 5%) and the majority (n ¼ 257,562;
82.3%) were non-coding. Among the 194,186 coding
variants in Batswana, 191,758 overlapped UCSC
KnownGene50 and ENSMBL51 exon definitions, of which
19.0% (n ¼ 36,432) were not represented within dbSNP
141 and approximately a quarter (26.6%; n ¼ 50,955)
were not observed in 1000 Genomes phase 3 (Table S3).
When we compared our coding SNVs with those in the
larger Exome Aggregation Consortium (ExAC) database,
16.7% of variants (n ¼ 32,077) were not observed and the
majority of these were rare, often singleton, SNVs; however,
in Botswana 19.6% (n ¼ 6,294) of ExAC uncaptured SNVs
had minor allele frequencies between 1% and 5% (which
we refer to as low-frequency variants); this was significantly
more than that observed in Uganda (9.1%; n ¼ 2,330; c2 p <
2.2 3 1016) and vastly different than the comparable proportions of captured variants (database variants found in
cohort datasets) in the two countries (Figures 2A and 2B).
More than half of these uncaptured, low-frequency, coding variants were either missense or putative loss-of-function (LOF; splice variants, stop-gains, stop-losses, frameshifts) variants (Figure 2C) and the majority were unique
to Botswana (Figure 2D). Of the 2,458 uncaptured, missense,
or putative LOF variants in Botswana, 193 (7.8%) were
predicted to be both deleterious and probably/possibly
damaging by SIFT53 and PolyPhen-2,54 respectively. Lowfrequency putative LOF or predicted-damaging missense
variants were found in 184 unique genes, of which 45
(24%) are associated with a known Mendelian phenotype,
including PYGM and PHKG2 (glycogen storage disease
types V and IX [MIM: 232600 and 613027]) and TGM6
(spinocerebellar ataxia, type 35 [MIM: 613908]) (Table S5).
The majority of remaining genes were not associated with
known human disease phenotypes.
When we focused on overlapping variation—SNVs
observed in both public references and in our data—putative LOF variants among Batswana showed a similar pattern
to uncaptured LOF variants: 44% were non-singleton, with
one-quarter (25.2%) of these being observed in more than
three individuals (Figure S1). In fact, when we compared
the allele frequencies of uncommon (MAF < 5%) variants

between two datasets, we found that while the allele frequencies were concordant between two datasets for
MAF1%, for rare predicted-pathogenic variants with
MAF < 0.1% (mean allele frequency f ¼ 0.034%) in ExAC
AFR populations, the allele frequencies in Botswana samples
were significantly elevated (mean f ¼ 0.51%, p ¼ 1.24 3
1029) (Figure 2E). Across the full range of MAFs observed
among ExAC ‘‘African’’ groups, the Botswana cohort also exhibited a broad range of corresponding MAFs (Figure 2F); for
instance, among ExAC variants reported as rare (MAF < 1%)
in African groups, 1.2% (n ¼ 1,924) had a MAF > 5% in
Botswana, whereas only 0.4% (n ¼ 692) had MAF > 5% in
Uganda (p < 2.2 3 1016).
The Population of Botswana Illustrates Regional
Distinctions among African Populations
Next, we sought to place the genetic variation observed in
the Botswana cohort within the context of other global
populations. Using common markers (MAF > 0.05) shared
with 1000 Genomes phase 3 data as well as Sotho genotyping and Zulu sequence data from the African Genome
Variation Project (AGVP), the Botswana population was
found to cluster closely with the other African populations
on principal components 1 and 2 (Figure 3A). When we
focused on solely African populations in 1000 Genomes
phase 3, however, the Botswana cohort and the other
Southern African populations clearly separated from
West and East African populations on principal component 1 (Figure 3B). Additionally, when we focused on the
Southern African populations alone, we found that
Botswana clustered separately from Zulu, with the Sotho
being intermediate between the two (Figure 3C). Quantitative assessments of inter-population genetic distance using
Weir and Cockerham’s fixation index (FST) confirmed these
observations, with higher FST values being observed
between Botswana and 1000 Genomes non-African populations than between Botswana and other African populations (Figure S2).
Given the complex historical ancestry of the Batswana
and the apparent genetic isolation in comparison with
East and West African populations, we then assessed evidence of structure between our cohort and populations
represented in 1000 Genomes under a maximum likelihood-based model using ADMIXTURE v.1.3.0 (see Subjects
and Methods). Using 501,963 WES autosomal markers, we
compared West African, East African, and Southern African
population groups (Figure 4) from 1000 Genomes and
AGVP. This cross-validation error for the model was minimized at K ¼ 3 (see Subjects and Methods), with clusters
K2 and K3 separating the populations into West and
East, with Batswana and the other Southern African populations appearing closer to the East African Luhya (LWK)
population. Cluster K4 distinguished West African populations and at cluster K5 Batswana and the other Southern
African populations had a component distinct from both
the LWK and the West African populations. Cluster K6
demonstrated the higher level of sub-structure within the
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Figure 2. Genetic Variation within the CAfGEN Cohorts
(A) CAfGEN coding variant representation captured within public databases.
(B) CAfGEN coding variation uncaptured in public databases. Abbreviations: dbSNP, Database of Single Nucleotide Polymorphisms;
TGEN, 1000 Genomes phase3.
(C) Annotation of uncaptured low-frequency variants (minor allele frequency [MAF] 0.01–0.05) within Botswana and Uganda populations. Abbreviations: LOF, putative loss-of-function; non-FS indels, non-frameshifting insert-deletions; non-synon SNV, non-synonymous single-nucleotide variants.
(D) Overlap of uncaptured low-frequency variants in Botswana (BOT_lowfrq) and all exonic variants in Uganda (UGA_exonic).
(E) Comparison of allele frequencies of ClinVar and HGMD pathogenic and damaging variants among Batswana versus ExAC Africans
(AFR). Red bars represent the mean (central point) 5 3 standard deviations (whiskers) for allele frequencies of all Botswana pathogenic
variants in each ExAC AFR frequency (x-axis) bin range (<0.001, 0.001–0.009, 0.01–0.05).
(F) Violin plot showing minor allele frequencies of ExAC African (AFR) variants (x axis) among Botswana (y axis). The median allele frequency is shown as a white circle, with the 25th and 75th centiles as black bars, and the 5th and 95th centiles as whiskers.

