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The Out-of-Africa (OOA) dispersal ∼50,000 y ago is characterized
by a series of founder events as modern humans expanded into
multiple continents. Population genetics theory predicts an in-
crease of mutational load in populations undergoing serial founder
effects during range expansions. To test this hypothesis, we have
sequenced full genomes and high-coverage exomes from seven
geographically divergent human populations from Namibia, Congo,
Algeria, Pakistan, Cambodia, Siberia, and Mexico. We find that in-
dividual genomes vary modestly in the overall number of predicted
deleterious alleles. We show via spatially explicit simulations that
the observed distribution of deleterious allele frequencies is consis-
tent with the OOA dispersal, particularly under a model where del-
eterious mutations are recessive. We conclude that there is a strong
signal of purifying selection at conserved genomic positions within
Africa, but that many predicted deleterious mutations have evolved
as if they were neutral during the expansion out of Africa. Under a
model where selection is inversely related to dominance, we show
that OOA populations are likely to have a higher mutation load due
to increased allele frequencies of nearly neutral variants that are
recessive or partially recessive.

mutation | founder effect | range expansion | expansion load |
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It has long been recognized that a human genome may carry
many strongly deleterious mutations; Morton et al. (1) esti-

mated that each human carries on average four or five mutations
that would have a “conspicuous effect on fitness” if expressed in
a homozygous state. Empirically estimating the deleterious mu-
tation burden is now feasible through next-generation sequencing
(NGS) technology, which can assay the complete breadth of var-
iants in a human genome. For example, recent sequencing of over
6,000 exomes revealed that nearly half of all surveyed individuals
carried a likely pathogenic allele in a known Mendelian disease
gene (i.e., from a disease panel used for newborn screening) (2).
Although there is some variation across individuals in the number
of deleterious alleles per genome, we still do not know whether
there are significant differences in deleterious variation among
populations. Human populations vary dramatically in their levels
of neutral genetic diversity, which suggests variation in the effec-
tive population size, Ne. Theory suggests that the efficacy of nat-
ural selection is reduced in populations with lowerNe because they
experience greater genetic drift (3, 4). In an idealized population
of constant size, the efficacy of purifying selection depends on the
relationship between Ne and the selection coefficient s against
deleterious mutations. If 4Nes << 1, deleterious alleles evolve as if
they were neutral and can, thus, reach appreciable frequencies.
This theory raises the question of whether human populations
carry differential burdens of deleterious alleles due to differences
in demographic history.
Several recent papers have tested for differences in the burden

of deleterious alleles among populations; these papers have

focused on primarily comparing populations of western Euro-
pean and western African ancestry. Despite similar genomic
datasets, these papers have reached a variety of contradictory
conclusions (4–9). Initially, Lohmueller et al. (10) found that a
panel of European Americans carried proportionally more derived,
deleterious alleles than a panel of African Americans, potentially as
the result of the Out-of-Africa (OOA) bottleneck. More recently,
analyses using NGS exome datasets from samples of analogous
continental ancestry found small or no differences in the average
number of deleterious alleles per genome between African Amer-
icans and European Americans—depending on which prediction
algorithm was used (11–13). Simulations by Fu et al. (11) found
strong bottlenecks with recovery could recapitulate patterns of dif-
ferences in the number of deleterious alleles between African and
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non-African populations, supporting Lohmueller et al. (10), but in
contrast to work by Simons et al. (12).
It is important to note two facts about these contradictory ob-

servations. First, these papers tend to use different statistics, which
differ in power to detect changes across populations, as well as the
impact of recent demographic history (6, 11). Lohmueller et al.
(10) compared the relative number of nonsynonymous to synon-
ymous (or “probably damaging” to “benign”) SNPs per population
in a sample of n chromosomes, whereas Simons et al. (12) ex-
amined the special case of n = 2 chromosomes, namely, the av-
erage number of predicted deleterious alleles per genome (i.e.,
heterozygous + 2 * homozygous derived variants per genome).
One way to think about these statistics is that the total number of
variants, S, gives equal weight, w = 1, to an SNP regardless of its
frequency, p. The average number of deleterious variants statistic
gives weights proportional to the expected heterozygous and ho-
mozygous frequencies or w = 2p(1 − p) + p2 = 2p − p2. The
average number of deleterious alleles per genome is fairly in-
sensitive to differences in demographic history because heterozy-
gosity is biased toward common variants. In contrast, the proportion
of deleterious alleles has greater power to detect the impact of
recent demographic history for large n across the populations be-
cause it is sensitive to rare variants that tend to be more numerous,
younger, and enriched for functionally important mutations (14–
16). Second, empirical comparisons between two populations have
focused primarily on an additive model for deleterious mutations,
even though there is evidence for pathogenic mutations exhibiting a
recessive or dominant effect (17, 18), and possibly an inverse re-
lationship between the strength of selection s and the dominance
parameter h (19).
There remains substantial conceptual and empirical uncer-

tainty surrounding the processes that shape the distribution of

deleterious variation across human populations. We aim here to
clarify three aspects underlying this controversy: (i) Are there
empirical differences in the total number of deleterious alleles
among multiple human populations? (ii) Which model of dom-
inance is appropriate for deleterious alleles (i.e., should zygosity
be considered in load calculations)? (iii) Are the observed pat-
terns consistent with predictions from models of range expan-
sions accompanied by founder effects? We address these questions
with a new genomic dataset of seven globally distributed human
populations.

Results
Population History and Global Patterns of Genetic Diversity. We
obtained moderate coverage whole-genome sequence (median
depth 7×) and high coverage exome sequence data (median
depth 78×) from individuals from seven populations from the
Human Genome Diversity Panel (HGDP) (20). Unrelated in-
dividuals (no relationship closer than first cousin) were selected
from seven populations chosen to represent the spectrum of
human genetic variation from throughout Africa and the OOA
expansion, including individuals from the Namibian San, Mbuti
Pygmy (Democratic Republic of Congo), Algerian Mozabite, Pak-
istani Pathan, Cambodian, Siberian Yakut, and Mexican Mayan
populations (Fig. 1A). The 2.48-Gb full genome callset consisted of
14,776,723 single nucleotide autosomal variants, for which we could
orient 97% to ancestral/derived allele status (SI Appendix).
Heterozygosity among the seven populations decreases with

distance from southern Africa, consistent with an expansion of
humans from that region (21). The Namibian San population
carried the highest number of derived heterozygotes, ∼2.39
million per sample, followed closely by the Mbuti Pygmies (SI
Appendix, Table S1 and Fig. S5). The North African Mozabites
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Fig. 1. Decrease in heterozygosity and estimated Ne with distance from southern Africa. (A) Locations of HGDP populations sampled for genome and exome
sequencing are indicated on the map. Putative migration paths after the origin of modern humans are indicated with arrows (adapted from ref. 46). (B) PSMC
curves for individual genomes, corrected for differences in coverage. Whereas populations experiencing an OOA bottleneck have substantially reduced Ne,
African populations also display a reduction in Ne between ∼100 kya and 30 kya (see SI Appendix for simulations of population history with resulting PSMC
curves). (C) For each individual’s exome, the number of putatively deleterious variants (equivalent to number of heterozygotes + twice the number of derived
homozygotes) is shown by population.

Henn et al. PNAS | Published online December 28, 2015 | E441

G
EN

ET
IC
S

EV
O
LU

TI
O
N

PN
A
S
PL

U
S

SE
E
CO

M
M
EN

TA
RY

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1510805112/-/DCSupplemental/pnas.1510805112.sapp.pdf
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1510805112/-/DCSupplemental/pnas.1510805112.sapp.pdf
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1510805112/-/DCSupplemental/pnas.1510805112.sapp.pdf
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1510805112/-/DCSupplemental/pnas.1510805112.sapp.pdf


carry more heterozygotes than the OOA populations in our dataset
(2 million) but substantially fewer than the sub-Saharan samples,
likely reflecting a complex history of an OOA migration, fol-
lowed by reentry into North Africa and subsequent recent gene
flow with neighboring African populations (22). The Maya have
the lowest median number of heterozygotes in our sample, ∼1.5
million, which may be inflated due to recent European admixture
(23). Two Mayan individuals displayed substantial recent European
admixture (>20%) as assessed with local ancestry assignment (24)
(SI Appendix, Fig. S6); these individuals were removed from anal-
yses of deleterious variants. When we recalculated heterozygos-
ity in the Maya, it was reduced by 3.5%. The decline in
heterozygosity in OOA populations with distance from Africa
strongly supports earlier results based on SNP array and micro-
satellite data for a serial founder effect model for the OOA
dispersal (25, 26). We analyzed population history for individuals
having sufficient coverage from five of the studied populations
using the pairwise sequential Markovian coalescent software
(PSMC) to estimate changes in Ne (11, 12, 27). Because dating
demographic events with PSMC is dependent on both the as-
sumed mutation rate and the precision with which a given event
can be inferred, we compare relative bottleneck magnitudes and
timing among the seven HGDP populations. Consistent with
previous analyses (27), the OOA populations show a sharp re-
duction in Ne, with virtually identical population histories (Fig. 1B

and SI Appendix). Simulations indicate that the magnitude of the
12-fold bottleneck is accurately estimated (SI Appendix, Fig. S7),
even if the time of the presumed bottleneck is difficult to estimate
precisely using PSMC. Interestingly, both the Mbuti and the
Namibian San show a moderate reduction in Ne relative to the
ancestral maximum, with the San experiencing an almost twofold
reduction in Ne and the Mbuti displaying a reduction intermediate
between the San and OOA populations (see also refs. 20, 28, and
29). These patterns are consistent with multiple population his-
tories (e.g., both short and long bottlenecks) and multiple de-
mographic events, including a reduction in substructure from the
ancestral human population rather than a bottleneck per se (27).

