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Understanding the spectrum of allelic variation in human genes and 
revealing the demographic and evolutionary forces that shape this varia-
tion within and among populations is a major aim of human genetics 
research. Such information is critical for defining the architecture of 
common diseases, identifying functionally important variation, and ulti-
mately facilitating the interpretation of personalized disease risk profiles 
(1–3). To date, surveys of human variation have been dominated by 
studies of single nucleotide polymorphisms (SNPs) genotyped using 
high-density arrays composed of common variants (4–6). While these 
projects have substantially improved our knowledge of common allelic 
variation and enabled genome-wide association studies (GWAS), they 
have been generally uninformative about the population genetics charac-
teristics of rare variants, defined here as a minor allele frequency (MAF) 
of less than 0.5%. 

Rare genetic variants are predicted to vastly outnumber common 
variants in the human genome (7, 8). By capturing and sequencing all 
protein-coding exons (i.e., the exome, which comprises ~1-2% of the 
human genome), exome sequencing is a powerful approach for discover-

ing rare variation and has facilitated 
the genetic dissection of unsolved 
Mendelian disorders and studying 
human evolutionary history (9–14). 
Rare and low frequency (MAF be-
tween 0.5%-1%) variants have been 
hypothesized to explain a substantial 
fraction of the heritability of common, 
complex diseases (15). Since common 
variants explain only a modest fraction 
of the heritability of most traits (16, 
17), NHLBI recently sponsored the 
multicenter Exome Sequencing Project 
(ESP), to identify novel genes and 
molecular mechanisms underlying 
complex heart, lung, and blood disor-
ders by sequencing the exomes of a 
large number of individuals measured 
for phenotypic traits of substantial 
public health significance (e.g., early-
onset myocardial infarction, stroke, 
body mass index). 

Data generation and variant dis-
covery. A total of 63.4 terabases of 
DNA sequence was generated at two 
centers with three complimentary defi-
nitions of the exome target and two 
different capture technologies (18). We 
sequenced samples from 14 different 
cohorts in the ESP to an average medi-
an depth of 111x (range 23x – 474x). 
We found no evidence of cohort- 
and/or phenotype specific effects, or 
other systematic biases, in the analysis 
of the filtered SNV data (18; Figs. S1-
S7). Exomes from related individuals 
were excluded from further analysis 
(18; Fig. S8) resulting in a dataset of 
2,440 exomes. We inferred genetic 
ancestry using a clustering approach 
(18), and focused the remaining anal-
yses on the inferred 1,351 EA and 
1,088 AA individuals. We subjected 
the 563,698 variants in the intersection 
of all three capture targets to standard 

quality control filters (18) resulting in a final data set of 503,481 single 
nucleotide variants (SNVs) identified in 15,585 genes and 22.38 Mb of 
targeted sequence per individual. We assessed data quality and error 
rates using complementary strategies (18). Approximately 98% 
(941/961) of all variant sites that were experimentally tested were con-
firmed, including 98% (234/238) of singletons, 98% (678/693) of non-
singleton SNV sites with a MAF < 10%, and 97% (29/30) of SNV sites 
with a MAF ≥ 10%. 

The vast majority of coding variation is rare and novel. We ob-
served a total of 503,481 SNVs and 117 fixed, non-reference sites, of 
which 325,843 and 268,903 were found in AA and EA, respectively (18; 
Fig. S9A). Excluding singletons, ~58% of SNVs were population-
specific (93,278 and 32,552 variants were uniquely observed in AA, or 
EA, respectively), and the vast majority of these variants were rare (18; 
Fig. S9B). Most SNVs (292,125 or 58%) were nonsynonymous includ-
ing 285,960 missense variants and 6,165 nonsense variants (18; Fig. 
S9C). Synonymous variants accounted for 38% (188,975) of the total 
SNVs (18; Fig. S9C), with the remaining 4% of SNVs (22,381) located 
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As a first step toward understanding how rare variants contribute to risk for 
complex diseases, we sequenced 15,585 human protein-coding genes to an average 
median depth of 111x in 2,440 individuals of European (n=1,351) and African 
(n=1,088) ancestry. We identified >500,000 single nucleotide variants (SNVs), the 
majority of which were rare (86% with a minor allele frequency < 0.5%), novel (82%), 
and population-specific (82%). On average, 2.3% of the 13,595 SNVs each person 
carries were predicted to impact protein function of ~313 genes per genome, and 
~95.7% of SNVs predicted to be functionally important were rare. This excess of rare 
functional variants is due to the combined effects of explosive, recent accelerated 
population growth and weak purifying selection. Furthermore, we show that large 
sample sizes will be required to associate rare variants with complex traits. 
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in either splice sites or targeted noncoding regions. The majority of 
SNVs (411,084; 82%) were novel with more novel SNVs observed in 
AA (240,341) than in EA (204,415); although the proportion of SNVs 
that were novel was higher in EA compared to AA (76.0% vs. 73.8%; Χ2 
= 398.3, df =1, p-value < 10−16). Approximately 98% (402,813) of novel 
SNVs were rare, and 48.9% of all novel, rare SNVs were 
nonsynonymous. 