Southern African populations with respect to their West
African and East African counterparts from 1000 Genomes;
this highlights the level of structure that exists between
our populations and the reference populations found
within databases. When we included non-African ancestral groups (European, South Asian, and East Asian populations) in the model, we observed minimal Eurasian
ancestral components within the Botswana population,
suggesting minimal admixture between our cohort and
these population groups (Figure S3).
Batswana Show Minimal Population Stratification, but a
High Degree of Relatedness
We then assessed substructure within the Botswana population based on self-reported ethnicity and Guthrie
language. Somewhat surprisingly, given strong self-identification of ethnic affiliations within the country, the
resulting PCA plot showed little evidence for genetic sub-

structure within the Botswana population on the first
two principal components (PCs) (1.56% of variance;
Figure 5A). Self-reported ethnicities were distributed in a
cline along PC1 with non-Sotho-Tswana groups at the
edges. When we repeated this analysis using the language
associated with individuals’ self-reported ancestry, there
were again no easily distinguishable clusters (Figure S4A);
the majority of individuals clustered on a cline along
principal component 2, with individuals that speak Kalanga (a non-Sotho-Tswana language) tending toward the
extremes of the cline, which was consistent with expectations based on self-reported ethnicity.
Given the lack of substructure within Botswana, we proceeded to assess segments of the genome shared identicalby-descent (IBD) using the exome data from our two
cohorts. Consistent with the PCA analyses, we did not
find evidence of stratification within Botswana using IBD;
however, when we considered the degree of pairwise IBD
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Figure 3. Principal Component Analysis of Batswana, 1000 Genomes, and Southern African Populations
(A) Botswana in the context of global 1000 Genomes and AGVP populations using common (MAF > 0.05) shared biallelic autosomal
markers. Each symbol is an individual.
(B) Analysis of ‘‘African Populations’’ shows separation of Southern African populations from East and West African groups.
(C) ‘‘Southern African Populations’’ analysis was restricted to Batswana, Sotho, and Zulu (AGVP) and shows separation between the three
groups with partial overlap of individuals at the margins of these clusters.
Abbreviations: BOT, Batswana; SOT, Sotho; ZUL, Zulu; AFR, African; AMR, Admixed American; EAS, East Asian; EUR, European; the number of individuals sampled follows the underscore (_).