Differences in Deleterious Alleles per Individual Genomes. Owing to
differences in coverage among the whole genome sequences, our
subsequent analyses focus on the high-coverage exome dataset
(78× median coverage) to minimize any bias in comparing
populations (Materials and Methods). We classified all mutations
discovered in the exome dataset into categories based on Genomic
Evolutionary Rate Profiling (GERP) Rejected Substitution (RS)
scores. These conservation scores reflect various levels of constraint
within a mammalian phylogeny (Materials and Methods) and are
used to categorize mutations by their predicted deleterious effect
(30, 31). Importantly, the allele present in the human reference
genome was not used in the GERP RS calculation, avoiding the

A B C

D E F

Fig. 2. Individual counts of deleterious variants. (A–C) For each individual’s exome, the number of derived homozygotes is plotted by population for
moderate-, large-, and extreme-effect GERP categories. (D–F) For each individual’s exome, the number of derived variants (equivalent to number of het-
erozygotes + twice the number of homozygotes) is plotted by population for moderate-, large-, and extreme-effect GERP categories.
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reference-bias effect previously observed in other algorithms (11,
12) (SI Appendix, Fig. S8A). Variants were sorted into four
groups reflecting the likely severity of mutational effects: “neutral”
(−2 < GERP < 2), “moderate” (2 ≤ GERP < 4), “large” (4 ≤
GERP < 6), and “extreme” (GERP ≥ 6) (SI Appendix, Fig. S9).
GERP categories were concordant with ANNOVAR functional
annotations (SI Appendix, Table S2 and Fig. S8B).
When considering the total number of derived alleles per in-

dividual, defined here as AI = (1 × HET) + (2 × HOMder), we
observe an increase of predicted deleterious alleles with distance
from Africa (Fig. 1C). The number of predicted deleterious al-
leles per individual increases along the range expansion axis
(from San to Maya), consistent with theoretical predictions for
expansion load (32). The maximal difference in the number of
deleterious alleles between African and OOA individuals is ∼150
alleles. This result is consistent with theoretical predictions; the
rate at which deleterious mutations accumulate in wave-front
populations is limited by the total number of mutations occurring
during the expansion (32). Assuming an exomic mutation rate of
u = 0.5 per haploid exome and an expansion that lasted for t =
1,000 generations, a very conservative upper limit for the excess
of deleterious alleles in OOA individuals would be 2*u*t = 1,000.
The cline in AI is most pronounced for large-effect alleles (4 ≤
GERP < 6, Fig. 2E), whereby the San individuals carry AI =
4,450 large-effect alleles on average, increasing gradually to
4,550 in Yakut. The Mayans carry slightly fewer large-effect
mutations per individual than the Yakut, which may be influ-
enced by the residual European ancestry (between 5–20%) in
our sample. For extreme alleles (GERP ≥ 6), each individual in
the dataset carries on average 110–120 predicted highly delete-
rious alleles with no significant differences among populations
(Fig. 2F). The average additive GERP score—obtained by counting
the GERP scores at homozygous sites twice—for all predicted
deleterious variants per individual is lowest in the San (∼3.3) and
highest in the Maya (∼3.8).
Similar patterns are found when we consider the number of

derived homozygous sites per individual. We find that individuals
from OOA populations exhibit significantly more homozygotes
for moderate, large, and extreme variants than African populations
(Fig. 2 A–C). In addition, we observe a clear increase in the number
of derived homozygotes with distance from Africa for moderate
(2 ≤ GERP < 4) and large (4 ≤ GERP < 6) mutation effects
categories, whereas the number of derived “extreme” homozy-
gotes (GERP ≥ 6) is similar among OOA populations: All OOA
genomes possess 30–40 extremely deleterious alleles in homo-
zygous state (Fig. 2C). These patterns are in excellent agreement
with theoretical predictions for the evolution of genetic variation
during range expansions (7). The average GERP score per in-
dividual for derived homozygous variants is less differentiated
than the additive model (above), varying between 2.43–2.49.
It is important to note that AI is strongly influenced by com-

mon variants. Goode et al. (33) observed that as much as 90% of
deleterious alleles in a single genome have a derived allele fre-
quency greater than 5%, suggesting that the bulk of mutational
burden using this metric will come from common variants. To
explore this idea, we randomly chose an individual in each
population and calculated the proportion of deleterious variants
that are rare (<10%, i.e., a singleton within our population
samples) and common (>10%), for each GERP category (Fig.
3A). Common deleterious alleles contribute to more than 90%
of an individual’s AI, and the proportion of common deleterious
variants increases with distance from Africa, as can be seen by
the decrease of rare deleterious variants. This includes common
large-effect variants, which make up proportionally more of AI
for an OOA individual than for an African individual. For ex-
ample, in a Mayan individual, 93% of large-effect variants are
common compared with a San individual, where only 85% of
large-effect variants are common (SI Appendix, Fig. S12). Given

the small number of chromosomes in each population (n = 14–16),
estimates of allele frequencies are subject to sampling effects. We
recently performed the same analysis on exome data from the 1000
Genome Phase 1 Project (34). We find a similar pattern as in our
HGDP data: On a per-genome basis, common variants represent a
majority of the alleles predicted to be deleterious (5).

Differences in Deleterious Alleles at the Population Level. To further
elucidate the relationship between predicted mutation effect and
allele frequencies, we compared the site frequency spectrum
(SFS) for neutral and large- (4 ≤ GERP < 6) effect variants (Fig.
3B; see SI Appendix, Fig. S14 for a comparison between neutral
and extreme variants). For all populations, singletons are enriched
for deleterious variants (compared with neutral variants), consistent
with the effect of purifying selection against deleterious variants (15,
35). However, the SFSs of OOA and African populations show
marked differences. The neutral and deleterious SFSs of OOA
populations show a global shift toward higher frequencies, con-
sistent with the effects of serial bottlenecks/founder effects. It
follows that OOA populations have fewer rare deleterious vari-
ants than Africans, as well as a larger proportion of fixed dele-
terious alleles; almost 7.9% of large-effect variants are fixed in
the Maya, whereas the San have only 1.8% of deleterious vari-
ants fixed (Fig. 3B).

Simulations of Purifying Selection Under a Range Expansion. We
sought to interpret the population-specific patterns of genetic
diversity for each GERP category under a model including serial
founder effects across geographic space and purifying selection.
We simulated the evolution of both neutral and deleterious
mutations under a simple model of range expansion in a 2D
habitat (SI Appendix, Fig. S21). At selected loci, the ancestral
allele was assumed selectively neutral and mutants reduced an
individual’s fitness by a factor 1 − s only if it was present in
homozygous state, that is, deleterious mutations were assumed
to be completely recessive. Three thousand generations (corre-
sponding to about 75 kya) after the onset of the range expansion,
we computed the average expected heterozygosity for all pop-
ulations. Computational limitations of individual-based simulations
prohibit a complete exploration of the parameter space for this
model, but, by varying migration rates and selection coefficients, we
identified parameter values that fit the observed clines in het-
erozygosity reasonably well (Fig. 4B). Specifically, we first identified
selection coefficients that yield the same relative differences between
observed neutral and selected heterozygosities (Fig. 4A). Then,
the migration rate was adjusted to fit the observed clines in
heterozygosities, assuming that the distance between two demes
is 250 km (Fig. 4B). The fit selection coefficients were 0, 1.25 × 10−4,
1 × 10−3, and 2 × 10−3 for neutral, moderate, large, and extreme
GERP scores categories, respectively; the GERP ≥ 6 category
showed the worst fit and observed counts indicate that even
stronger selection coefficients should be considered for these
extreme mutations (16). We performed the same analysis using
a model in which mutations are codominant and, as expected,
we found that the fit selection coefficients are smaller than
those obtained a recessive model. These coefficients are esti-
mated as s = 0, 0.5 × 10−4, 1.2 × 10−4, and 2 × 10−4, respectively
(SI Appendix, Fig. S16) (16).

Evolutionary Forces Acting on Heterozygosity. To better understand
which evolutionary forces have acted in different populations to
shape their levels of genetic diversity, we define a new statistic,
RH. RH measures the reduction in heterozygosity at conserved
sites relative to neutral heterozygosity, RH = (Hneu − Hdel)/Hneu,
where Hneu indicates heterozygosity at neutral sites and Hdel at
GERP score categories >2. RH can be seen as a way to quantify
changes of functional diversity across populations relative to
neutral expectations. For instance, a constant RH value across
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populations would suggests that average functional diversity is
determined by the same evolutionary force(s) as neutral di-
versity, that is, genetic drift and migration. In contrast, if RH
changes across populations, it suggests that different evolution-
ary forces have shaped neutral and functional diversity, that is,
selection has changed functional allele frequencies.
In our dataset, RH is significantly larger in sub-Saharan Afri-

cans than in OOA populations across all functional GERP cat-
egories (Fig. 4C), indicating that selection has acted differently
relative to drift between the two groups. The correlation between
RH value and predicted mutation effect observed in Africa (Fig.
4A) confirms that purifying selection has kept strongly deleteri-
ous alleles at lower frequencies than in OOA populations. We
then asked whether there were significant differences across
OOA population, as oriented by their distance from eastern
Africa. Interestingly, we see that the OOA RH values do not
depend on their distance from Africa for predicted moderate-
effect alleles (P = 0.82; SI Appendix, Fig. S15), suggesting that the
frequencies of moderate mutations have evolved mainly according
to neutral demographic processes during the range expansion out
of Africa. In contrast, for strongly deleterious variants (large
and extreme GERP categories) we see a significant cline in RH
(P = 0.01 and P = 1.12 × 10–6, respectively; SI Appendix, Fig. S15),
which implies that purifying selection has also contributed to their
evolution relative to demographic processes.

Models of Dominance. We next considered whether there is em-
pirical evidence for nonadditive effects for deleterious variants.
Prior studies generally calculated “mutation load” by assuming
an additive model, summing the number of deleterious alleles
per individual, without factoring in whether an SNP occurs in a
homozygous or heterozygous state. Determining an individual’s
mutation load is, however, highly dependent on the underlying
model of dominance (36) (a formal definition of mutation load is
given below). For humans, Mendelian diseases tend to be over-
represented in endogamous populations or consanguineous
pairings, indicating that many of these mutations are recessive

(37); Gao et al. (38) estimate 0.58 lethal recessive mutations per
diploid genome in the Hutterite population. Gene conversion
can also lead to differential burden of derived, recessive diseases
alleles among populations (39). Even height, a largely quantita-
tive trait, seems to be affected by the architecture of recessive
homozygous alleles in different populations (40).
To further clarify the impact of dominance, we compared the

distribution of deleterious variants across genes associated with
dominant or recessive disease as reported in Online Mendelian
Inheritance in Man (OMIM) (41). We expect to see a lower
proportion of large- and extreme-effect variants in genes with
dominant OMIM mutation annotations, compared with genes
with recessive OMIM mutation annotations. We tested this hy-
pothesis with the HGDP as well as the much larger 1000 Ge-
nomes Phase 1 dataset (SI Appendix, Fig. S18B). We averaged
the proportion of variants within each effect category and per-
formed a Wilcoxon test to determine whether the distribution of
the proportion of large-effect variants was different between
dominant and recessive genes. In the HGDP dataset, we ob-
served P = 0.06, and for the larger 1000 Genomes dataset, P =
0.03. Our results indeed show a significantly higher proportion of
large-effect variants in genes with recessive annotations, com-
pared with genes with dominant annotations, suggesting that
deleterious variants in the genome may tend to be recessive.
However, we caution that OMIM genes are here annotated as
dominant or recessive, whereas dominance is a property of
specific mutations, and therefore all deleterious variants in a
gene will not necessarily have the same dominance coefficient.
Nonetheless, our results are consistent with an interpretation
that genes may have certain properties, for example negative
selection against dominant mutations in crucial housekeeping or
developmental genes, that influence the tolerable distribution of
dominance among variants. We consider the effect of dominance
(summarized by h, which measures the effect of selected muta-
tions in heterozygotes relative to homozygotes) on mutation load
in the HGDP population samples given the observed differences
in heterozygosity.

