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a n a ly s i s

Human	populations	have	undergone	major	changes	in	
population	size	in	the	past	100,000	years,	including	recent	
rapid	growth.	How	these	demographic	events	have	affected	
the	burden	of	deleterious	mutations	in	individuals	and	the	
frequencies	of	disease	mutations	in	populations	remains	
unclear.	We	use	population	genetic	models	to	show	that	
recent	human	demography	has	probably	had	little	impact	on	
the	average	burden	of	deleterious	mutations.	This	prediction	
is	supported	by	two	exome	sequence	data	sets	showing	that	
individuals	of	west	African	and	European	ancestry	carry	very	
similar	burdens	of	damaging	mutations.	We	further	show	
that	for	many	diseases,	rare	alleles	are	unlikely	to	contribute	
a	large	fraction	of	the	heritable	variation,	and	therefore	the	
impact	of	recent	growth	is	likely	to	be	modest.	However,	for	
those	diseases	that	have	a	direct	impact	on	fitness,	strongly	
deleterious	rare	mutations	probably	do	have	an	important	role,	
and	recent	growth	will	have	increased	their	impact.

Recent work has highlighted the impact of demographic history on 
the distribution of human genetic variation. Deep sequencing studies  
have identified huge numbers of very rare variants in human 
populations, which are the consequence of explosive population 
growth in the past 5,000 years1–6. Additionally, Europeans and east 
Asians have a greater fraction of high-frequency variants compared 
to Africans, probably because of an ancient bottleneck of non- 
African populations5,7–10.

Given these observations, it is natural to ask whether recent demo-
graphic history has affected the burden of genetic disease in modern 
human populations3,6,11,12. Keinan and Clark3 recently hypothesized 
that “some degree of genetic risk for complex disease may be due 
to this recent rapid increase in the number of rare variants in the 
human population.” A second important question concerns the rela-
tive importance of rare and common variants in causing disease13–15. 
If much of the genetic variation underlying disease is due to rare 

variants, it could help to explain the so-called ‘missing heritability’ 
of complex traits, implying that mapping approaches based on deep 
sequencing will be essential for the dissection of complex traits16.

RESULTS
The	model
To address these questions, we analyzed a theoretical model with 
a large number of biallelic sites, each of which was subject to two-
way mutation, and natural selection against one of the alleles (Online 
Methods). We studied three types of demographic models thought to 
be relevant for human populations: (i) a bottleneck; (ii) exponential 
growth starting from a constant-sized population; and (iii) a complex 
demographic model for African Americans (including rapid recent 
growth) and European Americans (including two bottlenecks followed 
by growth) inferred by Tennessen et al.5. The main features of the 
Tennessen model are similar to those of other recent models9,10,17, but 
the Tennessen model uses a larger data set for parameter estimation. 
Our main results focus on selection against semidominant (i.e., addi-
tive) alleles in which the three genotypes have fitnesses of 1, 1 − s/2  
and 1 − s, where s is the selection coefficient, and selection against 
recessive alleles with genotype fitnesses 1, 1 and 1 − s. The effects 
of demography in these two models are qualitatively representative 
of those over the range of dominance coefficients (Supplementary 
Note). In addition to the simulation results shown here, further results 
and detailed theoretical analysis for all our key results are provided 
in the Supplementary Note.

The	impact	of	demographic	changes	on	individual	load
We focused first on the impact of demographic changes on indi-
vidual load; that is, we wanted to understand whether demographic 
history has affected the burden of deleterious variation carried by a 
typical individual in a population. Individual load is related directly 
to the number of deleterious alleles carried by an individual or, for 
recessive mutations, the number of homozygous sites per individual  
(Online Methods and Supplementary Note).

Figure 1 illustrates the impact of a bottleneck and population 
growth on the numbers of deleterious variants when selection is 
strong (s = 1%). As we expected, these demographic events have a 
major impact on the number and frequency spectra of deleterious 
variants: the bottleneck causes a decrease in the total number of 
segregating sites in a population largely because of loss of rare vari-
ants, whereas the mean frequency of alleles that survive increases. 
Meanwhile, exponential growth causes a rapid increase in the number 
of segregating sites because of a major influx of rare variants but also 
causes a consequent drop in the mean frequency at segregating sites. 