sharing among Botswana samples alongside our Uganda
cohort and the Finnish population from phase 3 of the
1000 Genomes project (FIN), we found that Botswana had
the longest shared IBD tracks (total and normalized IBD
lengths of 8.84 3 1010 and 1.65 3 106, respectively) of the
three populations, with Uganda also having longer normalized shared segment lengths (total 3.01 3 1010 and mean
6.74 3 105) than the purportedly founder Finnish population of 1000 Genomes (total 8.30 3 109 and mean 4.28 3
105) (Figure 5B). Even after normalizing for sample size
(Subjects and Methods), IBD sharing in Botswana was still
4–5 times higher than that in FIN and was substantially
greater than among the PUR, CLM, FIN, and LWK populations from 1000 Genomes (Figure 5C), which are known
to have among the smallest effective population sizes
among 1000 Genomes populations1 (see Web Resources
for IBD). IBD sharing in Uganda was closest to the CLM population, but was still greater than FIN.

To assess the possible contribution of consanguinity and
inbreeding to these results, we also calculated the samplewise inbreeding coefficient for the populations used in
Figure 5C; however, we did not observe significant differences in sample-wise inbreeding coefficients (Figure S4B),
and analysis of runs of homozygosity did not demonstrate
any extended segments in the Botswana population. These
results suggest that both of our HIV-positive pediatric cohorts, but Botswana in particular, have a smaller effective
population size than African populations currently represented in 1000 Genomes.

Discussion
We provide data derived from high-depth sequencing
coverage of the coding regions of a Southern African
population, sampling more than 160 individuals (>320
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Figure 4. Admixture Analysis of Botswana and African Populations
The x axis shows the populations that were included in the ADMIXTURE unsupervised clustering maximum likelihood model. The
width of each column represents the number of individuals within the listed population. Each row is independent of the other rows
and the colors reflect the different genomic proportions that are derived from the African populations included in the model. The
y axis represents a proportion ranging from 0 to 1. More uniform color within a given column suggests a genome composed of fewer
contributing components, while increased color suggests an individual genome made up of multiple components from the surveyed
populations. Abbreviations: GWD, Gambians in the Western Divisions of the Gambia; MSL, Mende in Sierra Leone; YRI, Yoruba in
Nigeria; ESN, Esan in Nigeria; BOT, Batswana; SOT, Sotho from the African Genome Variation Project; ZUL, Zulu from the African
Genome Variation Project.

chromosomes). In contrast to previous surveys of genetic
variation from the region, which have often utilized smaller
sample sizes and relatively isolated population groups, we
evaluated individuals from a highly populous urban center
and utilized exome-wide sequencing data;10,13,67 this afforded us a view of uncaptured and rare variation that was
not evident from previous characterizations.
Our Botswana population was found to harbor a significant proportion of variants that are not represented in
public databases, and among variants that are represented,
there are wide discrepancies with respect to minor allele
frequencies. These observations present practical lessons
for disease mapping efforts in Africans. Both rare-variant
enrichment models (in which disease variants are expected
to be relatively rare in the population but highly enriched
among individuals at the extremes of disease68) and Mendelian disease mapping (in which very rare or novel variation is associated with causal variation) rely upon allele
frequencies observed in large public databases1,18,20,69–71
to define ‘‘rare’’ or ‘‘novel.’’ Our study suggests that identifying and interpreting such variants in exomes of individuals with African, and particularly Southern African and
Botswana, ancestry using current iterations of available
public databases will be challenging;1 however, viewed in
the context of our population-level sequence data, many
of the uncaptured variants occurred at frequencies that
would make them less likely to be considered ‘‘damaging’’
or ‘‘deleterious.’’ Further, among captured variants, several
uncommon, putatively damaging variants in ClinVar61
and HGMD60 were found to have an appreciably higher