The AA and EA sample sizes provided ~90% power to detect vari-

ants with a MAF ≥ 0.1%, and nearly 100% power to detect common 
variants (MAF ≥ 5%) (18; Tables S1, S2, Fig. S10). With our large sam-
ple size, the proportion of singletons identified rapidly decreased to a 
nearly constant rate of new singleton discovery such that each additional 
exome contributed ~200 novel SNVs (18; Fig. S11). The number of 
SNVs per gene rapidly stabilized for common variants in small sample 
sizes (~100 individuals), whereas the number of rare variants continued 
to increase linearly (18; Fig. S12). 

Fig. 1. Characteristics of protein-coding variation in humans. A) Number of nonsynonymous SNVs predicted to be functionally 
important as a function of seven different methods (18). B) Distribution of nucleotide diversity (π) across the genome in AA (blue) and 
EA (red). The value of π for each gene is shown as a vertical line. The middle panel shows the difference in diversity between EA and 
AA (Δπ = πEA- πAA), scaled between 0 and 1. C) Distribution of the proportion of total diversity, π, attributable to SNVs with different 
MAFs in the EA and AA samples. The x-axis is binned in increments of 0.5%. 
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Of the total SNVs, 57% (285,857) were singletons, and SNVs with ≤ 
3 minor alleles accounted for 72% of all variants (18; Fig. S9D). The 
proportion of singletons observed in AA (49.3%, n=140,818) was lower 
than that observed in EA (50.7%, n=144,821), but the overall site fre-
quency spectra (SFS) and the SFS for both AA and EA are highly 
skewed, exhibiting a large excess of rare variants relative to the standard 

neutral model (18, 19; Fig. S9D). The skew of the SFS was greater for 
EA than AA and at equal sample sizes, the odds that a SNV was a sin-
gleton was 1.7 times greater for EA than AA. Consistent with these ob-
servations, Tajima’s D was highly negative for both EA (-2.12) and AA 
(-2.10) and dropped precipitously as sample size increased (18; Fig. 
S9E), highlighting that sequencing a large number of individuals pro-
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vides unique information about recent demographic history (13, 20, 21). 
To identify putatively functional variation, we applied four popular 

methods applicable to nonsynonymous variants (PolyPhen2, SIFT, a 
likelihood ratio test, and Mutation Taster) and three conservation based 
methods applicable to all types of variants (GERP, PhyloP, and a novel 
population genetics approach that combines conservation information 
with the SFS that we designate SFS-Del; (18). Approximately 47% of all 
SNVs (74% of nonsynonymous and 6% of synonymous variants) are 
predicted to be deleterious by one or more method (Fig. 1A); however 
overlap among methods is modest. For example, only 1% of 
nonsynonymous variants are predicted to be functional by all seven 
methods, and variants predicted by any single approach are likely to 
have a high false positive rate (Fig. 1A). Therefore, we used a conserva-
tive majority rule approach and deemed nonsynonymous variants pre-
dicted by at least four of the seven applicable methods and synonymous 
sites predicted by at least two of the three applicable methods (Fig. S13) 
to be putatively functional. In total, 16.9% of SNVs (85,224) meet this 
criteria, of which 81,170 were nonsynonymous SNVs. Approximately 
95.7% (81,555) of all SNVs conservatively predicted to be functional 
were rare, and the odds ratio that rare variants are functional compared 
to variants with a MAF > 0.5% is 4.2 (95% CI 4.0 – 4.3; Fisher’s exact 
test; p < 10−15), underscoring the potential impact of rare variants on 
health-related traits. 

Patterns of coding variation by gene and pathway. The median 
number of SNVs per gene was 24, ranged between 0 and 761, and was 
significantly different (Wilcoxon-Rank Sum Test; p-value < 10−15) be-
tween AA (median 16, range 0-566) and EA (median 13, range 0-410). 
Mutational target size plays an important role in governing differences in 
polymorphism across loci, as gene length accounts for 76.6% of varia-
tion in the number of SNVs across genes (95% bootstrap CI = 73.9%-
79.1%; p < 10−15). 