The deleterious mutation load is insensitive to recent 
population history
Yuval B Simons1,8, Michael C Turchin2,8, Jonathan K Pritchard2–5 & Guy Sella6,7

1Department of Ecology, Evolution and Behavior, Hebrew University of  
Jerusalem, Jerusalem, Israel. 2Department of Human Genetics, University of 
Chicago, Chicago, Illinois, USA. 3Howard Hughes Medical Institute, Stanford 
University, Stanford, California, USA. 4Department of Biology, Stanford 
University, Stanford, California, USA. 5Department of Genetics, Stanford 
University, Stanford, California, USA. 6Department of Ecology and Evolution, 
University of Chicago, Chicago, Illinois, USA. 7Present address: Department of 
Biological Sciences, Columbia University, New York, New York, USA. 8These 
authors contributed equally to this work. Correspondence should be addressed to 
J.K.P. (pritch@stanford.edu) or G.S. (gsella@math.huji.ac.il).

Received 27 August 2013; accepted 16 January 2014; published online  
9 February 2014; doi:10.1038/ng.2896

np
g

©
 2

01
4 

N
at

ur
e 

A
m

er
ic

a,
 In

c.
 A

ll 
rig

ht
s 

re
se

rv
ed

.

http://www.nature.com/doifinder/10.1038/ng.2896
http://www.nature.com/naturegenetics/


Nature GeNetics	 VOLUME 46 | NUMBER 3 | MARCH 2014 221

But despite these substantial shifts in the 
overall frequency spectrum, the impact on 
genetic load—namely, the mean number of 
deleterious variants per individual and thus 
the average fitness—is much more subtle.

In the semidominant case, the individual 
burden is essentially unaffected by these 
demographic events (Fig. 1c,d). With growth,  
the increased number of segregating sites  
is balanced exactly by a decrease in the mean 
frequency (with the converse being true for  
the bottleneck model) so that the number 
of variants per individual stays constant. 
This kind of balance is predicted by classic  
mutation-selection balance models18 and  
can be shown to hold for general changes 
in population size, provided that selection 
is strong and deleterious alleles are at least 
partially dominant (Supplementary Note).

The behavior of the recessive model is 
more complicated (Fig. 1e,f). In the bottle-
neck model, the mean number of deleteri-
ous variants per individual drops by 60% as 
a result of the bottleneck. This drop is due to 
the loss of rare alleles. However, during the 
bottleneck, some deleterious alleles drift to 
higher frequencies11,19, contributing dispro-
portionately to the number of homozygotes. This causes a transient 
increase in the number of deleterious homozygous sites per individ-
ual, i.e., the recessive load. Meanwhile, population growth has a less 
pronounced effect on recessive variation, leaving the mean number 
of deleterious alleles per individual unchanged but causing a slight 
decrease in load.

More generally, the manner in which demography affects individual 
load varies with the degree of dominance and the strength of selection 
(Fig. 2, Supplementary Note and Supplementary Table 1). The behavior 
of these models can be classified into three selection regimes: strong, weak 
and effectively neutral. In the case of strong selection, i.e., where selection 
is much stronger than drift (approximately s ≥ 10−3 for semidominant 
mutations), deleterious variants are extremely unlikely to fix, and virtu-
ally all of the genetic load is due to segregating variation. In this range, 
we infer that human demography has had no impact on semidominant 
load (and, more generally, for mutations with at least some dominance 
component) and has had only small effects on recessive load.

The case of weak selection—where drift and selection have compa-
rable effects—is more complex, as fixed alleles may contribute appreci-
ably to load, and the steady-state load depends on population size20. 
However, the approach to the steady state is very slow, being limited by 
both the time to fixation (on the order of 4N generations) and the muta-
tional input (on the order of 1/2NU generations, where U is the muta-
tion rate). For both the semidominant and recessive cases, population 
growth is too recent to have substantially decreased the load. Recent 
growth increases the input of new deleterious mutations, but this effect 

is counterbalanced by the fact that the new deleterious mutations are 
proportionally rarer, as well as by the input of beneficial mutations. The 
bottleneck in Europeans is estimated to have occurred further in the 
past and at much lower population sizes5 (Supplementary Fig. 1), thus 
increasing its effect. In this case, the increase in drift causes segregating 
deleterious alleles to increase in frequency, sometimes reaching fixa-
tion, and results in a slight increase in load (Supplementary Fig. 2).  
The out-of-Africa bottleneck should thus lead to a slight increase of 
load in Europeans, most notably for recessive sites.

