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Goals

• Understand characteristic genomic signatures left 
by natural selection

• Learn about a few tools that can be used to search 
for natural selection (and web resources)

• Become familiar with searching for recent natural 
selection using iHS and XP-EHH.

• There are many other ways of detecting selection!
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Overview

• Genetic variation comes in many forms:

tag SNPs in candidate regions (10-1000)

Genome wide SNP chip data (100,000-5,000,000)

candidate gene sequencing

exome sequencing

genome sequencing

• The signature of selection you look for depends on 
the type of data you have.
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Key Feature of Natural Selection

• Alleles change frequency unusually fast

• Positive selection tends to increase frequency

• Negative selection tends to decrease 
frequency

• All tests for natural selection seek to identify this 
feature using different aspects of the data.
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The Effect of Positive Selection
Adaptive
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Types of Positive Selection

• Selection acts in one population but not another

• Frequencies of the selected alleles in one population will 
go up relatively quickly compared to the frequencies of 
those same alleles in the other population. 

• The test is simple:  

• Are there alleles that have unusually large allele 
frequency differences between two populations? 
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Testing for Population Divergence

• Imagine two populations diverged several thousand 
years ago.

• One population stayed where it was, but the other 
migrated up a mountain to the Tibetan Plateau.

• Many environmental changes...

• Not obvious where in the genome to look for 
adaptations

• Try exome sequencing
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Sequencing of 50 Human Exomes
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Residents of the Tibetan Plateau show heritable adaptations to extreme altitude. We sequenced
50 exomes of ethnic Tibetans, encompassing coding sequences of 92% of human genes,
with an average coverage of 18× per individual. Genes showing population-specific allele frequency
changes, which represent strong candidates for altitude adaptation, were identified.
The strongest signal of natural selection came from endothelial Per-Arnt-Sim (PAS) domain protein
1 (EPAS1), a transcription factor involved in response to hypoxia. One single-nucleotide polymorphism
(SNP) at EPAS1 shows a 78% frequency difference between Tibetan and Han samples, representing the
fastest allele frequency change observed at any human gene to date. This SNP’s association with
erythrocyte abundance supports the role of EPAS1 in adaptation to hypoxia. Thus, a population
genomic survey has revealed a functionally important locus in genetic adaptation to high altitude.

The expansion of humans into a vast range
of environments may have involved both
cultural and genetic adaptation. Among

the most severe environmental challenges to
confront human populations is the low oxygen
availability of high-altitude regions such as the
Tibetan Plateau. Many residents of this region

live at elevations exceeding 4000 m, experiencing
oxygen concentrations that are about 40% lower
than those at sea level. Ethnic Tibetans possess
heritable adaptations to their hypoxic environ-
ment, as indicated by birth weight (1), hemo-
globin levels (2), and oxygen saturation of blood
in infants (3) and adults after exercise (4). These
results imply a history of natural selection for
altitude adaptation, which may be detectable from
a scan of genetic diversity across the genome.

We sequenced the exomes of 50 unrelated in-
dividuals from two villages in the Tibet Autono-
mous Region of China, both at least 4300 m in
altitude (5). Exonic sequences were enriched with
the NimbleGen (Madison, WI) 2.1M exon capture
array (6), targeting 34 Mb of sequence from exons
and flanking regions in nearly 20,000 genes.
Sequencing was performed with the Illumina
(San Diego, CA) Genome Analyzer II platform,
and reads were aligned by using SOAP (7) to the
reference human genome [National Center for
Biotechnology Information (NCBI) Build 36.3].

Exomes were sequenced to a mean depth of
18× (table S1), which does not guarantee confident
inference of individual genotypes. Therefore, we
statistically estimated the probability of each pos-
sible genotype with a Bayesian algorithm (5) that

also estimated single-nucleotide polymorphism
(SNP) probabilities and population allele frequen-
cies for each site. A total of 151,825 SNPs were
inferred to have >50% probability of being var-
iable within the Tibetan sample, and 101,668 had
>99% SNP probability (table S2). Sanger se-
quencing validated 53 of 56 SNPs that had at least
95% SNP probability and minor allele frequencies
between 3% and 50%. Allele frequency estimates
showed an excess of low-frequency variants (fig.
S1), particularly for nonsynonymous SNPs.

The exome data was compared with 40 ge-
nomes from ethnic Han individuals from Beijing
[the HapMap CHB sample, part of the 1000 ge-
nomes project (http://1000genomes.org)], sequenced
to about fourfold coverage per individual. Beijing’s
altitude is less than 50 m above sea level, and
nearly all Han come from altitudes below 2000 m.
The Han sample represents an appropriate com-
parison for the Tibetan sample on the basis of
low genetic differentiation between these samples
(FST = 0.026). The two Tibetan villages show min-
imal evidence of genetic structure (FST = 0.014),
and we therefore treated them as one population for
most analyses. We observed a strong covariance
between Han and Tibetan allele frequencies (Fig. 1)
but with an excess of SNPs at low frequency in
the Han and moderate frequency in the Tibetans.

Population historical models were estimated
(8) from the two-dimensional frequency spec-
trum of synonymous sites in the two populations.
The best-fitting model suggested that the Tibetan
and Han populations diverged 2750 years ago,
with the Han population growing from a small
initial size and the Tibetan population contracting
from a large initial size (fig. S2). Migration was
inferred from the Tibetan to the Han sample, with
recent admixture in the opposite direction.

Genes with strong frequency differences be-
tween populations are potential targets of natural
selection. However, a simple ranking of FST values
would not reveal which population was affected
by selection. Therefore, we estimated population-
specific allele frequency change by including a
third, more distantly related population. We thus
examined exome sequences from 200 Danish in-
dividuals, collected and analyzed as described for
the Tibetan sample. By comparing the three pair-
wise FST values between these three samples, we
can estimate the frequency change that occurred
in the Tibetan population since its divergence
from the Han population (5, 9). We found that
this population branch statistic (PBS) has strong
power to detect recent natural selection (fig. S3).

Genes showing extreme Tibetan PBS values
represent strong candidates for the genetic basis
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Yi, X. et al. Science 329, 75-78 (2010).

Testing for Population Divergence
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of altitude adaptation. The strongest such signals
include several genes with known roles in oxy-
gen transport and regulation (Table 1 and table
S3). Overall, the 34 genes in our data set that
fell under the gene ontology category “response
to hypoxia” had significantly greater PBS values
than the genome-wide average (P = 0.00796).

The strongest signal of selection came from the
endothelial Per-Arnt-Sim (PAS) domain protein
1 (EPAS1) gene. On the basis of frequency dif-
ferences among the Danes, Han, and Tibetans,
EPAS1 was inferred to have a very long Tibetan
branch relative to other genes in the genome (Fig.
2). In order to confirm the action of natural selec-
tion, PBS values were compared against neutral
simulations under our estimated demographic
model. None of one million simulations surpassed
the PBS value observed for EPAS1, and this result
remained statistically significant after accounting
for the number of genes tested (P < 0.02 after
Bonferroni correction). Many other genes had un-
corrected P values below 0.005 (Table 1), and,
although none of these were statistically significant
after correcting for multiple tests, the functional
enrichment suggests that some of these genes may
also contribute to altitude adaptation.