A B

Fig. 3. Differences in the proportion of deleterious alleles by frequency class. (A) The proportion of rare versus common deleterious variants per individual.
For a given individual, deleterious variants were divided into common (>10%, solid colors) and rare (<10%, white space). The contribution of common
deleterious variants to an individual’s burden is much greater than rare variants. (B) For each population, we calculated the proportional site frequency
spectrum by plotting the proportion of deleterious large-effect alleles in each frequency class (translucent coloring) along with the proportion of neutral
alleles for each frequency class (opaque coloring). African populations have proportionally fewer rare deleterious alleles than expected from neutrality.
Populations with OOA ancestry have proportionally more fixed deleterious mutations.
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Modeling the Burden of Deleterious Alleles. We modeled three
different scenarios to estimate the burden of deleterious alleles
across populations. The relationship between fitness W and load
for a given locus v is classically defined (36) as

Lv = 1−W = 1− ð1−Whet −WhomÞ.

Whet = gAa × (1 − hs) and Whom = gaa × (1 − s), where gAa and
gaa are the observed genotype frequencies of the heterozygotes
and derived homozygotes, respectively. The estimated popula-
tion load (ignoring epistasis) is the sum of the load for all vari-
ants: LT =

P
vLv. For each variant we assigned the selection

coefficient inferred by the range expansion simulations according
to its GERP score [see also Henn et al. (5)]. Given that we do
not know the distribution of dominance effects in human varia-
tion, we started by estimating the bounds for the mutation load
for each population by considering two extreme scenarios: com-
pletely recessive and complete additive models for deleterious
variants. We calculated LT for each HGDP population (Fig. 5).
When all mutations are considered strictly additive (h = 0.5),
values for mutation load are very similar across populations, with
sub-Saharan African populations having the lowest mutational

load (LT =2.83), followed by the Pathan and Mozabites, and
finally the Asian and Native American populations showing the
highest load (LT = 2.89) (Fig. 5B). We consider this model, as
adopted in earlier studies, to demonstrate that even under an
additive assumption there is a statistically significant 1.7% dif-
ference in the spectrum of load between populations (SI Appen-
dix, Fig. S24). When all mutations are considered recessive (h =
0), this model yields a much larger 45% difference in load (LT
ranges between 1.27 and 1.85) between the San and the Maya
(Fig. 5A). Although this is surely an overestimate, it illustrates
the broad range of potential values and consistent signal in the
data for differences among populations in estimated load. The
mutation load under a recessive model is not explained by inbreed-
ing, as measured by the cumulative amount of the genome in runs
of homozygosity (cROH) greater than 1 Mb (r = 0.27, P = 0.55) (SI
Appendix, Fig. S25); this is because the African hunter–gatherers
have relatively high cROH compared with other global populations,
as is commonly observed in small endogamous populations (21, 42).
For the third scenario we used a model based on studies of

dominance in yeast and Drosophila (19, 43, 44), in which there is
an inverse relationship between selection and dominance (highly
deleterious mutations tend to be recessive), and where h is

A C

B

Fig. 4. Heterozygosity under range expansion simulations with different selection coefficients. (A) Observed and simulated patterns of the reduction of
heterozygosity (RH). Selection coefficients used in the simulations are s = 0 (black), s = −0.000125 (lavender), s = −0.001 (red), and s = −0.002 (orange).
(B) Colored circles show average expected heterozygosity for populations with ancestry from the OOA bottleneck. Solid lines show the regression lines obtained
from simulations and dashed lines indicate 95% confidence intervals for the regression. The boxplots and colored circles on the left show the simulated het-
erozygosities in ancestral (i.e., African) populations, and the observed heterozygosity in our African dataset (San/Mbuti), respectively. (C) Comparison of the
distribution of RH between African and non-African individuals for different GERP categories, tested with a two-tailed Student t test (SI Appendix, Fig. S15).
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sampled from a distribution following Agrawal and Whitlock
(19). The maximal difference in load under this model was
30.8% (Fig. 5C), again between the San and Maya, and the
minimum difference in load was 1%, between the Cambodians
and Yakut. We note that the difference in relative fitness [e−L(T)]
is much less than the difference in mutation load (i.e., a relative
reduction of 79% in the San versus 87% in the Maya translates
to a 8% difference between the two populations under the h(s)
model; see also Discussion). As in the other modeled dominance
scenarios, the majority of calculated mutational load is contrib-
uted by the large-effect mutational category, because this cate-
gory has a relatively strong selection coefficient and thousands of
mutations (>4,000 on average per individual). Thus, this category
contributes proportionally more to the total load, even though the
extreme-effect mutations have a higher selection coefficient. We
note, however, that our assumed selection coefficients, particularly
for the extreme effect, are somewhat lower than those obtained
by other distribution of fitness effect studies (16, 45) and simulations
under an additive model results in even smaller selection coeffi-
cients (discussed above). Because selection coefficients are the same
across populations in our calculations, s will affect the absolute
value of load but not relative differences across populations.

Discussion
Two primary demographic signals are reflected in human genetic
data from non-African populations. First, a major 5- to 10-fold
population bottleneck is associated with the OOA dispersal(s)
(46–48). Second, the distribution of genetic diversity among non-
African populations is characterized by a decrease in heterozy-
gosity proportional to geographic distance from northeastern
Africa. A model of serial founder effects in the ancestral pop-
ulations of Eurasia, Oceania, and the Americas has been posited
as the most likely model for explaining the systematic variation in
genetic diversity across this geographic range for humans (25,
26), as well as commensal human species (49, 50). By directly
ascertaining genomic variation in over 50 individuals from seven
populations, we observe a clear cline of genetic diversity as a
function of distance from Africa, supporting evidence for a serial
founder effect model. We also observe differences in the amount

of predicted deleterious variation across populations. These
differences seem to result from the genetic drift of existing del-
eterious variants to higher frequencies during the sequential
range expansion after the OOA exit (Fig. 3B). Clines in het-
erozygosity for the different mutational effect categories can be
reproduced by spatially explicit simulations with negative selec-
tion and recessive mutations (Fig. 4; see also codominant sim-
ulations in SI Appendix, Fig. S16). Although both moderate- and
large-effect deleterious mutations have evolved under negative
selection in Africa (Fig. 4C and SI Appendix, Fig. S15), many
predicted moderate variants have evolved as if they were neutral
in non-African populations. However, selection has remained a
major force during the OOA expansion for strongly deleterious
variants.

Impact of the OOA Bottleneck. There is an ongoing debate on
whether selection has been equally or more efficient in African
versus non-African populations due to the major bottleneck that
occurred in the ancestors of OOA populations (10, 12, 13, 35).
Two studies found no significant differences in mutation load
between European Americans and African Americans under an
additive model with two classes of alleles: deleterious and neu-
tral (12, 13, 33). Fu et al. (11) identified small but significant
differences in the average number of alleles and the SFS, po-
tentially due to a different algorithm for predicting mutation
effect than earlier studies. We argue that estimates of the effi-
cacy of selection should take into account not only the number of
mutations per individual but also the predicted severity of mu-
tational effect. Here, we classify mutations into four categories
and find differences across populations in some, but not all,
mutational categories. For variants that have putatively moder-
ate (2 ≤ GERP < 4) or extreme deleterious effect (GERP ≥ 6),
we do not see a significant difference between African and non-
African populations in the number of mutations per individual.
Significant per-individual differences are only observed for the
intermediate large-effect category. We used PhyloP scores (51)
as an alternative measure of conservation to verify our main
results (SI Appendix, Fig. S26). We found qualitatively very
similar patterns for both the spatial distribution of the number of

A B C

Fig. 5. Estimates of mutational load in seven populations as a function of dominance assumptions. Total mutation load was summed over all annotated
mutations in the exome dataset for the observed heterozygote and derived homozygote genotype frequencies in each population. The cumulative muta-
tional load is shown in increased order from neutral to extremely deleterious mutations. Strongly deleterious mutations contribute the most to mutational
load. Mutations were assigned an s, selection coefficient, based on their GERP score. (A) h = 0, recessive model; (B) h = 0.05, additive model; (C) h(s), in-
termediate dominance model. For each selection coefficient, an h dominance coefficient was assigned based on the inverse relationship between s and h.
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derived homozygous sites per individual (SI Appendix, Fig. S26A)
as well as the number of derived alleles per individual, suggesting
that our results are robust to the choice of prediction algorithm
that is used to estimate deleteriousness of mutations.
We note that the observed differences between populations

are relatively small compared with the within-population variance
(Fig. 2). Nonetheless, a novel measure of the efficacy of selection,
RH, is significantly different across all three mutational cate-
gories (Fig. 4C and SI Appendix, Fig. S15) between sub-Saharan
Africans and non-Africans in our dataset. That is, the observed
heterozygosity at deleterious loci is greater in non-Africans than
in Africans—after correcting for neutral genetic diversity in each
group. This is particularly significant for moderate- and large-
effect mutations, in agreement with theory that would suggest
that differences in purifying selection will primarily emerge for
variants at the Nes boundary.

Serial Founder Effects/Range Expansion. Several simulation studies
have attempted to characterize the distribution of deleterious
alleles under OOA demographic scenarios. Some simulations
focused on differences in the cumulative number of deleterious
alleles per individual; others focused on differences in the pro-
portion of segregating alleles within a population that are dele-
terious. Lohmueller et al. (10) found that a long bottleneck
lasting more than 7,500 generations (>150,000 y) could produce
the excess proportion of deleterious mutations observed in Eu-
ropean Americans. A bottleneck model with subsequent explo-
sive growth has also been proposed to explain the proportionally
greater number of nonsynonymous or deleterious mutations in
Eurasian populations (52, 53). As a consequence, deleterious
mutations accumulate in populations during the expansion pro-
cess. Simons et al. (12) tested a long bottleneck and subsequent
population expansion model contrasting African and non-Afri-
can populations and found no evidence that human demography
played a role in the differential accumulation of deleterious al-
leles per individual.
A recent theoretical study of spatial range expansions (i.e., a

model similar to geographic serial founder effects) showed that
strong genetic drift at the wave front of expanding populations
decreases the efficiency of selection (32). Under a spatial range
expansion model, deleterious variants, unless they have a large
selection coefficient, should evolve as if they are neutral on the
wave front (32), and their overall frequency should therefore not
change much during the range expansion (7). The loss of dele-
terious variants at some loci should be compensated by an in-
crease of their frequencies at other loci. The frequency of
deleterious homozygotes should therefore increase with distance
from Africa, which is observed here in the rightward shift of the
SFS in OOA populations (Fig. 3), except for the most evolu-
tionarily constrained sites. We can address the question of whether
this increased frequency is driven entirely by drift and gene surfing
or by differential selection in non-African populations by consid-
ering the spatial distribution of the RH statistic (Fig. 4C). The fact
that RH does not change among OOA populations for moderately
deleterious alleles suggests that they have evolved as if they were
neutral alleles during the expansion and that selection has not yet
purged the deleterious mutations that increased in frequency. In
contrast, extremely deleterious alleles (GERP ≥ 6) exhibit similar
heterozygosity in all OOA populations, suggesting that they are
subject to similar levels of purifying selection in these pop-
ulations. The remaining deleterious alleles (4 ≤ GERP < 6)
present an intermediate pattern, implying that both drift and
selection have acted on this category of sites.
A recent controversy concerns whether there are differences

