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Study sample

The 2,440 exomes used in the analysis were generated from samples ascertained from

15 different cohorts.

Phenotypes associated with samples and cohort contributions:

Number of
Phenotype Cohort samples
contributed
Atherosclerosis Risk in Communities 258
Cleveland Clinic GeneBank 3
Framingham Heart Study 177
Heart Attack Risk in Puget Sound 13
Early onset myocardial infarction Jackson Heart Study 112
(n=1094) Massachusetts General Hospital-Premature Coronary 147
Artery Disease
Penn-Cath 34
Translational Research Investigating Underlying
Disparities in Acute Myocardial Infarction Patients' 77
Health Status
Women’s Health Initiative 273
Early Pseudomonas Infection Control cystic fibrosis 74
Cystic Fibrosis (n=91) cohort
University of North Carolina cystic fibrosis cohort 17
Chronic obstructive pulmonary Lung Health Study 88
disease (n=89) COPD Gene 1
Pulmonary hypertension (n=79) Pulmonary Arterial Hypertension 79
Atherosclerosis Risk in Communities 292
Cardiovascular Health Study 24
LDL (n=393)
Framingham Heart Study 25
Jackson Heart Study 52
Body mass index and type 2 , e
diabetes (n=450) Women'’s Health Initiative 450
Early-onset stroke (n=244) Women’s Health Initiative 244




Cohort descriptions

Women’s Health Initiative (WHI): The WHI is a long-term national health study that
has focused on strategies for preventing heart disease, breast and colorectal cancer,
and osteoporotic fractures in postmenopausal women. The original WHI study included
161,808 postmenopausal women enrolled between 1993 and 1998. The Fred
Hutchinson Cancer Research Center in Seattle, WA serves as the WHI Clinical
Coordinating Center for data collection, management, and analysis of the WHI.

Framingham Heart Study (FHS): FHS is a study to identify the common factors or
characteristics that contribute to cardiovascular disease (CVD) by following its
development over a long period of time in a large group of participants who had not yet
developed overt symptoms of CVD or suffered a heart attack or stroke. In 1948,
researchers recruited 5,209 men and women between the ages of 30 and 62 from the
town of Framingham, Massachusetts, and began the first round of extensive physical
examinations and lifestyle interviews that they would later analyze for common patterns
related to CVD development. Since 1948, the subjects have returned to the study every
two years for an examination consisting of a detailed medical history, physical
examination, and laboratory tests. In 1971, the study enrolled a second-generation
cohort, 5,124 of the original participants' adult children and their spouses, to participate
in similar examinations. The second examination of the offspring cohort occurred eight
years after the first examination, and subsequent examinations have occurred
approximately every four years thereafter. In April 2002, the Study entered a new
phase: the enrollment of a third generation of participants, the grandchildren of the
original cohort. The first examination of the Third Generation Study was completed in
July 2005 and involved 4,095 participants. Thus, the FHS has evolved into a
prospective, community-based, three-generation family study. The FHS is a joint project
of the National Heart, Lung and Blood Institute and Boston University.

Jackson Heart Study (JHS): JHS is a large, community-based, observational study
whose participants were recruited from urban and rural areas of the three counties
(Hinds, Madison, and Rankin) that make up the Jackson, Mississippi, metropolitan
statistical area (MSA). Participants were enrolled from each of four recruitment pools:
random, 17%; volunteer, 30%; currently enrolled in the Atherosclerosis Risk in
Communities (ARIC) Study, 22%; and secondary family members, 31%. Recruitment
was limited to non-institutionalized adult African Americans 35-84 years old, except in
the family cohort where those 21 to 34 years of age were eligible. The final cohort of
5,301 participants includes 6.59% of all African American Jackson MSA residents aged
35-84 (N=76,426, US Census 2000). Major components of each exam include medical
history, physical examination, blood/urine analyses and interview questions on areas
such as: physical activity; stress, coping and spirituality; racism and discrimination;
socioeconomic position; and access to health care. At 12-month intervals after the
baseline clinic visit (Exam 1), participants are contacted by telephone to update
information, confirm vital statistics, document interim medical events, hospitalizations,
and functional status, and obtain additional sociocultural information. Questions about
medical events, symptoms of cardiovascular disease, and functional status are



repeated annually. Ongoing cohort surveillance includes abstraction of medical records
and death certificates for relevant International Classification of Diseases (ICD) codes
and adjudication of nonfatal events and deaths.

Atherosclerosis Risk in Communities (ARIC): The ARIC Study, sponsored by the
National Heart, Lung and Blood Institute (NHLBI), is a prospective epidemiologic study
conducted in four U.S. communities. The four communities are Forsyth County, NC;
Jackson, MS; the northwest suburbs of Minneapolis, MN; and Washington County, MD.
ARIC is designed to investigate the etiology and natural history of atherosclerosis, the
etiology of clinical atherosclerotic diseases, and variation in cardiovascular risk factors,
medical care and disease by race, gender, location, and date.

ARIC includes two parts: the Cohort Component and the Community Surveillance
Component. The Cohort Component began in 1987, and each ARIC field center
randomly selected and recruited a cohort sample of approximately 4,000 individuals
aged 45-64 from a defined population in their community. A total of 15,792 participants
received an extensive examination, including medical, social, and demographic data.
These participants were reexamined every three years with the first screen (baseline)
occurring in 1987-1989, the second in 1990-1992, the third in 1993-1995, and the fourth
and last exam was in 1996-1998. Follow-up occurs yearly by telephone to maintain
contact with participants and to assess health status of the cohort.