EPAS1 is also known as hypoxia-inducible
factor 2a (HIF-2a). The HIF family of transcrip-
tion factors consist of two subunits, with three

Fig. 1. Two-dimensional unfolded site frequency spectrum for SNPs in Tibetan (x axis) and Han (y axis)
population samples. The number of SNPs detected is color-coded according to the logarithmic scale
plotted on the right. Arrows indicate a pair of intronic SNPs from the EPAS1 gene that show strongly
elevated derived allele frequencies in the Tibetan sample compared with the Han sample.

Table 1. Genes with strongest frequency changes in the Tibetan population. The top 30 PBS values for the Tibetan branch are listed. Oxygen-related
candidate genes within 100 kb of these loci are noted. For FXYD, F indicates Phe; Y, Tyr; D, Asp; and X, any amino acid.

Gene Description Nearby candidate PBS P value
EPAS1 Endothelial PAS domain protein 1 (HIF-2a) (Self) 0.514 <0.000001
C1orf124 Hypothetical protein LOC83932 EGLN1 0.277 0.000203
DISC1 Disrupted in schizophrenia 1 EGLN1 0.251 0.000219
ATP6V1E2 Adenosine triphosphatase (ATPase), H+ transporting, lysosomal 31 kD, V1 EPAS1 0.246 0.000705
SPP1 Secreted phosphoprotein 1 0.238 0.000562
PKLR Pyruvate kinase, liver, and RBC (Self) 0.230 0.000896
C4orf7 Chromosome 4 open reading frame 7 0.227 0.001098
PSME2 Proteasome activator subunit 2 0.222 0.001103
OR10X1 Olfactory receptor, family 10, subfamily X SPTA1 0.218 0.000950
FAM9C Family with sequence similarity 9, member C TMSB4X 0.216 0.001389
LRRC3B Leucine-rich repeat–containing 3B 0.215 0.001405
KRTAP21-2 Keratin-associated protein 21-2 0.213 0.001470
HIST1H2BE Histone cluster 1, H2be HFE 0.212 0.001568
TTLL3 Tubulin tyrosine ligase-like family, member 3 0.206 0.001146
HIST1H4B Histone cluster 1, H4b HFE 0.204 0.001404
ACVR1B Activin A type IB receptor isoform a precursor ACVRL1 0.198 0.002041
FXYD6 FXYD domain–containing ion transport regulator 0.192 0.002459
NAGLU Alpha-N-acetylglucosaminidase precursor 0.186 0.002834
MDH1B Malate dehydrogenase 1B, nicotinamide adenine dinucleotide (NAD) (soluble) 0.184 0.002113
OR6Y1 Olfactory receptor, family 6, subfamily Y SPTA1 0.183 0.002835
HBB Beta globin (Self), HBG2 0.182 0.003128
OTX1 Orthodenticle homeobox 1 0.181 0.003235
MBNL1 Muscleblind-like 1 0.179 0.002410
IFI27L1 Interferon, alpha-inducible protein 27-like 1 0.179 0.003064
C18orf55 Hypothetical protein LOC29090 0.178 0.002271
RFX3 Regulatory factor X3 0.176 0.002632
HBG2 G-gamma globin (Self), HBB 0.170 0.004147
FANCA Fanconi anemia, complementation group A (Self) 0.169 0.000995
HIST1H3C Histone cluster 1, H3c HFE 0.168 0.004287
TMEM206 Transmembrane protein 206 0.166 0.004537
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EPAS1: a transcription 
factor involved in 
response to hypoxia

Testing for Population Divergence

• To find these types of signatures:

• Compare allele frequencies using Fst
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EPAS1: a transcription 
factor involved in 
response to hypoxia

Testing for Population Divergence

• To find these types of signatures:

• Compare allele frequencies using Fst

alternate a subunits (HIF-1a, HIF-2a/EPAS1,
HIF-3a) that dimerize with a b subunit encoded
by ARNT or ARNT2. HIF-1a and EPAS1 each act
on a unique set of regulatory targets (10), and the
narrower expression profile of EPAS1 includes
adult and fetal lung, placenta, and vascular endo-
thelial cells (11). A protein-stabilizing mutation
in EPAS1 is associated with erythrocytosis (12),
suggesting a link between EPAS1 and the regu-
lation of red blood cell production.

Although our sequencing primarily targeted
exons, some flanking intronic and untranslated re-
gion (UTR) sequence was included. The EPAS1
SNP with the greatest Tibetan-Han frequency dif-
ference was intronic (with a derived allele at 9%
frequency in the Han and 87% in the Tibetan sam-
ple; table S4), whereas no amino acid–changing
variant had a population frequency difference of
greater than 6%. Selection may have acted directly
on this variant, or another linked noncoding var-
iant, to influence the regulation of EPAS1. Detailed
molecular studies will be needed to investigate the
direction and the magnitude of gene expression
changes associated with this SNP, the tissues and
developmental time points affected, and the down-
stream target genes that show altered regulation.

Associations between SNPs at EPAS1 and
athletic performance have been demonstrated
(13). Our data set contains a different set of SNPs,
and we conducted association testing on the SNP
with the most extreme frequency difference, lo-
cated just upstream of the sixth exon. Alleles at
this SNP tested for association with blood-related
phenotypes showed no relationship with oxygen
saturation. However, significant associations were
discovered for erythrocyte count (F test P =
0.00141) and for hemoglobin concentration (F
test P = 0.00131), with significant or marginally
significant P values for both traits when each

village was tested separately (table S5). Compar-
ison of the EPAS1 SNP to genotype data from
48 unlinked SNPs confirmed that its P value is a
strong outlier (5) (fig. S4).

The allele at high frequency in the Tibetan sam-
ple was associated with lower erythrocyte quan-
tities and correspondingly lower hemoglobin levels
(table S4). Because elevated erythrocyte produc-
tion is a common response to hypoxic stress, it may
be that carriers of the “Tibetan” allele of EPAS1 are
able to maintain sufficient oxygenation of tissues at
high altitude without the need for increased eryth-
rocyte levels. Thus, the hematological differences
observed here may not represent the phenotypic
target of selection and could instead reflect a side
effect of EPAS1-mediated adaptation to hypoxic
conditions.Although the precise physiologicalmech-
anism remains to be discovered, our results sug-
gest that the allele targeted by selection is likely
to confer a functionally relevant adaptation to the
hypoxic environment of high altitude.

We also identified components of adult and
fetal hemoglobin (HBB and HBG2, respectively)
as putatively under selection. These genes are
located only ~20 kb apart (fig. S5), so their PBS
values could reflect a single adaptive event. For
both genes, the SNP with the strongest Tibetan-
Han frequency difference is intronic. Although
altered globin proteins have been found in some
altitude-adapted species (14), in this case regu-
latory changes appear more likely. A parallel re-
sult was reported in Andean highlanders, with
promoter variants at HBG2 varying with altitude
and associated with a delayed transition from
fetal to adult hemoglobin (15).

Aside from HBB, two other anemia-associated
genes were identified: FANCA and PKLR, asso-
ciated with erythrocyte production and main-
tenance, respectively (16, 17). We also identified

genes associated with diseases linked to low
oxygen during pregnancy or birth: schizophrenia
(DISC1 and FXYD6) (18, 19) and epilepsy (OTX1)
(20). However, the strong signal of selection af-
fecting DISC1, along with C1orf124, might in-
stead trace to a regulatory region of EGLN1, which
lies between these loci (fig. S5) and functions in
the hypoxia response pathway (21).