in the efficacy of purifying selection between African and non-
African populations (6, 12, 13). It is difficult to discuss our re-
sults in the context of this controversy because there is no gen-
erally accepted definition of “efficacy of selection,” and different

definitions will lead to different interpretations (4). We therefore
prefer to interpret our results in the context of our spatially ex-
plicit model of range expansions, and the relative roles of drift
and selection in this model. Recurrent founder events should
contribute to a decrease in the effective population sizes with
distance from Africa, and it is commonly assumed that selection
will become weaker with smaller effective population sizes.
However, reducing the impact of a range expansion to a simple
gradient in effective size, and thus to a decrease of the efficacy of
selection, can be misleading. Diversity-based estimates of Ne are
not necessarily informative about the strength of selection in
nonequilibrium scenarios because estimates of Ne may lag be-
hind recent demographic changes (e.g., ref. 54). Rather, if one
considers that deleterious alleles were kept at low frequencies by
purifying selection in ancestral African populations, those that
increased in frequency by gene surfing during the OOA expan-
sion also became more accessible to subsequent selection, es-
pecially for those alleles that were recessive. The observed cline
in RH for large-effect mutations is more compatible with an
unequal purging of deleterious variants by selection. Indeed,
selection will have had less time to act on newly formed pop-
ulations that are further away from Africa, and it will also
operate more slowly on populations that have less diversity and
therefore lower interindividual differences in fitness. Further-
more, the fact that our simulations can reproduce the observed
pattern with spatially uniform population sizes and strength of
selection against deleterious mutations implies that the simu-
lated gradients in RH in Fig. 4A, as well as the increased number
of deleterious homozygous sites, is not the consequence of re-
duced strength of selection away from Africa. Rather, it is caused
by increased drift during the expansion, as well as by differential
purging of deleterious mutations after the expansion.

The Importance of Dominance. Multiple modeling assumptions are
crucial when considering the burden of deleterious alleles across
populations. In addition to the selection coefficients, the assumed
dominance terms are critical. An estimated 16% of Mendelian
diseases are known to be autosomal recessive (estimated from the
OMIM) and many contribute significantly to infant mortality. Ow-
ing to the difficulty of detecting recessive diseases, unless they are
extremely damaging, there are potentially many more disease mu-
tations that have an h coefficient less than 0.5. Autosomal recessive
diseases seem to be more frequent than autosomal dominant dis-
eases (55), and even mildly deleterious mutations are predicted to
have a mean h of 0.25 (56). Although formal calculations of genetic
load require multiple assumptions, we demonstrate that differences
in calculated load across human populations are primarily sensitive
to assumptions about dominance, as expected given the increased
extent of homozygosity in OOA populations.
We have modeled deleterious mutations as having variable h

coefficients. Whereas strongly deleterious mutations are likely
recessive, dominance for weakly deleterious mutations is par-
ticularly problematic to estimate because there is less power to
measure weak effects and h may be upwardly biased in model
organism competition experiments (19). When sampling h co-
efficients under our model, we allowed weakly deleterious mu-
tations to be assigned a coefficient h > 0.5, but this had little
effect on mutational load because the bulk of the load was
contributed by large-effect variants. However, a fraction of strongly
deleterious mutations are clearly dominant, as ascertained from
disease studies, and future work may need to model different
mixtures distributions on h. We also note that the absolute
mutational load is twofold higher under an additive model than
under a recessive model (Fig. 5), as expected from theory (36).

Estimates of Mutational Load. We estimate that there are differ-
ences in mutational burden calculated using a formal load
model, among extant human populations, particularly if we
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depart from a simple additive assumption. We found that the change
in mutation load between sub-Saharan African populations
versus Native American populations (the two ends of the range)
were significantly different at P < 0.05 under recessive, partially
recessive, and additive models (SI Appendix, Fig. S24). Muta-
tional load under a fully or partially recessive model is 10 to 30%
greater in non-African populations (Fig. 5A), as the result of
higher homozygosity from the legacy of the OOA bottleneck
across all (deleterious) mutation categories [e.g., LT(Mbuti) = 1.59
and LT(Yakut) = 1.95 under the h(s) model]. All populations carry
significant load, relative to a population with the alternate, an-
cestral allele genotype. Under a model where fitness differences
are determined only by genotype and environments are equal
across individuals, the relative fitness [e−L(T)] of 0.204 for the
Mbuti indicates a reduction in fitness of 79.6%, whereas a rel-
ative fitness of 0.142 for the Yakut indicates an 85.7% reduction.
These fitness differences are relatively small, even under a par-
tially recessive model.
Although illustrative, such models of load have important

limitations. The mutations identified in this dataset have not
been functionally characterized and are predicted to be delete-
rious based on degree of sequence conservation. The assumed
selective coefficients across GERP categories are fit based on a
recessive model, which is not applicable to all sites. However,
although different selection coefficients will change the values of
load in our calculation, it will not change the relative difference
among populations because the same set of coefficients were
applied to all populations (5). If mutations have different fitness
effects across heterogeneous global environments, then the val-
ues of mutation load will change. Indeed, a proportion of the
alleles may be locally adaptive, or neutral, and hence the sign of
the selection coefficient for the mutation would be misestimated
in our analysis. For example, the Duffy null allele is classified as
a large-effect mutation using GERP (RS = 4.27) and is found at
high frequency in western Africa; however, it has likely increased
in frequency due to positive selection as a response to malaria
(57). Recent genome-wide studies have stressed the paucity of
selective sweeps in the human genome (35, 58, 59); only 0.5% of
nonsynonymous mutations in 1000 Genomes Pilot Project were
identified has having undergone positive selection. Others have
emphasized evidence for pervasive adaptive selection (60, 61)
and a variety of studies have identified specific beneficial alleles
locally adapted to high altitude, immune response, and pigmenta-
tion (62–64). We considered local adaptive evolution by examining
highly differentiated alleles in our dataset, that is, alleles that differ
by 80% in frequency between a pair of populations, indicative of a
strong local adaptation. We find that highly differentiated alleles
have the same GERP score distribution as nondifferentiated alleles,
indicating there is little reason to believe that most large- and ex-
treme-effect mutations have been subjected to strong local adap-
tation (SI Appendix, Fig. S20; also see ref. 65). We conclude that the
raw, calculated mutational burden may differ across human pop-
ulations, although the effects of positive selection, varying envi-
ronments, and epistasis have yet to be explored and remain a
significant challenge to fully understanding mutational burden.

Conclusions. A major difference between our work and previous
results is the interpretative framework we present, which un-
derlines the role of range expansions out of Africa to explain
patterns of neutral and functional diversity. Whereas previous
comparisons between African and non-African diversity attrib-
uted the observed increased proportion of deleterious variants in
non-Africans to the OOA bottleneck (10), our study shows that a
single bottleneck is not sufficient to reproduce the gradient we
observe in the number of deleterious alleles per individual with
distance from Africa (Fig. 2). Taking into account the range
expansion of modern humans (66) sheds new light on this
apparent controversy. Finally, we note that recent simulation work

(4) suggests that the impact of a bottleneck on the efficacy of
natural selection depends critically on the distribution of fitness
and dominance effects as well as postbottleneck demographic
history. Although these models and parameter choices clearly
affect the interpretation of the pattern of deleterious alleles across
populations, we find empirical evidence for significant differences
in deleterious alleles as tabulated by a variety of statistics across
the spectrum of human genetic diversity.

Materials and Methods
Samples and Data.Aliquots of DNA isolated from cultured lymphoblastoid cell
lines were obtained from Centre d’Étude du Polymorphisme and prepared
for both full genome sequencing on Illumina HiSeq technology and exome
capture with an Agilent SureSelect 44Mb array. One hundred one base pair
read-pairs were mapped onto the human genome reference (GRCh37) using
a mapping and variant calling pipeline designed to effectively manage
massive amounts of short-read data. This pipeline followed many of the best
practices developed by the 1000 Genomes Project Consortium (34).

Variant Annotation. Ancestral state was inferred based on orthologous re-
gions in a great ape and rhesus macaque phylogeny as reported by Ensembl
Compara and used by the 1000 Genomes Project. To determine the biological
impact of a variant we used GERP score (30) as a measure of conservation
across a phylogeny. Positive scores reflect a site showing a high degree of
conservation, based on the inferred number of “rejected substitutions”
across the phylogeny. GERP scores were obtained from the University of
California, Santa Cruz genome browser (hgdownload.cse.ucsc.edu/gbdb/
hg19/bbi/All_hg19_RS.bw) based on an alignment of 35 mammals to human.
The allele represented in the human hg19 sequence was not included in the
calculation of GERP RS scores. The human reference sequence was excluded
from the alignment for the calculation of both the neutral rate and site-
specific “observed” rate for the RS score to prevent any bias in the estimates.
In addition to GERP, we also used PhyloP scores (51) as measures of genomic
constraint during the evolution of mammals. We used the PhyloPNH scores
computed in Fu et al. (11) from the 36 eutherian-mammal EPO alignments
[available in Ensembl release 70 (67)], which is also computed without using
the human reference sequence.

Classification of Mutation Effects by GERP Scores. Variants were classified as
being neutral, moderate, large, or extreme for GERP scores with ranges [−2,2],
[2,4], [4,6], and [6,max], respectively. The use of four “bins” of GERP scores
simplifies the range expansion simulations performed for distinct selection co-
efficients. For every individual the total number of derived deleterious counts
found in homozygosity (i.e., 2 × HOM), and the total number of deleterious
counts [i.e., HET + (2 × HOM)] within each category was recorded.

Individual-Based Simulations. To simulate changes in heterozygosity, we
modeled human range expansion across an array of 10 × 100 demes (32).
After reaching migration-selection-drift equilibrium, populations expand
into the empty territory, which is separated from the ancestral population
by a geographical barrier, through a spatial bottleneck (SI Appendix, Fig.
S21). After 3,000 generations, we computed the average expected hetero-
zygosity for all populations. The migration rate and selection coefficients
were adjusted to generate heterozygosity consistent with the observed
data, without formally maximizing the fit. The code used for simulations can
be downloaded from https://github.com/CMPG/ADMRE.

Calculating Load.Mutational load was calculated following Kimura et al. (36),
but using observed genotype frequencies instead of inferring them from
Hardy–Weinberg based on the allele frequencies. In this way, the fitness of
the heterozygotes and the homozygotes will be Whet = Aa × (1 − hs) and
Whom = aa × (1 − s), where Aa and aa are the genotype frequencies of the
heterozygotes and derived homozygotes, respectively. The fitness for a
given variant will be relative to that of the ancestral variant, which for
numerical convenience is set to 1. The relationship between fitness and load
is Lv = 1 –W = 1 – (1 –Whet –Whom), and the total population load is the sum
of the load for all variants, LT =

P
vLv.
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Supplementary Methods 
 

Mapping and Variant Calling 
Read-pairs were mapped onto the human genome reference (GRCh37, with the pseudo-

autosomal regions of the Y chromosome masked). Briefly, reads are mapped using the bwa 
mapper (version 0.5.9), an aligner that reports a confidence metric associated with each aligned 
read. The resulting alignments are then processed to identify PCR duplicates (using Picard, 
http://picard.sourceforge.net/), empirically recalibrate the quality values associated with each 
base call based on observed rates of differences from the reference, and realignment of all 
samples together around candidate small insertion-deletion variants (using the Genome Analysis 
Tool Kit [GATK] version 1.2-65) (1). The output of this process is a set of cleaned, calibrated, and 
mapped reads from each individual, suitable for subsequent analysis. 
 