The proportion of rare variants per base pair (bp) in each gene was 
higher (mean = 2.015%; 95% range = 0.621% - 4.057%) than that of 
common variants (0.334%; 95% range = 0.000% - 1.143%), and the 
average ratio of rare to common alleles per bp was ~6:1. We identified 
110 genes that showed an unusually high proportion of rare variants, 
including six histone genes that are likely subject to greater selective 
constraint (18; Table S3). The number of putatively functional variants 
also varied widely across genes (Fig. S14B) ranging from 0 to >100, 
with a median of two in both the EA and AA samples 

Nucleotide diversity (π), varied considerably among genes, ranging 
from ~0 to 1.319% per bp (mean = 0.042%; Fig. 1B). Mean π in AA 

(0.047%) was significantly higher (p-value < 10−15, paired t test) than π 
in EA (0.035%), and π per gene was modestly correlated (r2 = 63%; p-
value < 10−15) between AA and EA (18; Fig. S15). Rare variants account 
for 4% of total diversity, more than any other MAF bin (of width 0.5%) 
in both EA and AA (Fig. 1C). Rare and low frequency SNVs comprise 
~13% and 20% of total diversity in the EA and AA sample, respectively 
(Fig. 1C). In both samples, estimates of π were highest for HLA loci and 
other genes related to immune function, such as DEFB108B, and olfac-
tory receptors (Fig. 1B). When genes were grouped into functional cate-
gories by KEGG pathway, estimates of π were highest for pathways 
related to immune function and olfaction and lowest for pathways in-
volved in basic cellular processes (18; Fig. S16). 

Abundance of rare variation explained by human demographic 
history. The excess of rare variation across the exome is consistent with 
explosive human population growth (22). To investigate this further, we 
used an Out-of- Africa (OOA) demographic model (23) to predict the 
expected joint distribution of allele frequencies between the EA and AA 
samples via a diffusion approximation (18). The OOA model, modified 
to account for admixture, captures prominent features of the joint fre-
quency distribution. However, both populations contain more rare vari-
ants than predicted by this model (18; Fig. 2A,B), most likely due to 
rapid population growth in the last few thousand years that is undetecta-
ble with smaller sample sizes (18; Fig. S9E). We revisited the demo-
graphic model from Gravel et al. (23), allowing for a reduced initial 
European expansion that is compensated for by accelerated growth start-
ing after the split of European and Asian populations. Similarly, we in-
troduced a phase of exponential growth in the African population 
starting at the same time. The resulting demographic model is an im-
proved fit to the synonymous site-frequency spectrum (18; Fig. 2B), and 
strongly supports a recent, dramatic acceleration of population growth. 
The maximum-likelihood time for accelerated growth was 5,115 years 
ago (Fig. 2B). 

The EA population growth, previously estimated at 0.5% per genera-
tion, is now modeled at the first step as 0.307% (sd ± 0.003%), followed 
by explosive growth of 1.95% (sd ± 0.03%) over the last 5,115 years. 
The growth in the AA sample during this same period is estimated to be 
1.66% (sd ± 0.03%). The estimated standard deviations (18) are quite 
small, and for data sets of this scale, it is likely that other sources of 
uncertainty (e.g., mutation rate or model specification) play a more im-
portant role compared to finite genome fluctuations. The final population 
sizes in this model are lower than current census sizes, and we speculate 
that larger sample sizes will be necessary to fully capture the signature 
recent growth rate expansion imparted on patterns of DNA sequence 
variation. 

Impact of natural selection on rare coding variation. To investi-
gate the effect of purifying selection on nonsynonymous variants, we 
examined the relationship between MAF of nonsynonymous SNVs and 
functional prediction scores from SIFT, Polyphen2, a likelihood ratio 
test statistic, and MutationTaster (18). Each prediction score showed a 
significant (p < 10−16) negative correlation with MAF in the combined 
sample (Fig. 3A) as well as in each sample separately (18). Moreover, 
the proportion of predicted deleterious changes was negatively correlat-
ed with MAF (Fig. 3B). We next mapped 31,115 nonsynonymous SNVs 
to known protein structures and classified them into different structural 
categories (Fig. 3C; 18). Nonsynonymous SNVs in all categories, except 
sites that contact other protein chains, showed a significant excess of 
rare variants compared with synonymous sites (Fig. 3C), as expected if 
subjected to purifying selection. The relative effect sizes show that cate-
gories of variants with direct functional importance (e.g., active sites, 
enrichment 2.8%; ligand-binding residues, enrichment 1.7%) are under 
stronger constraint than categories important for structural stability. The 
exception is residues that form side-chain hydrogen bonds, which show a 
2.8% enrichment of rare variants, suggesting that hydrogen bonds make 