Other genes identified in this study are also
located near candidate genes. OR10X1 and OR6Y1
are within ~60 kb of the SPTA1 gene (fig. S5),
which is associated with erythrocyte shape (22).
Additionally, the three histones implicated in
this study (Table 1) are clustered around HFE
(fig. S5), a gene involved in iron storage (23).
The influence of population genetic signals on
neighboring genes is consistent with recent and
strong selection imposed by the hypoxic envi-
ronment. Stronger frequency changes at flanking
genes might be expected if adaptive mutations
have targeted candidate gene regulatory regions
that are not near common exonic polymorphisms.

Of the genes identified here, only EGLN1was
mentioned in a recent SNP variation study in
Andean highlanders (24). This result is consistent
with the physiological differences observed be-
tween Tibetan and Andean populations (25),
suggesting that these populations have taken largely
distinct evolutionary paths in altitude adaptation.

Several loci previously studied in Himalayan
populations showed no signs of selection in our
data set (table S6), whereas EPAS1 has not been
a focus of previous altitude research. Although
EPAS1 may play an important role in the oxygen
regulation pathway, this gene was identified on
the basis of a noncandidate population genomic
survey for natural selection, illustrating the utility
of evolutionary inference in revealing functional-
ly important loci.

Given our estimate that Han and Tibetans
diverged 2750 years ago and experienced subse-
quent migration, it appears that our focal SNP at
EPAS1 may have experienced a faster rate of fre-
quency change than even the lactase persistence
allele in northern Europe, which rose in frequency
over the course of about 7500 years (26). EPAS1
may therefore represent the strongest instance of
natural selection documented in a human popu-
lation, and variation at this gene appears to have
had important consequences for human survival
and/or reproduction in the Tibetan region.
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Testing for Population Divergence

• Applying this statistic 
to 26 populations 
from 1000 Genomes

• Several known genes

• Several novel ones!

in particular, their ability to identify a narrow set of candidate func-
tional variants, we evaluated the number of tagging variants (r2 . 0.8)
for a typical variant in each population. We find that each common
variant typically has over 15–20 tagging variants in non-African
populations, but only about 8 in African populations (Fig. 4b). At
lower frequencies, we find 3–6 tagging variants with 100 kb of variants

with frequency ,0.5%, and differences in the number of tagging
variants between continental groups are less marked.

Among variants in the GWAS catalogue (which have an average
frequency of 26.6% in project haplotypes), the number of proxies
averages 14.4 in African populations and 30.3–44.4 in other contin-
ental groupings (Supplementary Table 10). The potential value of
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Types of Positive Selection

Selection acts in one population but not another

• Selection operates on a new mutation

• Selection will act to increase the frequency of the allele

• Results in a young allele at relatively high frequency

• The test is simple:

• Are there young alleles at unusually high frequency?

13



Testing for High Freq. Young Alleles

• The age of an allele can be assessed by measuring the 
amount of genetic variation around the allele.

• As time passes:

• Mutations occur nearby

• Recombination breaks down the correlation 
between the allele and others nearby

14



Testing for High Freq. Young Alleles

Eurasia (Supplementary Figure 15 in Text S1; [21]). Thus, the
overall distribution of selected alleles is strongly determined by the
historical relationships among populations, and suggests again that

very local selection pressures (e.g., divergent selection pressures
within continental regions) have not given rise to very high- FST

SNPs.

Figure 4. Global allele frequencies and haplotype patterns at three genes with signals of positive selection. The left-hand column
shows pie charts of allele frequencies (blue ancestral, red derived) across the HGDP populations for: (A) a SNP upstream of KITLG (rs1881227); and for
nonsynonymous SNPs in (B) SLC24A5 (rs1426654; data from [18]), and (C) MC1R (rs885479). The right-hand column shows a representation of
haplotype patterns for 500 kb around each gene, in each case centered on the SNP displayed in the pie charts. Each box represents a single
population, and observed haplotypes are plotted as thin horizontal lines, using the same haplotype coloring for all populations (see Methods and
[59]). In all three cases the derived allele plotted in the pie charts is found mainly on the red haplotype.
doi:10.1371/journal.pgen.1000500.g004

The Role of Geography in Human Adaptation

PLoS Genetics | www.plosgenetics.org 7 June 2009 | Volume 5 | Issue 6 | e1000500

• Example:  Skin pigmentation

• KITLG is a gene known to contribute to lighter 
skin in non-African populations.

• Each plot is a population.
• Each row is an individual’s 

haplotype.
• Identical haplotypes have the 

same color.
• Large red blocks indicate 

long haplotypes with very 
little variation (i.e., young).

15



Testing for High Freq. Young Alleles

• Detecting these types of signatures:

• Long Range Haplotype (LRH) or Extended 
Haplotype Homozygosity (EHH) {Sabeti, P. C. et al. 
Nature 419, 832-837 (2002)}.

• integrated Haplotype Score (iHS) {Voight, B. F. et al. 
PLoS Biol 4, e72 (2006)}.

• Composite Likelihood Ratio (CLR) {Williamson, S. 
H. et al. PLoS Genet 3, e90 (2007)}.

16



Types of Positive Selection
Selection acts in one population but not another

Selection acts on a new mutation

• Selection acts on new mutations primarily in one 
population

• In this case, we expect high divergence and long 
haplotypes in one population

17



Divergence of a Young Allele

• Recall the haplotype patterns before for just two 
populations:

• These can be plotted as the probability that two randomly 
chosen individuals have an identical haplotype as a function 
of distance from the core SNP:

• Comparing the area under 
these two curves is the basis for 
XP-EHH

Eurasia (Supplementary Figure 15 in Text S1; [21]). Thus, the
overall distribution of selected alleles is strongly determined by the
historical relationships among populations, and suggests again that

very local selection pressures (e.g., divergent selection pressures
within continental regions) have not given rise to very high- FST

SNPs.

Figure 4. Global allele frequencies and haplotype patterns at three genes with signals of positive selection. The left-hand column
shows pie charts of allele frequencies (blue ancestral, red derived) across the HGDP populations for: (A) a SNP upstream of KITLG (rs1881227); and for
nonsynonymous SNPs in (B) SLC24A5 (rs1426654; data from [18]), and (C) MC1R (rs885479). The right-hand column shows a representation of
haplotype patterns for 500 kb around each gene, in each case centered on the SNP displayed in the pie charts. Each box represents a single
population, and observed haplotypes are plotted as thin horizontal lines, using the same haplotype coloring for all populations (see Methods and
[59]). In all three cases the derived allele plotted in the pie charts is found mainly on the red haplotype.
doi:10.1371/journal.pgen.1000500.g004

The Role of Geography in Human Adaptation

PLoS Genetics | www.plosgenetics.org 7 June 2009 | Volume 5 | Issue 6 | e1000500

Figure 7 shows the extent of overlap of sweep regions
across the three populations. Most of the sweep regions are
found in only one of the three populations, consistent with
the estimates indicating that these events generally postdate
population separation. Nonetheless, there is a clear excess of
sweeps that are shared between pairs of populations, or
among all three populations. In principle, sharing of signals
between populations might also be due to haplotypes that are
inherited from the ancestral populations. However, this is
probably a small effect since such unusually long haplotypes
would be unlikely to survive the effects of recombination for
.1,000 generations, separately in each population. Instead,
the data suggest that most of the selective events that we

detect are local to a single population, but that a significant
fraction of the selective events are experienced by more than
one population.
This view is further supported by the relationship between

iHS and allele frequency divergence measured using FST
(Figures S26–S28). SNPs with high jiHSj in one population,
but low jiHSj in another are likely to have high FST, indicating
that the SNP has changed frequency rapidly since population
separation. Among the modest number of SNPs that have
extreme positive iHS or extreme negative iHS in both
populations, there is not an excess of high FST, perhaps due
to recent gene flow of alleles (and haplotypes) that are
favored in multiple populations.