MAF in Botswana, making their pathogenicity more suspect, at least under a dominant mode of inheritance.
African ancestry has been shown to be positively correlated with the number of damaging variants identified
in a given individual over most variant classes except
predicted-deleterious variants annotated as pathogenic.66
We observed the same trend in our data (Subjects and
Methods): significant correlation between Southern African admixture proportion and the number of neutral variants in the genome (r ¼ 0.831, p ¼ 6.21 3 1043 for nonpathogenic, non-deleterious variants (NAV Non-del.) and
r ¼ 0.689, p ¼ 2.72 3 1024 for NAV Deleterious) and no
significant correlation with the number of damaging
variants (r ¼ 0.038, p ¼ 0.631 for pathogenic deleterious
variants (PAV Del). and r ¼ 0.055, p ¼ 0.484 for PAV
Non-deleterious) (Figure S5). Thus, at an individual exome
level, current clinical filtering procedures will still result in
multiple candidate variants to be reviewed and validated in
persons of Southern African ancestry. These results bolster
the assertion that the discovery of medically relevant genetic variants in African populations will likely require
sequenced-based characterization of genetic variation in
the respective, relevant populations.17,20,37,70
The successful mapping of complex disease traits over
the past decade has exploited linkage disequilibriumderived haplotype proxies to provide genome-wide
coverage using common variants. Given more disparate
patterns of LD among African populations, the more common uncaptured variants identified here are unlikely to be
well represented on genotyping assays designed using

738 The American Journal of Human Genetics 102, 731–743, May 3, 2018

Figure 5. Population Stratification and IBD in the Botswana Population
(A) PCA analysis of Botswana population; each point indicates an individual defined by their self-reported ancestry.
(B) Mean length of pairwise IBD segments shared within Botswana, 1000 Genomes phase 3 FIN, and the Uganda populations. Each dot
represents a pairwise IBD comparison between two individuals; scale has been normalized to the same value (based on FIN) for all the
plots.
(C) Aggregate IBD sharing normalized by population sample size for 1000 Genomes populations (PUR, Puerto Ricans from Puerto Rico;
LWK, Luhya in Webuye, Kenya; CLM, Colombians from Medellin, Colombia; FIN, Finnish in Finland; YRI, Yoruba in Ibadan, Nigeria)
and CAfGEN populations (Botswana and Uganda). YRI populations serve as a control for low IBD sharing, as they have the largest effective population size among African populations in 1000 Genomes.

non-African populations, and the widely varying allele
frequencies of common variants in our cohorts compared
to public databases suggest that imputation of variants
in Botswana may also be sub-optimal. Much has been
recently made of the ‘‘genomic gap’’ between genomewide studies among African (and other underrepresented)
populations versus that in European groups.72–74 Our results suggest that redressing this gap will require additional
investments in under-studied, high-yield populations in
order to ascertain variant markers within representative
populations.3,9,16,17,20,70 Ongoing efforts to produce representative genotyping platforms aimed at African34 and
African ancestry75,76 populations are thus laudable and
auger well for maximizing disease-variant genetic mapping
within Africa and the wider genomics community.
The tremendous ethnic diversity within African countries is typically cited as a hindrance for conducting
genomic studies within Africa,77 as the potential for population stratification creates a challenge for adequately
powering association studies.78,79 By contrast, we observed
minimal evidence for substructure in our Botswana cohort,
despite multiple self-reported language groups and ethnicities; this suggests that conducting traditional genomewide association studies (GWASs) within the Botswana
population will be feasible even with more modest sample
sizes. This lack of substructure is likely to reflect, in