Fig. 2. (Previous page) Deep sequencing reveals 
dramatic increases of recent population size. A) Joint site 
frequency spectra predicted from different demographic 
models (top) compared to the observed data (bottom), 
displaying allele counts between 0 and 100 chromosomes. 
The three models are: (Left) an OOA model without 
admixture, derived from the 1000 Genomes data, (Middle) 
the same model, with the AA panel modeled as an 80%:20% 
admixture between African and European lineages, (Right), 
the same model, further modified to account for recent 
growth acceleration. Anscombe residuals are displayed, with 
regions showing more variants than predicted by the model 
in blue and less in red. Bins with expected counts <1 are 
displayed as white in all panels. B) Schematic representation 
(not to scale) of the inferred demographic model and 
parameters (18). Insert: Comparison of the observed SFS to 
that predicted by the demographic model incorporating 
recent accelerated growth. 
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a large contribution to protein folding and stability. 
To investigate selective constraint acting on synonymous variants, 

we calculated the correlation between the derived allele frequency 
(DAF) of synonymous variants and their corresponding change in the 
relative adaptiveness value, or w score (24). The w score summarizes 
information about selective constraints on the efficiency of codon-
anticodon coupling and the number of tRNA gene copies in the genome. 
Negative values indicate synonymous variants that may decrease transla-
tional efficiency or accuracy. We found a weak but significant positive 

correlation between DAF and change in w score (r = 0.03; p-value < 
10−16), consistent with the action of purifying selection (Fig. 3D). 

We examined selective sweeps by identifying genes with high ratios 
of divergence (human-specific lineage substitutions relative to chimp 
and macaque) compared to polymorphism within humans, which are 
predicted to increase between-species divergence and decrease within-
population diversity. We identified genes in which the ratio of 
nonsynonymous to synonymous divergence was high relative to the ratio 
of nonsynonymous to synonymous SNVs (25). We also identified genes 
with either a high or low ratio of π in AA relative to π in EA and genes 
with diversity estimates in the bottom 20th percentile in which at least 
one SNV had an FST ≥ 0.3. In total, 114 genes met one or more of these 
criteria (18; Table S4). Approximately 25% of these genes have been 
implicated as targets of positive selection (26). The 114 candidate selec-
tion genes were significantly enriched (FDR ≤ 5%) for five KEGG 
pathways including olfactory transduction and metabolic pathways (18; 
Table S5). 

Implications for disease and personal genomics. We evaluated 
gene-specific power of rare variant association studies in the EA and AA 
samples. We used Fisher’s Exact Test (FET), a robust approach for ag-
gregate testing of rare variation at a locus (27), to determine the power to 
detect an association for each gene harboring rare causal variants with 

Fig. 3. Signatures of purifying selection in protein-coding 
SNVs. A) Relationship between the evidence that a variant is 
functionally important and MAF for four different methods. B) 
Relationship between the proportion of putatively functionally 
variants and MAF for the same predictions as in (A). C) 
Comparison of the number of rare SNVs (orange) and 
enrichment of rare of nonsynonymous SNVs (brown) located 
in different protein structural categories (p-values were 
calculated by a permutation test; (18). D) Relationship 
between average change of w score of synonymous variants 
and derived allele frequency. 
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odds ratios (OR) of 1.5 or 5 in 400 cases and 400 controls (18). In both 
the EA and AA samples, cases and controls were sampled from 1,000 
individuals selected to minimize any confounding effects of population 
stratification (18; Fig. S17), with power calculations assuming a Type I 
error rate of α=0.001. In each sample, power varies widely across loci, 
and <5% of genes achieve 80% power even when relatively strong ef-
fects (OR = 5) are modeled (Fig. 4A); when causal variants are assumed 
to have an OR of 1.5, no genes achieve 80% power (18; Fig. S18). Fur-
thermore, although the AA sample has uniformly higher power per gene 
relative to the EA sample (Fig. 4A), caution is warranted because this is 
largely a function of our modeling assumptions (18). 