Figure 6. Signals of Selection for Three Candidate Selection Regions Discussed in the Text

The columns show (left) scatter plots of negative iHS scores, (center) haplotype plots, and (right) decay of haplotype homozygosity. In each case the
core SNP for the center and right-hand plots was chosen as a SNP with high negative iHS score (starred in the scatter plots); the allele marked in red is
derived. For each signal, values are listed for the derived allele frequency (pd) and the local deCode recombination rate estimate.
DOI: 10.1371/journal.pbio.0040072.g006

PLoS Biology | www.plosbiology.org March 2006 | Volume 4 | Issue 3 | e720452

Positive Selection in the Human Genome
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Divergence of a Young Allele

• XP-EHH rediscovers a 
nonsynonymous 
variant in SLC24A5 
contributing to lighter 
skin outside Africa.

SNPs. Applying filters progressively (Table 1 and Fig. 1a–d), we
found that 867 SNPs are associated with the long-haplotype signal,
of which 233 are high-frequency derived alleles, of which 12 are
highly differentiated between populations, and of which only 5 are

common in Europe and rare in Asia and Africa. Among these five
SNPs, there is only one implicated as functional by current know-
ledge; it has the strongest signal of positive selection and encodes the
A111T polymorphism associated with pigment differences in

Table 1 | The twenty-two strongest candidates for natural selection

Region Chr:position
(MB, HG17)

Selected population Long Haplotype Test Size (Mb) Total SNPs with
Long Haplotype

Signal

Subset of
SNPs that

fulfil criteria
1

Subset of
SNPs that

fulfil criteria
1 and 2

Subset of SNPs
that fulfil

criteria 1, 2
and 3

Genes at or near SNPs that
fulfil all three criteria

1 chr1:166 CHB 1 JPT LRH, iHS 0.4 92 39 30 2 BLZF1, SLC19A2
2 chr2:72.6 CHB 1 JPT XP-EHH 0.8 732 250 0 0
3 chr2:108.7 CHB 1 JPT LRH, iHS, XP-EHH 1.0 972 265 7 1 EDAR
4 chr2:136.1 CEU LRH, iHS, XP-EHH 2.4 1,213 282 24 3 RAB3GAP1, R3HDM1, LCT
5 chr2:177.9 CEU,CHB 1 JPT LRH, iHS, XP-EHH 1.2 1,388 399 79 9 PDE11A
6 chr4:33.9 CEU,YRI, CHB 1 JPT LRH, iHS 1.7 413 161 33 0
7 chr4:42 CHB 1 JPT LRH, iHS, XP-EHH 0.3 249 94 65 6 SLC30A9
8 chr4:159 CHB 1 JPT LRH, iHS, XP-EHH 0.3 233 67 34 1
9 chr10:3 CEU LRH, iHS, XP-EHH 0.3 179 63 16 1
10 chr10:22.7 CEU, CHB 1 JPT XP-EHH 0.3 254 93 0 0
11 chr10:55.7 CHB1JPT LRH, iHS, XP-EHH 0.4 735 221 5 2 PCDH15
12 chr12:78.3 YRI LRH, iHS 0.8 151 91 25 0
13 chr15:46.4 CEU XP-EHH 0.6 867 233 5 1 SLC24A5
14 chr15:61.8 CHB 1 JPT XP-EHH 0.2 252 73 40 6 HERC1
15 chr16:64.3 CHB 1 JPT XP-EHH 0.4 484 137 2 0
16 chr16:74.3 CHB 1 JPT, YRI LRH, iHS 0.6 55 35 28 3 CHST5, ADAT1, KARS
17 chr17:53.3 CHB 1 JPT XP-EHH 0.2 143 41 0 0
18 chr17:56.4 CEU XP-EHH 0.4 290 98 26 3 BCAS3
19 chr19:43.5 YRI LRH, iHS, XP-EHH 0.3 83 30 0 0
20 chr22:32.5 YRI LRH 0.4 318 188 35 3 LARGE
21 chr23:35.1 YRI LRH, iHS 0.6 50 35 25 0
22 chr23:63.5 YRI LRH, iHS 3.5 13 3 1 0

Total SNPs 16.74 9,166 2,898 480 41

Twenty-two regions were identified at a high threshold for significance (Methods), based on the LRH, iHS and/or XP-EHH test. Within these regions, we examined SNPs with the best evidence of
being the target of selection on the basis of having a long haplotype signal, and by fulfilling three criteria: (1) being a high-frequency derived allele; (2) being differentiated between populations and
common only in the selected population; and (3) being identified as functional by current annotation. Several candidate polymorphisms arise from the analysis including well-known LCT and SLC24A5
(ref. 2), as well as intriguing new candidates.

P
op

ul
at

io
n

di
ffe

re
nt

ia
tio

n 
(F

S
T)

P
op

ul
at

io
n

di
ffe

re
nt

ia
tio

n 
(F

S
T)

Position on chromosome 15 (cM) Position on chromosome 2 (cM)

a e

b f

c g

 D
er

iv
ed

-a
lle

le
 

fre
qu

en
cy

d h

SLC24A5
Alanine     threonine

867 972

39 39

5 7

DUT FBN1 CEP152SLC24A5

0

3

6

9

0
0.2
0.4
0.6
0.8
1.0

233

0
0.2
0.4
0.6
0.8
1.0

0
0.2
0.4
0.6
0.8
1.0

60.8 61.1 61.4 61.7 62

XP
-E

H
H

 a
nd

 iH
S

–l
og

(P
 v

al
ue

)

SULT1C3
SULT1C2 EDARSLC5A7

RANBP2

EDAR  
Valine      alanine

0.2
0.4
0.6
0.8
1.0

0
0.2
0.4
0.6
0.8
1.0

0
0.2
0.4
0.6
0.8
1.0

129.3 129.7 130.1 130.5

0

3

6

265

Figure 1 | Localizing SLC24A5 and EDAR signals of selection.
a–d, SLC24A5. a, Strong evidence for positive selection in CEU samples at a
chromosome 15 locus: XP-EHH between CEU and JPT 1 CHB (blue), CEU
and YRI (red), and YRI and JPT 1 CHB (grey). SNPs are classified as having
low probability (bordered diamonds) and high probability (filled diamonds)
potential for function. SNPs were filtered to identify likely targets of
selection on the basis of the frequency of derived alleles (b), differences
between populations (c) and differences between populations for high-
frequency derived alleles (less than 20% in non-selected populations)
(d). The number of SNPs that passed each filter is given in the top left corner
in red. The threonine to alanine candidate polymorphism in SLC24A5 is the

clear outlier. e–h, EDAR. e, Similar evidence for positive selection in
JPT 1 CHB at a chromosome 2 locus: XP-EHH between CEU and
JPT 1 CHB (blue), between YRI and JPT 1 CHB (red), and between CEU
and YRI (grey); iHS in JPT 1 CHB (green). A valine to alanine
polymorphism in EDAR passes all filters: the frequency of derived alleles
(f), differences between populations (g) and differences between
populations for high-frequency derived alleles (less than 20% in non-
selected populations) (h). Three other functional changes, a DRE change in
SULT1C2 and two SNPs associated with RANBP2 expression (Methods),
have also become common in the selected population.
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Sabeti, P. C. et al. Nature 449, 913-918 (2007).
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Motivation

• Why should we care about finding signatures 
of natural selection?