Contamination and Data Quality Control 
 Sample contamination and data quality issues can compromise the results of large-scale 
genome sequencing efforts. Contamination was assessed for each individual by comparing the 
genotypes from Illumina Human660K array SNP data (2) and the Illumina HiSeq data from an 
initial per-sample call set using samtools. A concordance rate was calculated from the number of 
HiSeq homozygous non-reference calls (HNR) that were also homozygous non-reference on the 
Illumina Human660K array, divided by the total number of HNR calls from the 660K array. If the 
concordance dropped below 90%, a new library was made and contamination assessed in a 
second run. 

Base pair composition plots were examined visually to identify reads with a skewed 
composition. In cases where the average quality score dropped below 15, all reads for a given 
lane were trimmed from base pair 101 backwards until the score became elevated above 15. 
Additionally, only reads with a minimum of 50 base pairs exceeding Q=15 were retained. This 
trimming procedure resulted in an increase in the percent of reads mapping to the human 
reference sequence. However, trimming did not appear to noticeably improve the concordance 
with the Illumina SNP array at homozygous non-reference sites. 
 

Identifying Single Nucleotide Variants 
 Candidate single nucleotide variants were identified based on joint calling across all 
samples using the Unified Genotyper in the GATK.  We applied the Variant Quality Score 
Recalibration (VQSR) procedure to retain a set of variants such that 99% of variant positions that 
overlap with HapMap3 SNPs were retained. Refined genotypes for the resulting set of positions 
were obtained using Beagle v3 (3). Sites were called on the autosomes and the pseudo-
autosomal portions of the X chromosome, but only variants on the autosomes were utilized in 
subsequent analysis. 
 

Callable Genome Mask for WGS analysis 
 To aid comparisons between exome and WGS calls, we created a mask file to identify 
regions of the genome that can be confidentially called based on the WGS data.  We utilized 
metrics reported in the GATK UnifiedGenotyper ‘Emitall Sites’ file.  We set cutoffs for DP, the total 
read depth at each site, MQ, the average mapping quality at a site, and the fraction of MQ0 reads 
at a site.  We determined cutoffs based on comparison of putatively variable sites that pass or fail 
the VQSR selection criteria (Figure S2).  We found that DP cutoffs of >= 192 and <=547 capture 
98% of the VQSR pass sites, that 99% of VQSR pass sites have MQ >= 48 and 99.5 of VQSR 
sites have a MQ0 fraction <= 1%.  Applying these cutoffs to the non-variable sites (variable site 
mask is determined by the VQSR procedure), identified 89.79% of the non-gap autosomes as 
being callable.  We further refined this by removing sites within 5bp of a candidate indels, 
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removing annotated segmental duplications, and intersecting with the target regions of the exome 
capture array (Figure S3).  

Exome Sequence Data Analysis 
Exome capture data was processed as described above. Variants were selected based 

on the VQSR criteria implemented in the GATK. We restricted analysis to the 44 Mb target set for 
the Agilent Sure Select Exon Enrichment platform.  

Variant Annotation 
The putative ancestral state of each variant was annotated following the 1000 Genomes 

Project (4) based on ancestral sequences determined by Ortheus using multi-species alignments 
from Ensembl Compara release 59 
(http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase1/analysis_results/supporting/ancestral_alignmen
ts/). Only variants for which the ancestral state was known were kept for downstream analysis.  

 
Recent studies have shown that establishing the damaging potential of a variant is 

extremely difficult. As an example, one of the commonly used predictive algorithms, Polyphen (5), 
has been shown to have a strong reference bias, annotating as neutral variants that are 
represented in the reference genome, regardless of their ancestral state (6). We therefore used 
two algorithms, one that is a measure of conservation across species (GERP scores) (7), and 
another that is based on the biological effect of the variant (ANNOVAR) (Table S2). Positive 
GERP (RS) scores reflect a site showing high degree of conservation, based on the inferred 
number of “rejected substitutions” across the phylogeny.  GERP scores were obtained from the 
UCSC genome browser (http://hgdownload.cse.ucsc.edu/ gbdb/hg19/bbi/All_hg19_RS.bw) based 
on an alignment of 35 mammals to human. The allele represented in the human hg19 sequence 
was not included in the calculation of GERP RS scores.  GERP scores from the exome dataset 
range from -12 to 6.17, though only variants with a GERP score greater than -2 were selected for 
subsequent analysis, as negative values may be indicative of poor sequence alignments across 
the phylogeny.  Most analysis focus on variants with positive GERP RS scores > 2.  Since the 
range of RS scores is dependent on the depth of the multi-species phylogeny used, we re-
annotated GERP scores for the 1000 Genomes data using this procedure. We first examined the 
distribution of GERP RS scores for both all exome single nucleotide changes and for only 
nonsynonymous changes (Figure S8). We observe an approximately normal distribution for all 
exome variants between -2 and 6.5, but for nonsynonymous variants, there is sharp decrease in 
the number of variants greater than GERP score of 4. This difference in the distributions is 
consistent with the prediction that more conserved nonsynonymous sites are more likely to be 
functionally important and therefore subject to purifying selection when mutations occur at highly 
conserved sites. We focus on all exome variants in the analyses that follow.  In order to explore a 
possible ancestral bias we examined the site frequency spectra across effects for the different 
populations. Figure S4 shows results for moderate effect variants. Though no evidence of an 
ancestral bias was detected, we note that excluding variants where the ancestral allele is the 
alternate allele according to the reference sequence has a very strong effect in the site frequency 
spectrum overall shape. While the true fitness of these mutations cannot be measured directly, 
GERP scores are indicative of long-term selection in many species and the severity of mutation 
effect should be similar in human populations. 

Local Ancestry Assignment 
 

Local ancestry segments in the 8 Mayan samples were inferred using RFMix (8). Two 
reference panels were constructed, one for Native American ancestry and one for European 
ancestry. The Native American reference panel was constructed by including all samples from the 
Maya, Pima, Columbian, Karitiana and Surui populations in HGDP(2). The European reference 
panel was constructed by using all samples from the Sardinian and French populations. One 
Mayan sample at a time from the Native American reference panel was removed to form the 
admixed panel for the initial inference step. RFMix was run in PopPhased mode with the 
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“Generations After Admixture” parameter set to 12. Expectation-maximization (EM) was 
performed and the results from the first iteration were used for analysis. All other RFMix 
parameters were left as their default values. 

Individual-­‐based	
  simulations	
  
To simulate changes in heterozygosity across human populations during a range 

expansion with founder effects, we kept track of allele frequencies at a set of 100 loci. All loci are 
diallelic and unlinked. At selected loci, the ancestral allele is assumed selectively neutral and 
mutants reduce an individual’s fitness by a factor 1-s only if it is present in homozygous state, that 
is, deleterious mutations are completely recessive. Because we are modeling mutations at single 
nucleotides, we assume the frequency of back-mutation to be sufficiently rare that it can be 
neglected, and that each mutation occurs at a unique locus. We modeled human range 
expansion across an array of 10x100 demes, with an ancestral population restricted to the first 
10x10 demes at one edge of the habitat. After reaching migration-selection-drift equilibrium, 
populations expand into the empty territory, which is separated from the ancestral population by a 
geographical barrier, through a spatial bottleneck (to mimic the bottleneck out of Africa, see 
Figure S19 for an illustration of the model). After 3,000 generations, we computed the average 
expected heterozygosity for all populations. To compare the simulation results with the data, the 
spacing of demes was chosen such that distance between two neighboring demes is 250 km. 
Since computational limitations of individual-based simulations prohibit a complete exploration of 
the parameter space for this model, we focused on a set of reasonable demographic and 
mutations parameters (K = 100 diploid individuals per deme, mutation rate of u = 10-5 per locus 
per generation), and the migration rate and selection coefficient were adjusted to generate 
heterozygosity consistent with the observed data, without formally maximizing the fit. 
 

Models of dominance 
Several models of dominance were considered in the calculation of mutational load. 

Formally, h=0 if the mutation is completely recessive (ancestral homozygotes and heterozygotes 
have the same fitness), h=0.5 indicates that the mutation effect is additive (the fitness is exactly 
intermediate between the reference homozygote and the alternate homozygote) and when h=1 
the mutation is dominant (heterozygotes and derived homozygotes have the same fitness). We 
also consider a dominance model developed from mutation-accumulation results where the 
dominance coefficient is inversely related to the selection coefficient by an asymptotic distribution. 
Specifically, h decreases from additive to recessive as the selection coefficient becomes stronger. 

Testing for a recessive model of dominance 
 
Hardy-Weinberg: If deleterious variants are completely recessive, we would expect a deficit of 
derived homozygous mutations (or conversely, an excess of heterozygotes) as purifying selection 
would tend to remove recessive homozygotes. One might test for this hypothesis by considering 
the ratio of heterozygotes to derived homozygotes for different function effect classes; the 
het/homDer  ratio increases as variants are predicted to be of greater effect. However, this pattern 
could also be due to the enrichment of low frequency variants (namely singletons) by purifying 
selection alone without a significant number of recessive variants. We thus considered the 
het/homDer ratio in the Luhya population, removing singletons from the dataset and calculating the 
ratio for different frequency bins (Figure S15). Our results show that even after removing 
singletons, extreme variants are enriched for heterozygotes, in the low frequency bins. This is 
consistent with a recessive model of purifying selection, whereby recessive homozygotes are 
more likely to be removed. 

We also investigated deviations from Hardy-Weinberg using the polymorphic exome sites 
in the Luhya population from the 1000 Genome Project (Figure S16A) by plotting the observed 
number of derived homozygotes versus heterozygotes. Color indicates the number of 
observations found in each bin (i.e. the number of sites that have x homozygotes and y 
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heterozygotes.) We used the derived allele frequency, q, to calculate the number of 
heterozygotes (hetHW) and derived homozygotes (homHW

Der) under the Hardy Weinberg 
expectation. Variants that do not follow the neutral pattern with a p-value of 0.01 are shaded. 

 

 

 
where N is the population sample size. To calculate the significance we used the Chi-Square 
statistic to test whether the observed genotype frequencies where significantly different from the 
ones expected under Hardy-Weinberg Equilibrium, with a p-value of 0.01 and 1 degree of 
freedom.  
 