In the effectively neutral range—where selection has negligible 
effects on the population dynamics—segregating variation contrib-
utes negligibly, and hence the load does not change with demography. 
Thus, across all three selection regimes, recent human demographic 
history is likely to have had virtually no impact on genetic load at 
partially dominant sites and only weak effects at recessive sites.

Analysis	of	exome	data
To test these predictions, we analyzed two recent data sets of exome 
sequences from individuals of west African and European descent. 
Previous work comparing load in different populations has produced 
conflicting conclusions depending on the data set, choice of measures 
and functional annotations used. For example, Lohmueller et al.11 
reported that there is “proportionally more deleterious variation in 
European than in African populations.” Similarly, Tennessen et al.5 
found that European Americans had more nonreference genotypes 
when they used a conservative classification of deleterious sites but 
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observed the opposite result when using a more liberal classification 
of sites (both observations were highly significant).

We first analyzed single-nucleotide variant (SNV) frequency data 
from a recent exome sequencing study of 2,217 African Americans (AAs) 
and 4,298 European Americans (EAs) sequenced at 15,336 protein- 
coding genes by Fu et al.6 (the allele frequencies are available from 
the National Heart, Lung, and Blood Institute (NHLBI) Grand 
Opportunity (GO) Exome Variant Server). Additionally, we analyzed 
exome data from 88 Yoruba (YRI) and 81 European (CEU) individuals 
collected by the 1000 Genomes Project21.

To test whether there are differences in load between individuals 
of west African and European descent, we considered the average 
number of derived alleles per individual at putatively deleterious seg-
regating sites. For this purpose, we considered a site to be segregating 
if and only if it is variable within the combined sample of both popula-
tions. This definition ensures that the derived counts are comparable 
across populations. Under a semidominant model, the number of 
derived alleles increases monotonically with the segregating genetic 
load. Thus, any difference in average load between populations would 
be apparent as a difference in the mean number of derived alleles per 
individual. Here we focused on an equivalent measure that also facili-
tates comparisons across different types of sites, namely, the mean 
derived allele frequency within functional classes. The mean derived 
allele frequency is equal simply to the number of derived alleles per 
individual divided by twice the number of segregating sites in that 
class, and so any difference in the mean number of derived alleles per 
individual will also be a difference in the mean derived frequencies. 
For sites that are either neutral or semidominant, our model predicts 
that the mean derived allele frequency should be virtually identical in 
Africans and Europeans (Supplementary Note and Supplementary 
Fig. 3). At recessive sites, we expect a slight increase in mean derived 
frequency in Africans compared to Europeans (Supplementary  
Fig. 3), but overall we expect any differences to be small.

We obtained functional predictions of SNVs from PolyPhen-2, which 
employs a method that uses sequence conservation and structural 
information to infer which nonsynonymous changes are most likely to 
have functional consequences22 (Supplementary Table 2 shows simi-
lar analyses with other functional prediction methods). When using 
the functional predictions, we observed a strong bias: SNVs for which 
the genome reference carries the derived allele are much more likely 

to be classified as benign than SNVs for which the reference allele  
is ancestral—this observation was true even when we controlled for  
the overall population frequency (Supplementary Fig. 4). Hence,  
our analysis incorporates a correction to account for this bias; we 
obtained very similar results using a separate set of unpublished 
human-independent PolyPhen scores provided by the Sunyaev lab 
(Supplementary Tables 3 and 4).

Figure 3 summarizes the results from the data of Fu et al.6. The mean 
allele frequency declines with increasing functional severity5 from 
2.8% at noncoding SNVs to 0.6% at probably damaging SNVs, implying  
that there is selection against most SNVs with predicted damag-
ing effects. More striking, however, is the finding that within each 
of the five functional categories, the mean allele frequencies—and 
hence the numbers of derived alleles per individual—are essentially 
identical in the two populations despite the very large size of the 
data sets (P > 0.05 for all five comparisons). Results from the 1000 
Genomes Project data are qualitatively similar: we found no sig-
nificant differences between the YRI and CEU populations in the 
numbers of derived alleles per individual in any functional category 
(Supplementary Table 5).