• It’s cool...  It’s what makes us human

• Understanding disease

20



Case Study:  Kidney Disease in 
African Americans

• Individuals of African descent have much higher 
incidence of kidney disease than individuals of 
European descent.

• GWAS had previously implicated the gene MYH9 
with moderate effects (p<10-8)

• But there was no clear biological story.

Genovese, G. et al. Science 329, 841-845 (2010).
21



Case Study:  Kidney Disease in 
African Americans

• Looking at signatures of selection adds valuable insight.

• Consider iHS from haplotter.uchicago.edu (more on this 
later):

Genovese, G. et al. Science 329, 841-845 (2010).

Gene iHS p-value
APOL1 0.0033
MYH9 0.014

22



Case Study:  Kidney Disease in 
African Americans

• Tag SNPs chosen across a broader region, and calculated 
EHH based on higher resolution data

Genovese, G. et al. Science 329, 841-845 (2010).

in Europe or Asia. G1 and G2 are plausible can-
didates for the causal variants because they alter
the sequence of the encoded protein.

ApoL1 is the trypanolytic factor of human
serum that confers resistance to the Trypanosoma
brucei brucei (T. b. brucei) parasite (19, 20). T. b.

brucei has evolved into two additional sub-
species, Trypanosoma brucei rhodesiense and
Trypanosoma brucei gambiense, which have both
acquired the ability to infect humans (21, 22). T. b.
rhodesiense is predominantly found in Eastern
and Southeastern Africa, whereas T. b. gambiense

is typically found in Western Africa, although
some overlap exists (23). Because these parasites
exist only in sub-Saharan Africa, we hypothe-
sized that the APOL1 gene may have undergone
natural selective pressure to counteract these
trypanosoma adaptations. As an initial test of
this hypothesis, we performed in vitro assays to
compare the trypanolytic potential of the variant,
disease-associated forms of ApoL1 proteins with
that of the “wild-type” form of ApoL1 protein
that is not associated with renal disease.

T. b. rhodesiense can infect humans because
of a serum resistance–associated protein (SRA)
that interacts with the C-terminal helix of
ApoL1 and inhibits its antitrypanosomal activity
(20, 24). A recent study showed that mutations
and deletions engineered into this helix prevent
SRA from binding to ApoL1 (25). Intriguingly,
one of the G1 sequence variants (I384M) and
the 6-bp deletion (G2) are located exactly at the
SRA binding site in the ApoL1 C-terminal helix.

We conducted an analysis of the in vitro lytic
potential of 75 human plasma samples with dif-
ferent combinations of G1 and G2 genotypes on
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Fig. 2. Natural selection analysis for the Yoruba population. (A) Extended
haplotype homozygosity (EHH) values for the three APOL1 alleles [G1, G2, and
wild type (WT)]. We computed EHH after combining HapMap3 genotype data
with our genotype data for alleles G1 and G2 (table S3), shown together with
recombination hotspots around APOL1. Although APOL1 and MYH9 are in
close physical proximity (20 kb apart), they are separated by a recombination
hotspot, giving a genetic distance (0.2 cM) equivalent to a physical distance of
about 200 kb. (B) Distribution of iHS values in Yoruba, highlighting the iHS
value for the SNPs defining G1 (iHS = –2.45). The iHS scores are distributed as
a standard normal random variable. Therefore values for which |iHS| > 2 are
considered suggestive of selection. (C) Distribution ofDiHH values highlighting
the SNPs defining allele G1 and allele G2 (for G1, DiHH = 0.471 cM, and for
G2, DiHH = 0.275 cM). Values are measured in centimorgans (cM). Raw data
are available in table S4.

Table 1. Number and frequencies of APOL1 genotypes and alleles in FSGS and H-ESKD cases and
controls.

BWH FSGS
cases

NIH FSGS
cases Total cases Controls H-ESKD

cases Controls

Genotype
WT + WT 3 26 29 77 239 409
WT + G1 6 21 27 41 173 250
WT + G2 0 9 9 36 124 155
G1 + G1 25 35 60 9 219 41
G1 + G2 15 38 53 8 203 50
G2 + G2 3 11 14 5 44 18
Total 52 140 192 176 1002 923

Allele
G1 Freq. 0.68 0.47 0.52 0.18 0.41 0.21
G2 Freq. 0.19 0.25 0.23 0.15 0.21 0.13

www.sciencemag.org SCIENCE VOL 329 13 AUGUST 2010 843
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Case Study:  Kidney Disease in 
African Americans

• Subset of SNPs chosen based on signatures of selection 
genotyped on a larger panel strongly implicates APOL1!

Genovese, G. et al. Science 329, 841-845 (2010).

nomes sequence data. G1 was present in about
40% of Yoruba (from Nigeria in West Africa)
chromosomes but not in any chromosomes from
European, Japanese, or Chinese individuals. Sim-
ilarly, G2 was detected in sequence data from
three Yoruba participants but not in the other
three ancestral groups. This distribution data raised
the possibility that these variants were selected
for in Africa but not outside of Africa. The high
frequency of the disease-associated variants in
Yoruba and African Americans suggests that
these variants may confer selective advantage in
Africa.

Given the strong evidence for selection pre-
viously described in this chromosomal region
(9–14), we genotyped G1 and G2 in 180 Yoruba
samples from HapMap3 to test these variants for
their potential contribution to selection (table S3).
The allele frequencies in Yoruba are 38% for G1
and 8% for G2. We focused on statistical tests
that detect selection by evaluating differential
degrees of LD surrounding a putatively selected
allele compared with the LD around the alternate
allele at the same locus (13, 14, 17).

A recent (<10,000 years) selective sweep by a
positively selected allele that rises quickly in fre-
quency creates longer patterns of LD around the
locus under selection (18). To determine whether
this is the case for G1 and G2, we computed the
extended haplotype homozygosity (EHH) (17) for
each one of the two risk alleles and the nonrisk allele
(Fig. 2A) (fig. S3).We also computed the integrated
haplotype score (iHS) (13,14) andDiHH (integrated
haplotype homozygosity) (11). The iHS statistic is
suited to detect selective sweeps where the selected
allele has reached intermediate frequency. |iHS|
greater than 2 indicates unusual LD at a locus
relative to the rest of the genome, a typical signature
of natural selection. Because iHS is designed to
have a standard normal distribution, its value is
significant for the two G1 SNPs (rs73885319 and
rs60910145, iHS = –2.45; Fig. 2B).DiHH is similar
to iHS but tests absolute rather than relative
differences in the length of haplotypes (11). DiHH
was high for G1 SNPs (DiHH = 0.471 cM, more
than 5 SD from themean) and for rs71785313 (G2)
(DiHH = 0.275 cM, 2.6 SD from the mean)
compared with the genome as a whole, again

showing that haplotypes carrying the derived
alleles are positively selected (Fig. 2C). Results of
multiple tests for selection and population differ-
entiation for the entire region from 34,900 to
35,100 kb [National Center for Biotechnology
Information (NCBI) 36] are reported in table S4.
These same tests in Europeans showed no
deviation from neutrality at APOL1.