 

 
Proportion of deleterious variants in dominant and recessive genes 

 
We additionally tested for a recessive model of dominance by examining the average 

proportion of neutral, moderate, large and extreme effect variants in known recessive and 
dominant genes. With this purpose, we used the OMIM database (ftp.omim.org) to obtain a list of 
genes and physical positions of autosomal genes related with a recessive or dominant disease, 
and classified with a Confirmed status. Genes associated with both dominant and recessive 
diseases were excluded from the dataset. In this way we had a list of regions in the genome 
related with recessive and dominant diseases, respectively. 

We next examined those regions in our HGDP exome dataset, as well as in 1000G 
Agilent exome dataset. For each gene we calculated the proportion of variants within each effect, 
and weighted the proportions according to the length of the gene. Specifically, genes further away 
from the median gene length distribution were down weighted. We then averaged the proportion 
of the number of variants within each effect category (Figure S16B) and performed a Wilcoxon 
test to determine if the distribution of the proportion of LARGE effect variants were different 
between dominant and recessive genes. Results for HGDP were not significant with a p-value of 
0.06, but results for 1000G reached significance with p-value of 0.03. In both cases the proportion 
of LARGE effect variants in dominant genes was lower than in recessive genes, suggesting that 
the distribution of high effect variants varies with the degree of dominance of the gene or the 
genotype. 

Model for the underlying distribution of dominance 
 
We aimed to relate the dominance coefficient, h, and the absolute value of the selection 

coefficient, s, for deleterious single-nucleotide mutations segregating in human populations. 
 

1. Boundary conditions 
To begin, we make use of a relationship between h and s that was previously obtained for  

mutations in yeast (9): 
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�𝟏!𝜷𝟐𝒔

− 𝒅     ( 1 ) 

where β1, β2, and d are some constants. As described in Agrawal and Whitlock and others 
(9), as selection strength increases, the dominance coefficient tends to zero. In other words, we 
assume that strongly deleterious mutations are fully recessive: 

 
lim
𝑠→!

ℎ 𝑠 = −𝑑 = 0 
 
We also make use of a frequent assumption that the dominance coefficient for neutral 

mutations (i.e. those for which s = 0) is equal to ½: 
 

ℎ 0 = 𝛽! =
!
!
 

 
When we specify d = 0 and β1 = ½ in equation (1), the dependence of the dominance 

coefficient on the selection coefficient becomes 

ℎ 𝑠 =
1
2

1 + 𝛽!𝑠
 

 
2. Least-squares fit 
 
In order to fins the best value for parameter β2 in h(s) above, we start by defining h(s) as a 

function of both s and β2: 

𝒉 𝜷𝟐, 𝒔 =
𝟏
𝟐

�𝟏!𝜷�𝟐𝒔
             ( 2 ) 

We now make use of the selection coefficients we have obtained independently for four 
GERP categories of single nucleotide polymorphisms segregating in human populations. The 
absolute values of these selection coefficients are – in order of increasing selection strength – s0 
= 0, s1 = 10-4, s2 = 10-3, s3 = 2 ×10-3. 

We assume that, of the four classes of mutations mentioned above, the one with the smallest 
selection coefficient has a dominance coefficient that is very close to ½ and that the class of 
mutations with the largest selection coefficient has a dominance coefficient that is very close to 
zero. 

One can show that the former requirement, that |h(β2, s = s0) – ½| is minimized, tends to 
decrease β2. At the same time, the latter requirement, that |h(β2, s = s3) – 0| is minimized tends to 
increase β2. If we require that the sum of |h(β2, s = s0) – ½| and |h(β2, s = s3) – 0| is minimized – 
or, similarly, that the sum of the squares of these two expressions is minimized – one obtains an 
intermediate value of β2 that corresponds to a balance between the two requirements. In other 
words, we are looking for 

arg𝑚𝑖𝑛
𝛽!

𝑓 𝛽! , 

the value of β2 that results in a minimum of function f(β2), defined below: 
 

𝒇 𝜷𝟐 = 𝒉 𝜷𝟐, 𝒔 = 𝒔𝟎 − 𝟏
𝟐

𝟐
+ 𝒉 𝜷𝟐, 𝒔 = 𝒔𝟑 − 𝟎 𝟐                       ( 3 ) 

 
In order to find β2 that minimized f(β2), we take derivative of that function with respect to β2 and 
set it to zero: 

 
𝒅𝒇
𝒅𝜷𝟐

=
𝟏
𝟐𝒔𝟎
𝟐𝜷𝟐

𝒔𝟎𝜷𝟐!𝟏 𝟑 −
𝟏
𝟐𝒔𝟑

𝒔𝟑𝜷𝟐!𝟏 𝟑 = 𝟎          ( 4 ) 
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When we use s0 = 0 and s3 = 2 × 10-3 in equation (4) and look for positive, real roots of that 

equation, we find that the only such root is 
 

𝛽! =
1

𝑠!×𝑠!
= 7071.07 

 
and that f(β2) is at its lowest value at this root if β2 is restricted to be greater than 0. 

 
3. Dominance coefficient function. 
We can now use the resulting dependence of the dominance coefficient on the selection 
coefficient, 

ℎ 𝑠 =
1
2

1 + 7071.07×𝑠
, 

 
to obtain h for various values of s: 

ℎ 𝑠! = ℎ 0 = 0.46698, 
ℎ 𝑠! = ℎ 10!! = 0.292893, 
ℎ 𝑠! = ℎ 10!! = 0.0619497   
ℎ 𝑠! = ℎ 2×10!! = 0.0330204. 

 
 

4. Variance of the dominance coefficient 
 
We also make use of a previously described function, namely, a displaced gamma 

distribution, which has been shown to be a best fit to the data in previous studies (Agrawal 
Whitlock, 2011). In summary, the dominance coefficient for a given variant follows the equation: 

 

h!"#,! s!, β!, β!, σ!! , δ = µμ! !"# ,! + Q! δ! σ!! , σ!! δ , !
!"

k − !
!

− d, 
 

where 𝑠𝑗, 𝛽!, 𝛽! have already been estimated, 𝜇ℎ 𝑑𝑒𝑙 ,𝑗 is the dominance coefficient for each 

selection coefficient that has also been calculated, 𝑑 ≈ 𝛿, and 𝜎ℎ
!   and  𝛿 are the variance and the 

mean of QG, which is a gamma distribution to introduce variance to the dominance coefficient. 
Values for 𝜎ℎ

!   𝑎𝑛𝑑  𝛿 have been taken from (9) and are 0.010 and 0.038, respectively. 
 

 

Testing for significance in differences in Load 
 

In order to test whether differences in Load under the different models of dominance (Fig. 
5) are significant we performed 1,000 iterations under each model where the 54 individuals in the 
dataset were randomly re-assigned to the 7 populations. For each iteration we would recalculate 
Load accordingly to the model of dominance assumed and then calculate the maximum 
difference in Load (ΔLoad) obtained in the simulated mosaic dataset. After the 1,000 iterations we 
would compare the real ΔLoad  and the mosaic ΔLoad, and determine if the real observation was a 
statistical outlier (Figure S22). Under the recessive and intermediate model there were virtually 
no scenarios in which simulated ΔLoad was larger or equal to the observed one. For the additive 
model, the observed ΔLoad was still statistically significant, with only 1.6% of the mosaic 
populations having a greater value than the real one (p-value < 0.05). 
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Supplementary Results 
 

PSMC Simulations and demography 
  

We constructed profiles of effective population size through time using PSMC method 
(10).  Since this model relies on heterozygous sites within an individual it is not applicable to low 
or moderate coverage whole genome sequencing.  However, if the rate of ‘missing’ 
heterozygotes is known and uniform, the PSMC curves can be corrected through a rescaling of 
the mutation rate to an effective rate that incorporates heterozygote false negative rates.  We 
applied this rescaling idea, utilizing Pathan sample HGDP00222, which has 22x coverage, as a 
test case.  We subsampled reads from this sample to lower coverage levels, ran the PSMC 
calling procedure on the sub sampled read sets, and compare the proportion of heterozygous 
sites identified at each coverage level.  Based on this, we constructed a correction curve relating 
coverage level with to heterozygote SNP false negative rates.  We found that reasonable 
concordance between down-sampled and original PSMC curves could be obtained for coverage 
levels >10x.  Since all of the samples were sequenced and processing in the same manner, we 
reasoned that the correction curve constructed for HGDP00222 would be applicable to other 
samples in this data set.  We verified this through comparison of our corrected PSMC curves with 
PSMC curves constructed from a high coverage San individual and a high coverage Mbuti Pygmy 
sample obtained from (11) (Figure S1).   

Effect of sample size on mean number of homozygotes 
 
We observe approximately equal numbers of extreme homozygotes per individual, unlike 

other effect ranges. The pattern may be the result of strong purifying selection equally efficient in 
different populations in removing homozygotes. However, these results could also be due to lack 
of power to find differences across populations due to the small number of variants we observe in 
the extreme effect category. One way to test this hypothesis is to sub-sample the same number 
of extreme homozygotes for the other effect categories and test whether there is a difference 
among populations. We took a random individual from the San population and counted the 
number of extreme homozygotes, n=24. We then randomly sampled 24 variants in the neutral, 
moderate, and large categories and calculated the homozygotes per individual within each 
population. We iterated over 1,000 bootstraps. Results can be found in Figure S12A-D, and 
demonstrate that the number of homozygotes increases with distance from Africa for each effect 
even for a small sample of variants. This result lends support to the interpretation that the pattern 
Figure 2F is due to strong purifying selection, rather than low power to detect a cline. 

Effect of sample size on Ai for each functional category 
 
In order to find out whether the observed pattern for moderate, large and extreme 

variants is actually a consequence of differences in variant sample size across categories we 
opted for following strategy. For each effect category, we randomly selected an increasing 
number of variants, and calculated individual load for the selected set. If the pattern of mean 
individual load across populations is random and a consequence of the variant sample size, one 
would expect a certain stochasticity in the individual counts, independent from the observations in 
Figure 2D-F. Alternatively, if the minimum informative sample size is reached, the pattern is 
expected to remain constant from that point on. Results are shown in Figure S2 and show that 
the pattern we see in the individual load boxplots is already visible with fewer variants. This is 
especially true for the large effect variants, where the increase in derived counts with distance 
from Africa is can be detected with only 7,000 variants (vs. the more than 25,000 variants in the 
full exome dataset).  
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Extreme alleles (GERP >= 6) across populations 
 
We were interested in looking at the pattern of extreme alleles across populations. 

Population theory predicts that extreme alleles will be held at low frequencies if their effect is 
deleterious, and eventually be eliminated. The SFS of extreme variants shows an excess of low 
frequency variants (namely singletons), compared to the neutral SFS (Figure S13). For a given 
population, no less than 45% of the extreme variants are singletons. We next asked how variants 
were distributed across the complete dataset (Figure S20A). Surprisingly when we consider all 
the populations 60% of the variants are singletons (514 out of 854). If we focus on variants 
private to a specific population the percentage increases to 76%. Thus, the vast majority of 
variants with extreme effect are either new or kept at very low frequencies, being private to a 
population. Interestingly, few variants (a dozen) are almost fixed in the dataset. This could be due 
to errors in the assignment of the ancestral allele or evidences of positive selection. When we 
focus on variants found in homozygosity (Figure 20B) we observe as expected an increase in the 
number of homozygotes, with distance from Africa. Sub-Saharan African populations have more 
variants in homozygosity that are found only once in the dataset (like “homozygous – singletons”), 
whereas Out of Africa populations have more homozygous singletons at higher frequencies. 
Some variants are found at high frequencies in African populations, and are found at lower 
frequencies elsewhere.  