part, the complex social ancestry of the country, which
includes a shared history of succession breakaways and
intermarriage, particularly between Sotho-Tswana ethnic
groups,22,24,25,28 along with historical, political, and
cultural practices of assimilating large groups from
different Bantu language clusters under a single umbrella
ethnicity.26,80 For example, the Balete, despite their large
size and Nguni origins, were assimilated26 into SothoTswana groups and now speak Tswana, which is a different
language group from the Nguni Bantu language they spoke
prior to their assimilation. The presence of non-Tswanaspeaking ethnicities at the margins of the clines observed
in our data may thus represent the remnants of past Sotho-Tswana endogamy.22,24 These anthropological groups
have since merged within modern-day Gaborone, a populous, urban city in which current marriage and mating
practices17 mean that self-reported ethnic affiliations are
more social constructs than reflective of the highly stratified genetic ancestry found in more rural Botswana.33
This separates our work from previous genetic surveys.
In fact, compared to other African populations, Batswana not only clustered distinctly from—and showed little evidence of admixture with—East and West African
population genomes, but also had a much higher degree
of relatedness than even known founder populations.
This relatedness is likely to be a major factor contributing
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to the significantly higher number of low-frequency variants observed in our cohort. Despite this, the data provided
little evidence for excessive inbreeding; therefore, we
postulate that demographic events and genetic drift are
the main contributors to the distinctiveness of the
Botswana cohort.31 As noted above, our cohort included
a large number of Southern Bantu, whose migration patterns,11 shared history,22,26,27,81 and assimilation of other
ethnic groups11,17,24 following their split from East and
West African Bantu populations are likely to have contributed to the distinct Batswana ancestry. In addition, at its
height in the mid 1990s, HIV prevalence in Botswana for
the general population was close to 25% and closer to
40% in pregnant women (UNAIDS in Web Resources).
Given the high mortality rate of HIV before the widespread
use of antiretroviral therapy (ART), it is possible that
the excessive lengths of the genome found to be IBD in
this childhood cohort are the consequence of the HIV
epidemic, with the effects of this population drift being
more manifest in the relatively small population of
Botswana (2 million) than in the large population of
Uganda (40 million), even though HIV levels were higher
in Uganda at the peak of the epidemic. Irrespective of the
underlying factors driving this particular observation, the
resulting extensive shared segments would be expected,
paradoxically, to make disease mapping in Botswana
significantly easier than in other African populations.
The clinical center in Botswana is the largest regional pediatric HIV referral center in the country; however, our
local ascertainment meant that we did not have any participants from the genetically isolated Khoisan people6,30,31
(who were also not represented in our ADMIXTURE analysis) or Western Bantu related ethnicities—both more
populous in the western and northern regions of the country (Figure 1).23 It is still plausible, however, that admixture
with the Khoisan also contributes to the relative distinctness of the Botswana population10,13,17,30 and that wider
sampling of the population would reveal still greater isolation. Although our population is biased by HIV status,
infection with HIV is known to cut across all strata of the
population in Botswana; we thus do not expect our overall
results to differ significantly if our study was conducted in
a non-HIV-positive cohort. To the best of our knowledge,
there is no other currently available similar sequence
data from Botswana to provide further context for our findings, and we note that these observations were also unique
with respect to our similarly recruited pediatric HIV cohort
from Uganda.
The genetic architecture of the Botswana population
described here underscores the complex ancestry of Southern African populations and reinforces recent suggestions
that reliance on ethnic, tribal, or language group labels as
indicators of study feasibility may be overstated, particularly among urban African populations.17 As one of the
first large-scale deep-sequencing studies in sub-Saharan Africa, our results also emphasize the need to characterize
fine-scale genome variation among underrepresented Afri-

can populations; this is imperative to better facilitate
Mendelian and complex-trait mapping among those who
harbor a significant burden of global disease. Doing so
promises to both uncover the allelic architecture needed
to interpret genomic studies on the continent and provide
a deeper understanding of population movements that are
fundamental to human history.
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Rueda, A., et al. (2016). 267 Spanish exomes reveal population-specific differences in disease-related genetic variation.
Mol. Biol. Evol. 33, 1205–1218.
Chapman, S.J., and Hill, A.V. (2012). Human genetic susceptibility to infectious disease. Nat. Rev. Genet. 13, 175–188.
Sillery, A. (1974). Botswana: A Short Political History, A.H.M.
Kirk-Greene, ed. (Bungay: Methuen & Co Ltd).
Batibo, H.M. (1998). A lexicostatistical survey of the Bantu
language of Botswana. S. Afr. J. Afr. Lang. 18, 22–28.
Tlou, T. (1998). The nature of Batswana states: towards a theory of Botswana traditional government - the Batawana case.
In Botswana: Politics and Society, W.A. Edge and M.H. Lekorwe, eds. (Pretoria: J.L van Schaik), p. 22.
Gulbrandsen, Ø. (1993). The rise of the North-Western
Tswana kingdoms: on the dynamics of interaction between
internal relations and external forces. Africa 63, 550–582.
Schapera, I., Comaroff, J., and Kuper, A. (1953). The Tswana,
D. Forde, ed. (Plymoth: Clarke, Doble & Brendon).
van Waarden, C. (1998). The Late Iron Age. In Ditswammung,
the Archeology of Botswana, P. Lane, A. Reid, and A. Segobye,
eds. (Gaborone: Pula Press), pp. 115–160.
Ngcongo, L.D. (1978). Origins of the Tswana (Gaborone).
Matemba, Y.H. (2003). The pre-colonial political history of
Bakgatla ba ga Mmanaana of Botswana, c. 1600-1881. Botsw.
Notes Rec. 2003, 53–67.
Pickrell, J.K., Patterson, N., Barbieri, C., Berthold, F., Gerlach,
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