Taken together, these data are consistent with
the hypothesis that G1 rose quickly to high fre-
quency because of positive selection in Africa.
There is less power to show an effect for G2 be-
cause of its lower frequency in Yoruba (8%) and
the more robust effect of G1 within the same in-
terval, but haplotypes containing G2 show higher
degrees of homozygosity than haplotypes that con-
tain neither G1 nor G2, again suggesting positive
selection for G2 in Africans (Fig. 2A).

Although statistical tests for selection are
valuable for identifying haplotypes under selec-
tion, only functional tests can convincingly dem-
onstrate the causal variant. Our selection tests
indicated that G1 and G2 are on haplotypes that
have been strongly selected for in Africa but not
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Fig. 1. Association analysis in FSGS cohorts with logistic regression for
alleles G1 and G2. (A) Results of association between 205 idiopathic
biopsy-proven African-American FSGS cases and 180 African-American
controls using Fisher’s exact test. On the x axis and y axis, genomic
position and –log10 of the P values are shown. Also highlighted are
SNPs rs4821481 and rs3752462, whose combined risk alleles define
the E-1 haplotype (5). (B) SNP associations after conditioning on allele
G1 using logistic regression. (C) SNP associations after conditioning on
alleles G1 and G2 using logistic regression.
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T. b. brucei, T. b. rhodesiense, and T. b. gambiense.
All 75 plasma samples efficiently lysed T. b. brucei,
but none of them lysed T. b. gambiense. Of the 75
samples, 46 lysed SRA-positive T. b. rhodesiense
clones, which are typically resistant to lysis by hu-
man serum, and all 46 originated from individuals
harboring at least one G1 or G2 allele (table S5).
As measured by titration using serial dilution, the
lytic potency of these plasmas against SRA-positive
T. b. rhodesiense was higher for G2 than for G1,
whereas it was similar for both genotypes against
SRA-negative parasites (Fig. 3A). Although lysis
of T. b. rhodesiense by G2 could be explained by
the inability of SRA to bind to this mutant, this
conclusion did not hold for G1 ApoL1 variants,
which SRA could still efficiently bind (Fig. 3B).

We confirmed these results with recombinant
ApoL1 proteins. The S342G/I384M (G1) and
delN388/Y389 (G2) (16) variants lysed both

SRA-negative and SRA-positiveT. b. rhodesiense
parasites (Fig. 3C) but not T. b. gambiense.
Although G2 was more potent than G1 against
SRA-positive T. b. rhodesiense, the reverse was
true on SRA-negative parasites. Recombinant
ApoL1 variants with either S342G alone or I384M
alone were less lytic against T. b. rhodesiense
than when present together, whereas recombinant
ApoL1 engineered to have both G1 and G2 mu-
tations was not more active than mutants with G2
alone (Fig. 3C). As shown in Fig. 3, D and E, all
measured features of the T. b. rhodesiense lytic
process (kinetics, transient inhibition by chloro-
quine, typical swelling of the lysosome) were
similar to those observed on T. b. brucei with
either normal human serum or recombinant
ApoL1 (19). Therefore, deletion of N388/Y389
was necessary and sufficient to prevent interac-
tion with SRA and to confer on ApoL1 the ability

to lyse T. b. rhodesiense in vitro, whereas the
combination of S342G and I384M was required
for maximal ability to lyse T. b. rhodesiense
despite remaining bound by SRA. None of the
variant forms of ApoL1 lysed T. b. gambiense.

In summary, we have shown that sequence
variation in APOL1 contributes to the increased
risk of renal disease in African Americans. Two
lines of evidence support this conclusion: (i) the
nonsynonymous variants coded by G1 and the
coding region deletion G2 in APOL1 are the se-
quence variants showing the strongest association
with FSGS and H-ESKD, and (ii) association of
renal disease with theMYH9 sequence variants dis-
appears after controlling for the APOL1 risk var-
iants. An important question to be addressed in
future studies is how sequence variation in ApoL1
mechanistically contributes to the pathogenesis of
kidney disease. The recessive model that best fits

Fig. 3. G1 and G2 alleles of ApoL1 kill T. b. rhodesiense. Trypanolytic
potential of ApoL1 variants on normal human serum–resistant (SRA+) and
normal human serum–sensitive (SRA–) T. b. rhodesiense ETat 1.2 clones.
ETat 1.2R is resistant to normal human serum, and ETat 1.2S is sensitive to
normal human serum. (A) Titration of trypanolytic activity in human plasma
samples after overnight incubation, expressed as % survival compared with
fetal calf serum (FCS) control. hom and het, homozygous and heterozygous
mutations, respectively. (B) ApoL1 content of various plasma samples before
and after affinity chromatography through SRA column (NHS, normal human

serum; WT, wild-type ApoL1; S, Ser342; G, Gly342; I, Ile384; M, Met384; i,
insertion of N388/Y389; d, deletion of N388/Y389). (C) Trypanolytic activity
of various recombinant ApoL1 variants after overnight incubation, expressed
as % survival compared with fetal calf serum (FCS) control. (D) Kinetics of
trypanolysis by 20 mg/ml recombinant ApoL1 variants in the presence or
absence of 25 mM chloroquine (clq). Error bars indicate SD (n = 3). (E)
Phenotype of ETat1.2R trypanosomes incubated with various recombinant
ApoL1 (20 mg/ml; 1-hour and 30-min and 6-hours incubation, for G1 and G2
respectively; the arrows point to the swelling lysosome).
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WGS

• The statistics described do not really handle whole 
genome sequencing data (WGS).

• Further, the timescale for when selection acted is 
not very well specified.

• With an abundance of rare variants, WGS should be 
informative about recent selection.

• Enter the Singleton Density Score (SDS).

25



SDS

• Field, et al. (Science, 2016) introduced the Singleton 
Density Score (SDS) to capitalize on WGS data with 
very large samples.

• In the presence of a sweep, the distribution of 
distances (across individuals) to the nearest 
singleton will be skewed towards longer distances. 