In summary, these observations are consistent with our model  
predictions that load should be very similar in these populations. 
Our conclusions probably differ from those of previous studies in 
part because earlier studies used measures that are related  to load but 
are also sensitive to other differences between the populations being 
compared (for example, the number of neutral segregating sites and 
the frequency spectrum) and in part because of the reference bias 
in the functional annotations accounted for here (Supplementary 
Note). We note that D. Reich, S. Sunyaev and colleagues have recently 
made similar observations regarding load in different populations 
(personal communication).
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The	impact	of	demography	on	genetic	architecture
Although changes in population size have had little impact on the 
average load carried by individuals, growth has greatly increased the 
number of rare variants in populations. So do rare variants have a 
greater (and substantial) role in the genetics of disease as a result of 
recent growth (Fig. 4)? Given the differences in population history, 
do higher-frequency variants have a greater role in Europeans and 
Asians than in Africans? The answers to these questions are of prac-
tical importance because different study designs may be needed to 
identify rare variants13,15,16,23.

To study these questions, we computed the contributions of  
different allele frequencies to the heritable phenotypic variation 
among individuals in the population, namely x(1 − x)f(x)/2, where 
f(x) is the probability that a derived allele is at frequency x given the  
demographic model and selection coefficient. These distributions 
show the fraction of genetic variance for a disease that is contributed  
by alleles below frequency x for the simplest case in which the loci 
underlying the trait all have the same effect size and selection coefficient 
and are all semidominant (Supplementary Note). In practice,  
we anticipate that variants underlying a given disease would have 
a variety of selection coefficients and effect sizes, in which case the 
overall distribution would be an appropriately weighted mixture of 
distributions for different selection coefficients. Of note, here we  
consider the proportional contribution of variants at different  
frequencies, and thus these results should hold regardless of the 
number of loci underlying variation in the trait.

Analysis of this model shows several interesting points. For effectively 
neutral or weakly deleterious sites (Fig. 4a), only a small fraction of the 
total variance comes from very rare alleles: although there are many 
rare alleles, each one contributes very little to population variance and 
individual load. The same is true for recessive variation across almost 
the entire range of selection coefficients (Supplementary Note and 
Supplementary Fig. 5). Likewise, if we assume that the frequency density 
f(x) follows the frequency spectrum observed at all nonsynonymous sites 
classified as probably damaging22, then under the same model, it is still 
only a modest fraction of the genetic variance that is due to rare alleles  
(Fig. 4b and ref. 5). Meanwhile, in all of these cases, the out-of-Africa 
bottleneck increases the contribution of intermediate-frequency alleles 
to the genetic variance (Fig. 4a–c); for example, at probably damaging 
sites, 62% of the variance in EAs is contributed by alleles with minor 
allele frequency above 10% as compared to only 49% in AAs.

It is only for the case of strong, dominant selection that very rare 
variants (<0.1%) become important (Fig. 4c,d). For example, for a 
selection coefficient of 1%, most of the variation is due to rare alleles 
that arose within the recent exponential-growth phase. As a result, the 
contribution of extremely rare variants is much greater than it would 
have been in the absence of growth; for example, in AAs and EAs, 80% 
and 65% of the variance, respectively, is due to alleles below frequency 
0.1% compared to just 25% in the constant population model.

In practice, the genetic variants that contribute to a complex trait 
probably have a range of selection coefficients (s) and a range of effect 
sizes (a) on the phenotype in question (Supplementary Note). When 
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there is a mixture of selective coefficients and effect sizes, what can we 
say about the relative importance of rare and common variants? The 
answer crucially depends on the relationship between a and s14,24. To 
illustrate this dependence, we consider two extreme cases: (i) a is inde-
pendent of s, namely, the trait itself has little effect on fitness, but spe-
cific variants could have fitness consequences because of pleiotropic 
effects on other phenotypes; and (ii) a is proportional to s, a model 
that is likely most relevant for traits with a direct impact on fitness, 
such as early onset diseases or diseases affecting fertility. Figure 4e  
shows the expected contribution of each site to genetic variance as 
a function of s under these two models. When a is independent of s, 
we would expect weakly selected mutations to contribute most of the 
variance because they have the same average effect on the trait but 
can drift to higher frequencies. But the reverse occurs in the model 
in which a increases with s: highly deleterious, rare mutations will 
have a greater contribution to variance because their increased effect 
size outweighs their lower frequencies.