Hardy-Weinberg Equilibrium Test 
 
We tested for deviations from Hardy-Weinberg equilibrium in a sample of 72 Luhya 

individuals from 1000 Genomes Nimblgen exome capture (Figure S16A). We show that there is 
an excess of heterozygotes compared to Hardy-Weinberg expectations, particularly when the 
homozygotes are at low frequency. However, no extreme effect alleles were found to have 
significantly more heterozygotes than predicted. The bulk of the heterozygotes with a paucity of 
corresponding derived homozygotes occurs in the neutral and moderate effect categories. We 
conclude that alleles are either generally additive or moderately recessive such that incomplete 
penetrance does not cause them to significantly violate Hardy-Weinberg at p<0.01. Alternatively, 
we note that the HW model has low power for rare allele frequencies, so if most selection occurs 
against deleterious recessive variants less than 25% in frequency than this test does not have 
sufficient power to detect deviations from an additive model. For example, if there is one derived 
homozygotes in the population then there would need to be more than 37 heterozygotes to 
deviate from Hardy-Weinberg at p<0.01, an allele frequency of at least 28%. Interestingly, we 
also observe many variants that have a deficient number of heterozygotes / excess of 
homozygotes. This pattern can occur due to haploinsufficiency (12) or false negatives in the next-
generation sequencing data (i.e. heterozygotes are more error prone for variant calling software).   

Inference based on the site frequency spectrum: 
 
Although we classify extreme effect mutations as being potentially deleterious, there is 

also a possibility that these mutations are functionally adaptive, large effect mutations that are 
under positive selection.  We test this hypothesis by considering the site frequency spectrum 
(SFS) of predicted extreme and neutral effect mutations. For each population, we considered the 
number of extreme and neutral effect variants in each allele frequency bin, proportional to the 
total number of mutations in the extreme and neutral category such that the spectra are directly 
comparable. While the two spectra generally demonstrate an exponential decay, as expected 
under constant size or low population growth, there is an enrichment of extreme effect mutations 
in low frequency bins for all populations. This observation is consistent with other studies that 
have shown an enrichment of deleterious alleles at low frequencies (13, 14).  Some populations 
also display an enrichment of extreme effect variants at intermediate frequencies (e.g. Pathan), 
potentially indicative of adaptive alleles under balancing selection; such inference would require 
additional modeling (15). No populations display an enrichment of extreme effect alleles at 
fixation, suggesting that overall, selective sweeps have not played a dominant role in shaping the 
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frequencies of extreme effect alleles (16). No such pattern is present for large effect alleles either 
(Fig. 3B). 

Mutation Load 
It has also been argued that the relationship between effective population size and load is 

non-linear for a model with partially, but not completely, recessive mutations (i.e. h=0.05) (17). 
This is because in a population with larger effective size, mutations of equal s are less likely to be 
lost by drift and thus recessive deleterious alleles can float to higher frequencies, impacting more 
individuals when exposed as homozygotes. We do not observe this effect within African 
populations, which carry fewer weakly deleterious alleles per individual than non-African 
populations (Figure 2A). 

It is also interesting to note that there are negligible differences in additive load between 
western Africans and Europeans. This is in keeping with the fact that western African populations 
have experienced dramatic population growth over the past 5,000 years (18), which alters the 
distribution of deleterious alleles within a population (19). There are sharp differences in 
demography among African populations, and populations with western African ancestry should 
not be taken to be representative of all of Africa. 
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Table S1: Genome and exome variant statistics by 
population after imputation 
	
  
 San Mbuti Mozabite Pathan Cambodian Yakut Maya 
Sample Size 6 7-85 8 8 8 8 8 
Genome Statistics 
Coverage1 10.57x 6.67x 6.32x 8.93x 7.41x 5.96x 7.86x 
NR alleles2 3976209 3826512 3240806 3121928 3100036 3072826 3008568 
Heterozygotes3 2424664 2316159 2002220 1870784 1762812 1715462 1609374 
Singletons4 223066 151579 75293 66821 59120 36385 37099 
Ti/Tv 2.166 2.17 2.176 2.175 2.17 2.168 2.167 
NR alleles ≥ 2 reads 3948479 3774409 3198236 3089167 3066118 3024982 2969049 
Homozygous NR 
concord. 

0.992 0.979 0.981 0.987 0.990 0.987 0.991 

Heterozygous 
concordance 

0.978 0.964 0.981 0.986 0.990 0.986 0.988 

Exome Statistics 
Coverage1 82.3 77 85 75.5 77 78 75.5 
NR alleles2 34918 34148 28486 27380 27048 26889 26233 
Heterozygotes3 21366 20994 17914 16645 15652 15232 14218 
Singletons4 2936 2392 1513 1424 1328 1061 980 
1 Mean population coverage for genomes assessed by sampling each individual for ~650,000 
sites on the Illumina Human660K BeadChip SNP platform and counting read depth after quality 
filtering. Median population coverage for the exomes encompassing all mapped, on target reads.  
2 Mean number of non-reference alleles for an individual in the population (i.e., a non-reference 
homozygous genotype is counted twice.)  
3 Mean number of heterozygotes for an individual in the population. 
4 Mean number of singletons for an individual in the population. 
5 Eight individuals were included for exome and genome sequencing; one sample did not pass 
genome quality control and was excluded from the full genome dataset. 
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Table S2: ANNOVAR functional annotations as 
compared to GERP 
 

RS Score Intergenic Intronic UTR-5 UTR-3 Missense Nonsense Synon. Total 
Neutral: -2,2 5566 28592 1167 1751 14614 187 16883 68760 

Moderate: 2,4 1676 8956 540 721 13648 160 9913 35614 

Large: 4,6 682 2789 248 314 19645 183 4935 28796 

Extreme: >6 11 64 4 8 741 7 88 923 

Total: 7935 40401 1959 2794 48648 537 31819 134093 
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Figure S1: Assessment of PSMC coverage correction 
 

 
 
Figure S1 Assessment of PSMC coverage correction. A) PSMC curves from original 
moderate coverage data before and after coverage correction are compared with B) PSMC 
curves constructed from high-coverage sequences from the same populations.  Strong 
concordance is observed, with discrepancies mostly restricted to the point of maximum 
population size inferred by PSMC. 
 
  

A!

B!
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Figure S2: Determination of whole genome masks 
 

 
 
 
Figure S2: Determination of whole genome masks.  Distribution of DP, MQ, and MQ0 fraction 
values for genomic sites that pass (blue) and fail (red) the VQSR procedure are shown.  Cutoffs 
correspond to 192 <= DP <= 547, MQ >= 48 and MQ0 fraction <= 0.01. 
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Figure S3: Genotype concordance for full genome data 

 
 
 
Figure S3: Genotype Concordance for Full Genome Data. Phasing and imputation for the full 
genomes was performed using BEAGLE v3.2. We assessed genotype concordance for SNP calls 
pre- and post-BEAGLE by comparing genotypes to the Illumina 660K SNP array data for each 
individual (2). A) Concordance between homozygous non-reference genotypes for each of 53 
individuals. B) Concordance between heterozygous genotypes. C) Relationship between 
concordance at homozygous non-reference genotypes for the post-BEAGLE imputed genome 
data and overall genome coverage. 
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Figure S4: Contrasting the SFS for ancestral and derived 
alleles 
 

 
 
Figure S4: Contrasting the SFS for Ancestral and Derived Alleles. We asked whether there 
were systematic differences in the SFS for ancestral and derived variants, relative to the human 
reference genome. Shown are moderate effect variants, GERP >2 and <4. The left plot for each 
population shows the SFS for which the reference allele is ancestral, and thus the non-reference 
allele is derived. The right hand SFS shows the opposite pattern, where the reference allele is 
derived and the non-reference allele is ancestral. This pattern has been observed elsewhere (20), 
and is even expected because alleles that have already been observed once, in the human 
reference genome, have a higher probability of being observed again when sampling a new 
population. OOA populations, being more closely related to the human reference genome, have 
more alleles that have been previously observed in the single human reference sample. African 
populations have a higher proportion of novel, derived alleles (or conversely fewer derived alleles 
shared with the reference).  
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Figure S5:  Number of heterozygotes per individual 
genome for 7 populations 
	
  

	
  
Figure S5: Number of heterozygotes per individual genome for 7 populations. Boxplots of 
number of heterozygotes per individual from the 2.48Gb callable region of the human genome for 
all 7 seven populations. 
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Figure S6: Karyograms of the Mayan individuals 
reflecting the inferred ancestry 
	
  

	
  
Figure S6: Estimates of European (blue) and Native American (red) ancestry at the chromosome 
level were plotted for every individual (A-G). Every pair of chromosomes is depicted along the Y-
axis and the genetic position is reflected on the X-axis. Note that two out of eight individuals (F,G) 
showed more than 20% of European ancestry and were thus removed from analysis based on 
deleterious variants. 
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Figure S7: Simulations of bottleneck length and 
magnitude as inferred from PSMC 

 
Figure S7: Simulations of Bottleneck Length and Magnitude as Inferred from PSMC. We 
tested whether PSMC was robust to changes in either the duration of a bottleneck or the 
magnitude of a population bottleneck. A) Using a simulation of population history parameters 
similar to the original paper (10), we varied the duration of a bottleneck to reflect more realistic 
5,000 or 10,000 year periods. The inferred time of the bottleneck is substantially overestimated 
for briefer bottleneck periods (by approximate 25% to 75% for the tested scenarios). Additionally, 
when the bottleneck is of brief duration the magnitude of the bottleneck is underestimated. B) 
Using the original 70,000y bottleneck, we varied the magnitude of the reduction in effective 
population size. The magnitude of shallower bottlenecks maybe somewhat overestimated, but 
approaches accuracy for severe (e.g. 90%) reductions in effective population size. 
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Figure S8: Comparison of ancestral/derived variants by 
GERP score 
 
a) 

 
b) 

 
 
Figure S8. Comparison of GERP scores across sites where the reference allele is derived 
or ancestral, and to ANNOVAR classes. A) Variant sites were binned by derived allele 
frequency (across all 54 samples from the HGDP collection) and categorized based on the state 
of the allele represented in the human genome reference assembly.  The box plots represent the 
median and 25th and 75th percentiles of data, the whiskers correspond to the 5th and 95th 
percentile, and the red diamond indicates the mean.  Sites with a GERP RS score < -2 were 
omitted from analysis. B) Proportion of functional classes of mutations, as defined by ANNOVAR, 
in different GERP scores categories (see also Table S2). 
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Figure S9: Distribution of derived variants with 
conservation scores -2 ≤ GERP ≤ 6.5 
 