26



SDS

or by using ancient DNAwhen suitable ancestral
samples are available (11, 12), but a generally ap-
plicable method is lacking.
To tackle this challenge, we introduce the

singleton density score (SDS). SDS uses whole-
genome sequence data from contemporary sam-
ples to infer recent allele frequency changes at
single-nucleotide polymorphisms (SNPs). Recent
selection distorts the ancestral genealogy of sam-
pled haplotypes, resulting in shorter terminal (tip)

branches for the favored allele. Hence, haplotypes
carrying the favored allele tend to carry fewer
singletonmutations (Fig. 1, A to C, and fig. S1) (13).
Following this intuition, we calculate the distance
between the nearest singletons on either side of a
test SNP as a summary statistic for each individ-
ual (Fig. 1D). The distributions of distances for the
three genotypes at the test SNP are then used to
compute amaximum likelihood estimate of the
log-ratio of mean tip-branch lengths for the de-

rived versus ancestral alleles (Fig. 1, E and F) (13).
The two alleles act as natural controls for each
other, correcting for local variation in mutation
and recombination rates, or in the detection of
singletons. The predictions are normalized within
bins of derived allele frequency to have mean 0
and variance 1, where SDS > 0 corresponds to
an increased frequency of the derived allele. In
neutral simulations, SDS follows a standard
normal distribution, even when considering

SCIENCE sciencemag.org 11 NOVEMBER 2016 • VOL 354 ISSUE 6313 761

Fig. 1. Illustration of the SDS method. (A) Simulated frequency trajectory
for a derived allele that was selected from standing variation starting 100
generations ago. (B) Corresponding genealogy of 3000 present-day genomes.
Lineages carrying the derived allele (D) are in blue; ancestral (A) are in black.
Enlargement of the genealogy illustrates that tip branches carrying the favored
allele (blue) are on average shorter than those carrying the disfavored allele
(black). (C) Because favored alleles (blue) tend to have shorter tip branches,
their haplotypes tend to have lower singleton density. (D) For each individual,

we compute the distance between nearest singletons around the test SNP.
(E) Distribution of singleton distances as a function of genotype at the sim-
ulated test SNP. (F) Mean tip length t is estimated for each allele from a
likelihood model. Unstandardized SDS is a log-ratio of estimated tip lengths;
this is standardized to mean 0, variance 1 within bins of derived allele fre-
quency. In this simulated example, SDS is highly significant (P = 1 × 10−17 in
favor of the derived allele; relative to neutral simulations). Compare with
illustration of drift simulation (fig. S1).
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complex scenarios with recent admixture (figs.
S2 and S3).
Because SDS measures changes in tip-branch

lengths of the genealogy, it detects selection roughly
within the timeframe of average tip lengths. For
samples of 3000 individuals, this is ~75 genera-
tions, according to one recent demographicmodel
(14) (Fig. 2A). At this sample size, SDS is powered
to detect ~2% selection, with similar power for
selection on standing variation and hard sweeps
(Fig. 2, B and C, and fig. S4). Notably, SDS detects
little or no signal for selection that stopped >100

generations before present (figs. S4 to S6). The
time scale examined by SDS is roughly an order of
magnitude shorter than the limits of sensitivity
for previous methods that study hard sweeps
(13). For example, the integrated haplotype score
(iHS)—a commonly used test for hard sweeps
(5)—integrates signal over >1000 generations,
is generally less powerful, and has no specificity
for recent selection (Fig. 2C and figs. S4 and S5).
To validate performance in real data, we ana-

lyzed 3195 individuals from the UK10K project
(15) (fig. S7) (13). To model strong instantaneous

selection, we performed biased subsampling of
1500 individuals (without replacement) to change
allele frequencies at target SNPs by amounts
ranging from 1% to 10% (Fig. 2D and figs. S8
and S9). Although iHS has no power in this test,
each 1% change in allele frequency changes the
meanSDSby~0.3 to 0.4 standarddeviations. Thus,
we expect to have power to detect recent strong
selection at individual loci, or weaker signals dis-
tributed across many alleles.
We used the set of 3195 genomes to com-

pute SDS for 4.5 million autosomal SNPs with

762 11 NOVEMBER 2016 • VOL 354 ISSUE 6313 sciencemag.org SCIENCE

Fig. 2. Properties of SDS. (A) Mean tip length as a function of sample size,
for a demographic model with strong recent growth (14) (additional models
shown in fig. S10). (B) Power simulations for SDS (mean ± SD) under three
models of selection with current derived allele frequency of 0.7: continuous
hard sweep (orange); selection starting 100 generations ago (cyan); and hard
sweep that stopped 100 generations ago (black). Right panel: corresponding
simulations for iHS. (C) SDS and iHS, for sweeps that stopped in the past
(s = 0.10), followed by neutral drift. (D) Power to detect simulated selection

from present variation using half of the UK10K data. We biasedly sampled
1500 genomes out of 3195 without replacement so as to change the fre-
quencies at randomly chosen SNPs. (E) Allele frequency differences between
extant populations (1000-Genomes) versus SDS or iHS. SDS is most corre-
lated with the difference between northern and southern Europe, whereas iHS
reflects Europe versus Africa divergence. GBR, British; CEU, Utah residents
(northwest European ancestry); IBS, Iberians (Spain); TSI, Tuscans (Italy);
CHB, Han (China); JPT, Japanese; YRI, Yoruba (Nigeria); LWK, Luhya (Kenya).
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SDS

minor allele frequency >5%. We estimate the
mean tip length to be 2000 to 3000 years [fig.
S10; (13)]. Reassuringly, SDS predictions are cor-
related with allele-frequency differences between
populations (Fig. 2E and fig. S11), and most
strongly between southern and northern Europe
(Spearman’s r = 0.32 ± 0.005). In contrast, iHS
measured in a British sample is most correlated
with African-European differences. This provides
empirical evidence that SDS captures historical
frequency changes for times more recent than iHS.
Genome-wide, the largest values of SDS cluster

at the lactase locus, a well-known target of selec-
tion in Europeans (2, 12) (P = 1 × 10−23; Fig. 3, A
and B, and figs. S12 and S13). Based on the mag-
nitude of the signal, we infer that the selection
almost certainly persisted into the last 2000 years
(fig. S14) (13). TheMHC (major histocompatibility
complex) region, which has been subject to long-
term balancing selection (16, 17), includes the
second-highest cluster, with high SDS values across
most of the extended MHC region, and at least
three independent signals (maximum SDS = 7.9;
P = 2 × 10−15; figs. S15 and S16) (13). Curiously,
SDS does not support the strongest hit reported
from a study of European ancient DNA (12), sug-
gesting complex dynamics of selection in this
region (fig. S13). SNPs in the neighborhood of
WDFY4 also cross genome-wide significance (P=
3 × 10−11) (fig. S17), but the nature of selection is
unclear (13).
We next considered GWAS-associated var-

iants from the genome-wide association study
(GWAS) catalog (18). Overall, these have signifi-
cantly inflated SDS variance (P = 5 × 10−7 exclud-
ing lactase and MHC) (fig. S18) (13). Examining

categories of related variants, we found a strong
enrichment for variants associated with pig-
mentation (Fig. 3C and figs. S19 to S21) (13).
Although the major determinants of light skin
pigmentation in Europe are near fixation and
thus not testable by SDS, there is a strong over-
all enrichment of selection in favor of derived
variants associated with lighter pigmentation,
especially of hair and eye color (P = 3 × 10−9 for
mean SDS > 0).
It has been proposed that anothermajormech-

anism of adaptation may be through polygenic
selection on complex traits (8). Polygenic adap-
tation can potentially change phenotypes rapidly,
through small, directed allele frequency shifts at
many loci, yet leave only weak signals at individ-
ual loci. Currently, the best candidate for poly-
genic selection in humans is height, as northern
Europeans have come to possess more “tall”
alleles than southern Europeans over the past
~5000 years (9, 12, 19, 20).
We thus examined SDS for height-associated