Many traits presumably lie between these two extreme cases. To 
study how demography affects genetic architecture across this range, 
we consider a second model. In this model, we assume that the heritable 
variance in a trait is due to a mixture of weakly (s = 0.0002) and strongly 
(s = 0.01) selected mutations, and we vary the correlation between selec-
tion on a variant and its effect on the trait (Online Methods). Figure 4f 
shows how the contribution of rare alleles to genetic variance changes 
with the correlation between the selection coefficient and effect size. As 
can be seen in the case with a constant population size, the contribution 
of rare variants becomes substantial only when the effects of variants 
on fitness and on the trait are highly correlated (presumably because 
the trait itself is strongly coupled with fitness). Although growth affects 
the frequencies of strongly selected alleles regardless of the correlation, 
it will have a substantial effect on the genetic architecture only for traits 
in which strongly selected alleles contribute substantially to variance. In 
this case, we see that recent growth greatly amplifies the contribution 
of rare alleles to variance. A similar argument implies that the out-of-
Africa bottleneck should have substantially increased the contribution 
of intermediate-frequency alleles to the variance, unless the effects of 
variants on fitness and on the trait are highly correlated, in which case 
rare alleles will still dominate.

DISCUSSION
Although recent demographic events have had well-documented 
effects on the frequency spectrum of SNVs in modern populations, 
we find that these events have had negligible impact on the average 
burden of mutations carried by individuals. Moreover, we conclude 
that although there are large absolute numbers of rare variants, they 
do not necessarily contribute a large fraction of the genetic variance 
underlying complex traits. An earlier paper from one of the present 
authors (Pritchard, 2001 (ref. 13)) also discussed the possible role 
of allelic heterogeneity and rare variants in disease using a model 
that is closer to the independent s model examined here. Although 
the earlier model is not comparable exactly to our present work, the 
overall results are broadly consistent, as the bulk of the genetic vari-
ance was predicted to be due to variants that would not be considered 
rare by modern standards. To summarize, it is only for diseases that 
are caused primarily by strongly deleterious mutations that we can 
expect much of the variance to be due to rare alleles; these will likely 
be diseases that are tightly coupled to fitness.

URLs. NHLBI GO Exome Variant Server, http://evs.gs.washington.
edu/EVS; 1000 Genomes public server, ftp://ftp.1000genomes.ebi.
ac.uk/vol1/ftp/.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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ONLINE	METHODS
Model. Our basic model starts by considering selection at a single site. We use 
the standard biallelic diploid model with two-way mutation, viability selec-
tion, drift and, in some cases, migration25. Specifically, we assume there are 
two possible alleles at each site: normal (N) and deleterious (D). An N allele 
mutates to the D allele with probability u per gamete, per generation, and the 
reverse mutation occurs with probability v. Unless noted otherwise, we assume 
that mutation is symmetric, i.e., u = v. The absolute fitness of the three geno-
types NN, ND and DD are 1, 1 − hs and 1 − s, respectively, where s > 0 and the 
dominance coefficient h ≥ 0. We focus on semidominant (h = 1/2) and fully 
recessive (h = 0) selection, as these two cases exhibit the full range of qualitative 
behaviors, with selection acting primarily on heterozygotes when h = 1/2 and 
only on homozygotes when h = 0. Allele frequencies in the next generation 
follow from Wright-Fisher sampling with these viabilities, sometimes with 
migration, and the population size and migration rates vary according to the 
demographic scenario considered.

We assume that fitness is multiplicative across sites and that there is linkage 
equilibrium among sites. Under these assumptions, the evolutionary dynamics 
at each site are independent from those at all other sites. In practice, linked 
selection is likely to have negligible effects on differences between populations 
because, to a first approximation, this reduces the effective population size at a 
given site by similar proportions regardless of demographic history, and these 
effects are thought to be modest in humans (compare to ref. 26).

Demographic scenarios. We consider three demographic scenarios. The most 
detailed is the out-of-Africa demographic model for AAs and EAs estimated 
by Tennessen et al.5 (Supplementary Fig. 1a). The model includes the out-of-
Africa split of European ancestors, changes in population size before and after 
the split (specifically, a severe bottleneck in Europeans after the split and recent 
rapid growth in both Europeans and Africans) and migration between the 
populations after the split. In addition, the model includes recent admixture 
between the populations, which we include in our simulations only when we 
compare our results to data from AAs.