The mean number of SNVs per exome (homozygous non-reference 
and heterozygous genotypes) was 13,595, and ~66% (8,893) of these 
sites were heterozygous. As expected, AAs had significantly more SNVs 

per exome than EAs (15,073 versus 12,406, Mann-Whitney test, p < 
10−16), which is true for all classes of sites (Fig. 4B). Moreover, on aver-
age, each individual possessed 35 nonsense variants and was homozy-
gous for at least one non-reference nonsense variant; 318 individuals 
(181 AA and 137 EA) were compound heterozygotes for nonsense 
SNVs. The mean number of novel SNVs per individual was 549 overall, 
but AA had more than twice the number of novel SNVs compared to 
EA’s (762 versus 362, respectively; p = 1.9 × 10−7 correcting for differ-
ences in the mean number of SNVs between populations). The fraction 
of overall variation that was novel in AA was higher than in EA (5% and 
3%, respectively; p < 10−16). Finally, while most protein coding variants 
were rare in the full AA and EA population samples, the majority of 
SNVs found in an average individual were common (Fig. 4C). 

We next examined the distribution of functionally important varia-

Fig. 4. Power of rare variant association mapping and personal genomics characteristics of protein-coding SNVs. 
Distribution of gene-specific estimates of power to map causal rare variants across 12,000 protein-coding genes with at least three 
SNVs in the EA (blue) or AA (red) samples. Power varied widely across loci, and <5% of genes (beige) achieve 80% power even 
when relatively strong effects (OR = 5) are modeled. B) Average number (points) and range (vertical lines) of synonymous, 
missense, splice site, and nonsense SNVs. C) Average proportion of SNVs per individual that are of rare (MAF ≤ 0.5%), 
intermediate (MAF 0.5% < 5%), or common (MAF ≥ 5%) in the population from which they were sampled. The proportion of rare 
and intermediate frequency variants per individual are significantly higher (Wilcoxon-Rank Sum Test; p-value < 10−15) for putatively 
functional SNVs. D) Violin plots showing the distribution of number of functional SNVs, number of functional singletons, and 
proportion of functional SNVs per individual in the EA and AA samples. Darker and lighted shaded plots correspond to conservative 
and more liberal definitions of functional variation, respectively (see text for details). 
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tion, functionally important singletons, and the proportion of functional-
ly important SNVs per individual (Fig. 4D) using both conservative and 
liberal criteria (18). On average, individuals possess between 318 and 
580 predicted functional protein-coding SNVs depending on how func-
tional variants are defined, with slightly more in AA than in EA individ-
uals (Fig. 4D). The average number of predicted functional singletons 
per individual was more robust to the definition of functional variants, 
and ranged from 25 to 31, and also was slightly higher in AA compared 
to EA individuals (Fig. 4D). In both cases, however, there was more 
variation among individuals than between populations. 

Finally, the average proportion of predicted functional SNVs per in-
dividual varied between 2.3% and 4.2% (Fig. 4D). When the more liber-
al definition of functional SNVs was used, EA individuals have a 
significantly higher proportion of predicted functional SNVs compared 
to AA individuals (Fig. 4D; Wilcoxon-Rank Sum Test; p-value < 10−15), 
consistent with empirical estimates and theoretical expectations due to 
the lower EA effective population size (28, 29). However, when the 
more conservative definition was used, this pattern was reversed and AA 
individuals have a significantly higher proportion of predicted functional 
SNVs compared to EA individuals (Fig. 4D; Wilcoxon-Rank Sum Test; 
p-value < 10−15). These results highlight how the definition of functional 
variants can influence inferences and underscore the importance of con-
tinued methodological development to robustly identify functionally 
important variation. Nonetheless, there was considerable rare genetic 
variation among individuals that is predicted to be functional, which 
could explain variability in disease risk and adverse drug response. 

Conclusion. Our results have several important implications for hu-
man disease gene mapping and personal genomics. In particular, the vast 
majority of protein-coding variation is evolutionarily recent, rare, and 
enriched for deleterious alleles. Thus, rare variation likely makes an 
important contribution to human phenotypic variation and disease sus-
ceptibility. However, detecting the effects of rare variants requires very 
large sample sizes because the power to detect an association is low for 
most human genes. Accounting for the SFS on a gene-by-gene basis 
should facilitate the development of more powerful association tests. 
Additionally, because most rare SNVs are population-specific, replica-
tion of disease associations across populations may be challenging. Fi-
nally, as whole-genome sequencing at high coverage becomes 
increasingly feasible, statistical and experimental methods that accurate-
ly identify functionally important protein-coding and regulatory varia-
tion are needed to empower association studies, identify variants 
causally related to disease, and provide clinically actionable information. 
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