 
 
Figure S9: Distribution of derived variants with conservation scores -2 ≤ GERP ≤ 6.5. For 
bin sizes of 0.2, the number of derived variants within each population are plotted according to 
the prior population color scheme (Figure 1A).  Binned counts were standardized by the number 
of samples per population. GERP scores were divided into four functional categories: neutral (-2 
to 2), moderate (2 to 4), large (4 to 6), extreme (>6). A) Nonsynonymous variants are not 
normally distributed. B) All exome variants conform to a normal distribution. No population had a 
significant excess or deficit of variants within a particular GERP score range. 
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Figure S10: Median number of derived variants per 
individual 

 
 
 
Figure S10: Median number of derived variants per individual. For all variants, regardless of 
GERP score annotation, we tabulated the number of derived variants per individual, 
heterozygotes and derived homozygotes. Out of Africa populations have roughly equivalent 
numbers of derived variants per individual. African populations have ~1% fewer derived variants 
per individual.  
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Figure S11: Individual counts of neutral derived variants 
 
 

 
 
Figure S11: Individual counts of Neutral derived variants. For exome variants with GERP 
score in the -2 to 2 range, we evaluated the average number of A) The total number of derived 
variants (equivalent to number of heterozygotes + twice the number of homozygotes), B) derived 
homozygotes, and C) heterozygotes by population. 
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Figure S12: Number of common and rare variants per 
individual’s genome by predicted effect 
 

 
 
Figure S12: Number of common and rare variants per individual’s genome by predicted 
effect. For a given individual, deleterious variants within each predicted effect category were 
divided into common (>10%, solid colors) and rare (<10%, shaded colors). The contribution of 
common deleterious variants to an individual’s burden is much greater than rare variants. A) 
Moderate, B) Large, and C) Extreme.  
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Figure S13: Number of homozygotes per population with 
subsampling 

 
 
Figure S13: Number of homozygotes per population with subsampling. The minimum 
number extreme homozygotes in a San individual, 26, was used to sub-sample the variants of 
neutral, moderate, large and extreme effect, and calculate the average number of homozygotes 
per population. The red line indicates the average number across 10,000 bootstraps, the dashed 
lines indicate the average number per population for every bootstrap and blue background 
indicated the individual ranges for every bootstrap. 
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Figure S14: Site Frequency Spectra (SFS) of neutral and 
extreme effect variants 
 

 
 
Figure S14: Site Frequency Spectra of Neutral and Extreme Effect Variants. We compared 
the proportion of neutral variants by their frequency class to extreme effect variants by frequency 
class.  The proportion of variants is shown along the Y-axis and each frequency bin is shown 
along the X-axis. Extreme effect variants are colored translucent. Neutral variants are shaded 
grey. Overlap between the two categories is opaque.   
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Figure S15: Relative reduction in heterozygosity (RH) 
 

 
 
Figure S15: Relative reduction in heterozygosity (RH) at sites under selection as compared 
to neutral sites. Correlation between reduction in heterozygosity, or “RH”, and distance from 
northeastern Africa for all 41 OOA individuals, separated by GERP score category. African 
individuals are represented by the squares. 
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Figure S16: Heterozygosity under range expansion 
simulations assuming codominance at selected loci 
 
a) 

 
b) 

 
 
Figure S16: Heterozygosity under Range Expansion Simulations Assuming Codominance 
at Selected Loci. A) Colored circles show average expected heterozygosity for populations with 
ancestry from the OOA bottleneck. Solid lines show the regression lines obtained from 
simulations and dashed lines indicate 95% confidence intervals for the regression. The boxplots 
and colored circles on the left show the simulated heterozygosities in ancestral (i.e. African) 
populations, and the observed heterozygosity in our African dataset (San / Mbuti), respectively. 
B) Observed and simulated patterns of the reduction of heterozygosity (RH) under an additive 
model. Selection coefficients used in the simulations are s= 0 (black), s= -0.00005 (lavender), s= 
-0.00012 (red), and s = -0.0002 (orange).   
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Figure S17: Luhya het/homder ratio by effect category 
 

 
 
Figure S17: Luhya (LWK) Het/Hom Ratio by effect catgory: Under a recessive model, it is 
expected that EXTREME effect variants will have an excess of heterozygotes, compared to 
homozygotes, because of the effect of purifying selection on homozygotes. However, this pattern 
could also be biased by an excess of low frequency variants with extreme effect, compared to 
other categories. In order to distinguish between the two processes, we removed singletons for 
the dataset and calculated the ratio of heterozygotes / homozygotes in the 1000G LWK for all 
variants within each effect, and plotted the results according to the variants frequency. Results 
show an excess of heterozygotes in variants of extreme effect for low frequency bins (≤ 30%), 
being particularly evident for variants between 10% derived allele frequency. The inset shows 
boxplots for the 10% allele frequency bin along the x-axis. 
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Figure S18: Testing a recessive model 
 

 
 
Figure S18: Testing a recessive model. A) A non-additive model of dominance could lead to 
deviations from HW equilibrium if the derived variant selection coefficient is strong enough. We 
compared the observed genotype frequencies with the expected frequencies, considering the 
observed allele frequencies. Variants are plotted according to the observed number of 
homozygotes (x-axis) and heterozygotes (y-axis) in the LWK population. Heat map reflect a 
higher number of variants. The grey dashed line reflects the HW expectation. Colors are shaded 
when variants significantly deviate from HW expectation (p-value < 0.01). Specifically, variants on 
the upper left corner represent an excess of heterozygotes compared to what would be expected, 
compatible with a recessive model. B) Weighted average proportion of variants grouped by effect 
in recessive (green) vs. dominant (blue) genes. LARGE effect variants are found, on average, at 
lower proportions in OMIM annotated dominant genes, compared to OMIM recessive genes, 
consistent with purifying selection acting more efficiently in dominant genes, where the LARGE 
effect variants is more likely to be expressed. 
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Figure S19: Mutational load in 1000 Genomes exome 
data 
 
 

 
 
 
Figure S19: Differences in Load - 1000 Genomes Dataset. For each population, load is 
calculated under a recessive, intermediate and dominant model (as in Figure 4), reflecting 
contributions from variants with moderate, large and extreme effect. 
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Figure S20: Distribution of highly differentiated variants 
vs. the genome 
 
 

 
 
 
Figure S20: Distribution of functional alleles in highly differentiated variants vs. the whole 
Genome. A) Distribution of GERP scores across the Genome B) Distribution of GERP scores in 
highly differentiated variants for different demographically relevant population comparisons: (Afr- 
Afr), (Afr-OoA), (OoA,OoA). Results show now apparent differences in the distribution of 
functional variants in those two datasets.  
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Figure S21: Schematic of the range expansion model 
 

 
 

 
Figure S21: Schematic of the range expansion model. The model includes a spatial 
bottleneck we used to simulate the evolution of heterozygosity during a linear 2D expansion. 
Panel A) shows the ancestral population (gray) separated from the empty habitat by a migration 
barrier (black line). After a burn-in phase of 20,000 generations, a single deme in the middle of 
the migration barrier is removed for 5 generations, during which individuals from the ancestral 
population can migrate into the empty habitat. Panel B) shows the onset of the expansion and 
panel C) the colonization of the empty habitat by the expanding population (gray). Panel D shows 
the whole metapopulation after the colonization is complete. Migration is bidirectional among 
demes in the simulation. For a similar simulation model, see (21). 
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Figure S22: Sharing of GERP ≥ 6 variants across 
populations  

 
 
 
Figure S22: Sharing of GERP >6 Variants Across Populations. A) For the 800 extreme 
variants we sorted alleles into homozygote and heterozygote states. Variants are sorted along the 
X-axis according to their global frequency in the dataset, with common variants on the left and 
rare variants on the right. In each population, the counts of heterozygotes are ordered in 
decreasing frequency from top to bottom. Homozygotes are ordered in the opposite fashion, with 
frequent counts on the bottom row and increasing toward the top within each population. The 
majority of variants are singletons, indicated to the right of grey line. Out of Africa populations 
carry more EXTREME variants at higher frequencies and share more EXTREME variants with 
each other than they share with African populations. Only a small number of GERP >6 variants 
are fixed in African populations. B) A version of the homozygous GERP>6 variants is shown in 
the bottom panel.  
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Figure S23: Site frequency spectrum under different 
selection regimes and locations of the range expansion. 
 

 
 
 
 
Figure S23: Site frequency spectrum under different selection regimes and locations of the 
range expansion. The site frequency spectrum was plotted for simulated demes from different 
locations under a range expansion model. Each row represents a different simulated selection 
coefficient, corresponding to A) moderate B) large C) extreme estimated effect. As the negative 
selection coefficient increases, the proportion of low frequency variants increases, and as 
geographic distance between the deme and the ancestral population increases, a greater amount 
of variants reaches fixation, even for highly deleterious variants.   
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Figure S24: Testing significance in observed differences 
in load under the assumed models of dominance. 
 

 
 
Figure S24: Testing significance in observed differences in Load under the assumed 
models of dominance. A) Under each model, 1,000 iterations were performed where individuals 
were randomly re-assigned to populations and the maximum difference in mutation load was 
calculated. The observe difference in load is represented by a red square and the simulated 
differences are represented via boxplots. Under all three models the observed difference in Load 
is statistically significant with a p-value < 0.05 (See SI Methods). B) Distribution of the simulated 
differences in mutation load (blue) and the observed difference in load (red square). 
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Figure S25: Relationship between runs of homozygosity 
and mutation load 

 
 
Figure S25: Median cumulative runs of homozygosity (cROH) for HGDP populations. The 
median number of cumulative runs of homozygosity was calculated for each of our seven 
populations from >600,000 SNPs obtained from SNP array data (2). Each ROH was at least 1 
megabase (Mb) and contained a minimum of 25 SNPs. We allowed for 1 missing genotype per 
window and 2 heterozygotes per Mb in order to account for genotyping error rates. ROHs were 
calculated in plink. Long runs of homozygosity represent segments shared IBD between an 
individual’s parents and represent inbreeding in the population. While strong genetic drift in 
Native Americans results in long ROH, endogamy in the San has also resulted in a substantial 
fraction of the genome in ROH (22) and shared IBD among members of the group (23).  
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Figure	
  S26:	
  Annotation	
  of	
  variants	
  with	
  PhyloP	
  and	
  correlation	
  
with	
  distance	
  from	
  Africa	
  
 
a) 
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b) 

 
 
Figure S26: Number of derived homozygous sites per individual and derived deleterious 
alleles per individual for different PhyloP categories. A) The PhyloP categories are chosen 
such that the probability of a site to be neutral is >0.05 (black, Neutral), 0.05 < p < 0.01 (green, 
Moderate), 0.01<p<0.001 (blue, Large) and p < 0.001 (red, Extreme). B) The PhyloP categories 
are chosen such that the probability of a site to be neutral is >0.05 (black, Neutral), 0.05 < p < 
0.01 (green, Moderate), 0.01<p<0.001 (blue, Large) and p < 0.001 (red, Extreme).   
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