We also study two simpler demographic scenarios (Supplementary  
Fig. 1b,c). To understand the effects of the recent explosive growth of human 
populations, we use a simple model of exponential growth from a population 
of constant size, and to investigate the effects of the bottleneck in Europeans 
at the out-of-Africa split, we consider a simple model of a bottleneck where 
population size instantaneously changes to a lower value at which it stays 
constant until it instantaneously reverts back to its original size.

Simulations. For each demographic scenario, we run simulations of a single 
site for the semidominant and recessive cases and vary the selection coefficient 
such that the strength of selection ranges from effectively neutral to strong. 
Each run begins with one of the two alleles fixed, where the proportion of 
runs that start with each allele is given by the expectation at equilibrium.  
A burn-in period of ≥10N generations with constant population size N follows 
to ensure an equilibrium distribution of segregating sites. The initial state is 
defined as ancestral, and the other state is defined as derived; the derived and 
deleterious allele frequencies are recorded at the end of the simulation. The 
code is written in C++ and is available by request (Supplementary Note and 
Supplementary Figs. 6–8).

Load. Genetic load is defined as the relative reduction in average fitness caused 
by deleterious alleles compared to the maximum absolute fitness25. In our 
model, the maximal absolute fitness equals 1, allowing us to directly con-
sider differences in average fitness in populations with different demographic  
histories. Given our model, the average fitness function can be written as

W l h sj jj
M≈ − =∑exp( ( , ))1

where

l h s hsE pq sE q s hE q h E q( , ) ( ) ( ) ( ( ) ( ) ( )),≡ + = + −2 2 1 22 2

relates the quantities at a locus with load, p and q are the beneficial and deleteri-
ous allele frequencies at a locus (p + q = 1), and hj and sj are the dominance and 

selection coefficient at locus j. For a model with a single site and s  1, l(h, s) 
coincides with the definition of load. For more than one site, load is a simple func-
tion of the sum over all l(h, s). For brevity, we therefore refer to l(h, s) as load.

Change in load. To assess whether there has been a change in load due to 
demography, we consider the difference between the load at the present time 
and the load before recent demographic events. Specifically, in the exponential 
and bottleneck models, the reference time is before the change in population 
size, and in the Tennessen model, the reference time is the split between the 
African and European populations (Supplementary Note, Supplementary 
Figs. 2 and 9–20 and Supplementary Table 1).

Data analyses. We used exome resequencing data from Fu et al.6 and from the 
1000 Genomes Project21. Allele frequency estimates from Fu et al.6 are avail-
able from the NHLBI GO Exome Variant Server. These data provide estimates 
of the derived allele frequencies (DAFs) at exonic SNVs in EAs and AAs. 1000 
Genomes Project vcf files (phase 1, version 3) were downloaded from the 
official 1000 Genomes public server. YRI and CEU individuals with (at least) 
exome sequencing coverage were extracted from the original vcf files (88 YRI 
individuals and 81 CEU individuals). 7 YRI individuals, chosen at random, 
were removed to match the sample sizes between the YRI and CEU groups. 
Variants that were fixed for either allele in both populations were removed. 
Any variant that was not a SNV or did not contain ancestral allele information 
was also dropped.

The ANNOVAR suite of scripts27 was used to obtain functional predictions 
for each SNP from each of four prediction methods: PolyPhen-2 (ref. 22), 
SIFT28, LRT29 and MutationTaster30. We observed a strong reference bias in 
the functional classifications for all four prediction methods: sites at which 
the reference genome carries the derived allele are much more likely to be 
classified as benign than are sites at which the reference is ancestral; this is 
a very strong effect even when we control for the true population frequency 
in a very large sample (Supplementary Fig. 4) and hence does not simply 
reflect the tendency for common alleles to be less functional. We therefore 
treated the functional designations at sites where the genome reference is 
derived as unreliable. To deal with this problem, we used a simple procedure 
to estimate the probability that each reference-derived site would have been 
classified as damaging had the reference allele been ancestral (conditional on 
the overall population frequency). Specifically, we binned SNVs by overall 
population frequency in the full sample, and for each bin, we determined the 
fraction of reference-ancestral sites in each functional category. For SNVs in 
that bin that are reference derived, we treated those fractions as estimates of 
the probability that these SNVs would have been in each functional category 
had they instead been reference ancestral. Next, to estimate the mean DAF 
for each functional category, we summed across all sites in that category that 
were reference ancestral and added a contribution from all sites that were 
reference derived, weighted according to the estimated probability that the site 
would have been in the relevant functional category if it had been reference 
ancestral. We also provide supplementary results (Supplementary Table 3) 
in which we used a new unpublished version of PolyPhen’s PSIC scores that 
are calculated in a human-independent (i.e., unbiased) manner and obtained 
qualitatively similar results. We thank I. Adzhubey and S. Sunyaev for pre-
publication access to these data.