SNPs from a recentmeta-analysis (21). To aid our
analysis of height and other traits, we reset the
sign of SDS scores for each trait such that positive
values indicate increased frequency of the trait-
increasing allele instead of the derived allele. We
call these new metrics trait-SDS (tSDS) scores.
The mean tSDS for 551 height-associated SNPs is
significantly positive (mean = 0.30; P = 4 × 10−11),
indicating that indeed, on average, “tall” alleles
have been increasing in frequency within the
past ~2000 to 3000 years in the ancestors of the
British (Fig. 3D).
Because most complex-trait heritability is due

to SNPs that donot reachGWAS significance (22),

we hypothesized that we could increase power by
including all SNPs, not just genome-wide sig-
nificant hits. We thus used all SNPs to test for
genome-wide rank correlation between tSDS
and GWAS Z score [block-jackknife was used to
account for linkage disequilibrium (LD)] (13). No-
tably, when testing height, mean tSDS is positive
across nearly the entire range of P values, and the
correlation is extremely significant (Spearman
r = 0.078; P= 9× 10−74; fig. S22A) (13). This is not
an artifact of uncontrolled population structure
in the GWAS, as the correlation is even stronger
for a smaller family-based GWAS that provides
stringent structure control (20) (Spearman r =
0.094; P = 9 × 10−163; Fig. 4A).
Our observation that the signal is stronger in

the smaller family-based study may indicate that
standard GWAS methods have overcorrected for
population structure that pervasively correlates
with the phenotypic signal. Further, itmay seem
counterintuitive that, in aggregate, even non-
significant SNPs could have a detectable associ-
ation with tSDS. However, we estimate that 85%
of SNPs in this data set are associated with non-
zero effects on height (including through LD tag-
ging) and that the direction of effect is estimated
correctly for 68% of all SNPs (23) (fig. S23) (13).
Thus, our results indicate that polygenic selection
on height has affected allele frequencies across
most of the genome.
Aside from height and body mass index (BMI)

(19), evidence for selection on other complex traits
has generally been weak [e.g., (12, 19)]. We ex-
panded our test to consider 43 traits for which
genome-wide GWAS data are available (tables
S1 and S2). Notably, many traits show highly

SCIENCE sciencemag.org 11 NOVEMBER 2016 • VOL 354 ISSUE 6313 763

Fig. 3. Overview of signals.
(A) Manhattan plot of SDS
P values indicates regions of
genome-wide significance (P <
5 × 10−8; P values are two-sided
tail probabilities of standard
normal). (B) Distributions of
singleton distances at the lactase
locus, partitioned by genotypes at
the causal site. Compare to simu-
lated signals (Fig. 1E). (C) SDS
signals for a curated set of segre-
gating variants with known effects
on pigmentation shows overall
increase in derived allele fre-
quencies (one-sided P values).
(D) Distribution of tSDS scores
at 551 height-associated SNPs.
tSDS is polarized so that tSDS>0
implies increased frequency of
the “tall” allele.
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Conclusions

• Natural selection leaves distinctive footprints within 
patterns of genetic variation.

• This occurs because alleles driven by natural selection tend 
to be younger than neutral alleles at the same frequency.

• Characterizing signatures of natural selection around disease 
associated loci can sometimes illuminate mechanistic 
relationships.
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Web Resources
• Two easy web servers for signatures of natural selection:

• http://haplotter.uchicago.edu/

• Based on HapMap data

•  displays iHS, and two summary statistics of allele 
frequencies (H and D)

• http://hgdp.uchicago.edu/

• Based on Human Genome Diversity Panel (HGDP)

• Calculates heterozygosity, iHS, Fst, and XP-EHH
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Haplotter

• Send your browser to http://haplotter.uchicago.edu

• Click (Phase II Data) in upper left corner.

• Now enter your favorite gene into the  
Gene name box below (e.g., LCT,  ApoL1, etc.)

32
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HGDP Selection Browser
• Send your browser to http://hgdp.uchicago.edu and click blue 

banner:

• Enter gene into the Landmark or Region box (e.g., EDAR)  
 
 

• Then adjust the Zoom (e.g., “Show 2 MB”)
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HGDP Selection Browser

EDAR

34



Warnings
• HapMap and HGDP are very different populations.

• Even though the same methods are applied, signatures of 
natural selection are sometimes not recapitulated.

• Here is LCT in hgdp (with 5MB window)
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Warnings
• HapMap and HGDP are very different populations.

• Even though the same methods are applied, signatures of 
natural selection are sometimes not recapitulated.

• Here is APOL1 (with 1MB window)
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Conclusions

• Signatures of natural selection are very much dependent on 
the population you are studying.  

• If you want reliable results for your population of interest, 
you should calculate these statistics on your own data!

• PLEASE NOTE:  seeing significant peaks in iHS or any other 
method does not necessarily mean there is selection.  

• EVERY DISTRIBUTION HAS A TAIL.  Unfortunately not 
everything in the tails are interesting.

37



Calculating statistics
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The Effect of Positive Selection
Adaptive


Neutral 

Nearly Neutral 

Mildly Deleterious 

Fairly Deleterious 

Strongly Deleterious

How do we 
capture this 
process in a 
statistic?
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Extended Haplotype Homozygosity

• Sabeti, et al. (Nature, 2002) proposed EHH 

• Designed to track the decay of haplotype 
identity away from a locus of interest 

• If selection acts quickly enough

• Originally derives from ideas in Hudson, et 
al. (Genetics, 1994).

Zachary Szpiech40



Derived haplotypes

Monday, February 2, 15

41

Core 
SNP



Ancestral haplotypes

Derived haplotypes

Monday, February 2, 15

42



Ancestral haplotypes
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Ancestral haplotypes

Derived haplotypes

Monday, February 2, 15

44



Ancestral haplotypes

Derived haplotypes

Monday, February 2, 15

45



Ancestral haplotypes

Derived haplotypes

Monday, February 2, 15

46



Calculating EHH

• Given a locus of interest,     is the set of all distinct 
haplotypes at that locus.

• Select a “core” haplotype,        .

•            is the set of all distinct haplotypes that extend 
from the locus of interest to marker x and contain the 
core haplotype c.

• For                 ,     is the number of haplotypes of 
type h

•     is the number of the core haplotypes

H(c, x)

C

c 2 C

h 2 H(c, x) nh

nc

Szpiech and Hernandez (2014) Molecular Biology and Evolution
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Calculating EHH

• If                is the extended haplotype homozygosity 
of the core haplotype c out to marker x, then
EHHc(x)

EHH
c

(x) =
X

h2H(c,x)

�
nh

2

�
�
nc

2

�

✓
n

2

◆
:= 0 8n < 2

Szpiech and Hernandez (2014) Molecular Biology and Evolution
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• If                is the extended haplotype homozygosity 
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EHHc(x)

EHH
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Calculating EHH

• If                is the extended haplotype homozygosity 
of the core haplotype c out to marker x, then
EHHc(x)

EHH
c

(x) =
X

h2H(c,x)

�
nh
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�
�
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2

�
# of ways to choose two h haplotypes

# of ways to choose two core haplotypes

✓
n

2

◆
:= 0 8n < 2

Szpiech and Hernandez (2014) Molecular Biology and Evolution
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Calculating EHH

• Notice that EHH at the core haplotype is necessarily 1 
and that it tends to 0 as the number of distinct 
haplotypes tends to infinity.

Monday, February 2, 15
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EHH

• When querying a specific region of the genome, for 
each core haplotype, calculate EHH for successively 
longer surrounding haplotypes.

• Statistical significance is determined by comparing 
EHH scores to neutral simulations and random control 
regions of the genome. 
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