We calculated mean derived frequencies within functional categories and 
the corresponding standard errors (calculated as s.d.(DAF)/√(number of 
sites)). Individual-level counts for the 1000 Genomes data simply counted 
the numbers of derived alleles per individual within a functional class (there 
are no missing genotypes in this data set, as these data have been imputed by 
the 1000 Genomes Project). For each population and functional category, we 
estimated the s.d. of the mean number of derived alleles per individual by 
bootstrapping across sites. This method is more appropriate than computing 
the standard error directly from the distribution of the derived allele counts 
across individuals, as the latter method ignores variation in the genealogical  
process. Because we are working with mean allele counts or frequencies,  
these analyses are unaffected by linkage disequilibrium or Hardy-Weinberg 
disequilibrium (which may affect variances but not means).

Our analysis effectively uses the derived allele count as a proxy for the 
deleterious allele count. Hence, there will be a low rate of misclassification 
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at weakly selected sites for which the deleterious allele is ancestral. However, 
this does not change the qualitative predictions about patterns of differences 
between populations, and we expect the number of derived alleles to have a 
monotonic relationship with the number of deleterious alleles. Specifically, 
for sites that are either neutral or semidominant, we predict that this measure 
should yield virtually identical counts in AAs and EAs (Supplementary Note 
and Supplementary Fig. 20). At recessive sites, our model predicts slight dif-
ferences (Supplementary Note), but overall we expect these differences to be 
negligibly small. When SNVs are defined within populations, as has been done 
in some previous papers, these simple predictions do not hold.

Models for variance. We consider how the relationship between the effects 
of mutations on fitness and a trait affect the genetic architecture. For that 
purpose, we calculate the expected contribution of mutations to the heritable 
variation in a trait. We assume an additive trait and that the fitness effects of 
mutations are semidominant. At a site with selection coefficient s, the expected 
contribution to the variance from deleterious alleles below frequency ω  
is therefore

V s CE a s f x s x x dxw
w

( ) ( | ) ( | ) ( )= −∫1
2

2
0

1

where E(a2|s) is the expectation of the squared effect size, f(x|s) is the prob-
ability of the deleterious allele being at frequency x (without conditioning of 
the site being segregating, i.e., including x = 0 and x = 1) and C is a proportion 
coefficient (Supplementary Note). A site’s expected contribution to variance is 
V1(s) and the proportional contribution from variants below frequency ω is

Θw
w( ) ( )
( )

s V s
V s

≡
1

Note that while V1(s) depends on the relationship between selection coefficients 
and effect sizes, Θω(s) does not. When all sites are considered jointly, denoting 

the input of mutations with selection coefficient s by µ(s), the expected propor-
tion of variance from deleterious alleles below frequency ω is

Θ
Θ

w
wm

m
= ∫

∫
( ) ( ) ( )

( ) ( )

s V s s ds

s V s ds
s

s

1

1

As an illustration, we consider a simple model in which we vary the correlation 
between selection on variants and their effects on a trait. We assume that half 
of the newly arising mutations have a weak selection coefficient sw = 0.0002 
and half have a strong selection coefficient of ss = 0.01. For strongly selected 
mutations, the effect size on the trait, a, is chosen to be css with probability 
1/2(1 + p) and csw with probability 1/2(1 − p), where c is a positive constant 
and 0 ≤ p ≤ 1; correspondingly, for weakly selected mutations, the effect size is 
chosen to be csw with probability 1/2(1 + p) and css with probability 1/2(1 – p). 
In this model, the marginal distributions of selection coefficients and effect 
sizes do not depend on p, whereas the correlation between them is equal to p. 
To obtain Figure 4f we therefore varied p between 0 and 1. In Figure 4e, we 
consider the two extremes (p = 0 and p = 1).
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