Cardiovascular Health Study (CHS): The CHS is a study of risk factors for
development and progression of coronary heart disease (CHD) and stroke in people
aged 65 years and older. The objectives of the Cardiovascular Health Study are to: 1)
quantify associations of conventional and hypothesized risk factors with CHD and
stroke; 2) assess the associations of non-invasive measures of subclinical disease with
the incidence of CHD and stroke; 3) quantify the associations of risk factors with
subclinical disease; 4) characterize the natural history of CHD and stroke, and identify
factors associated with clinical course; and 5) describe the prevalence and distributions
of risk factors for CHD and stroke, non-invasive measures of subclinical disease, and
clinical endpoints of CHD and stroke. The study originated in 1988 from the
recommendations of an NHLBI workshop on the management of CHD in the elderly.
This is the most extensive study undertaken by the NHLBI to study CVD exclusively in
an elderly population. Initially funded for six years, it was renewed for a second six-year
period in 1994, and recently was renewed for continued morbidity and mortality follow-
up. The 5,888 study participants were recruited from four U.S. communities and have
undergone extensive clinic examinations for evaluation of markers of subclinical
cardiovascular disease. The original cohort totaled 5,201 participants. A new cohort was
recruited in 1992. The 687 participants in the new cohort are predominately African-
American and were recruited at three of the four field centers.

Cleveland Clinic GeneBank: The Cleveland Clinic GeneBank is a prospective cohort
based study that enrolled patients undergoing elective diagnostic coronary angiography.

Heart Attack Risk in Puget Sound (HARPS): HARPS is a population-based case-



control study that enrolled cases with incident myocardial infarction (MI) presenting to a
network of hospitals in Washington State. In HARPS, eligible cases were men <50 and
women < 60 years of age.

Massachusetts General Hospital - Premature Coronary Artery Disease (MGH-
PCAD): MGH-PCAD is a hospital-based case-control study that enrolled cases who
were hospitalized with Ml at MGH. In MGH-PCAD, eligible cases were men <50 and
women < 60 years of age.

Penn-Cath: Penn-Cath is a catheterization-lab based cohort study from the University
of Pennsylvania Medical Center and enrolled subjects at the time of cardiac
catheterization and coronary angiography.

Translational Research Investigating Underlying Disparities in Acute Myocardial
Infarction Patients' Health Status (TRIUMPH): TRIUMPH is an observational, multi-
center prospective registry that enrolled subjects presenting with Ml at participating
medical centers.

Lung Health Study (LHS): The LHS is a randomized multicenter clinical trial with 5,887
participants carried out from October 1986 to April 1994, designed to test the
effectiveness of smoking cessation and bronchodilator administration in smokers aged
35 to 60 with mild lung function impairment. Participants were randomly assigned to one
of three groups: (1) usual care, who received no intervention; (2) smoking intervention
with the inhaled bronchodilator ipratroprium bromide; or (3) smoking intervention with an
inhaled placebo. The effect of intervention was evaluated by the rate of decline of forced
expiratory volume in one second (FEV1).

Pulmonary Arterial Hypertension (PAH): The PAH cohort was comprised of idiopathic
PAH (IPAH) and scleroderma-associated PAH (PAH-SSc) cases and healthy controls in
the Hopkins SCCOR program. Pulmonary hypertension was defined in IPAH or PAH-
SSc patients as a mean pulmonary artery pressure greater than 25 mm Hg proven by
right heart catheterization. For patients with scleroderma, the presence of disease was
defined as systemic sclerosis with diffuse or limited scleroderma meeting the American
College of Rheumatology criteria.

Cystic Fibrosis (CF) cohorts (2): CF cases were ascertained from two separate
cohorts. The first cohort consisted of 1,704 cases that represent participants in the Early
Pseudomonas Infection Control (EPIC) Observational Study, a multicenter, longitudinal,
prospective cohort of early lung disease in young CF patients. The second CF cohort
consisted of 1,208 AF508 homozygotes who are at the extremes of lung disease
severity (“severe”, worst 25™ percentile of birth cohort vs. “mild”, best 25" percentile)
based on ~22 measures of lung function for each patient (> 5 years of age) developed
at the University of North Carolina.



Informed consent

All study participants in each of the component studies provided written informed
consent for the use of their DNA in studies aimed at identifying genetic risk variants for
disease and for broad data sharing. Institutional certification was obtained for each
sample to allow deposition of phenotype and genotype data in dboGaP and BAM files in
the short-read archive.

Exome sequencing

University of Washington exome sequencing / analysis

QC of sample DNA

Initial quality control (QC) performed on all samples included sample quantification
(PicoGreen; Life Technologies, Grand Island, NY), confirmation of high-molecular
weight DNA, test PCR amplification (four amplicons), and sex determination using a
Tag-man assay (31). Prior to preparation for exome sequencing, all samples were
genotyped (lllumina BeadXpress; Illumina, San Diego, CA) for 96 high frequency (30-
50% minor allele frequency) exome-specific SNPs derived from the content found on
large-scale (GWAS) genotyping chips from both lllumina and Affymetrix. Exome data at
these variant sites were used to ensure sample tracking integrity through sample
preparation and the sequencing pipeline. Samples failed QC if: the total mass,
concentration, or integrity of DNA was low; low (<90%) genotype call rates were
observed; sex-typing was inconsistent with the sample manifest. Following QC, all 3.5
ug of genomic DNA was reformatted into 96 well plates for library preparation and
exome capture.

Library production and exome capture

All protocols for library construction and exome capture were automated on a Perkin-
Elmer Janus Il liquid handling robot or multi-channel pipettors, and performed in 96-well
plate format. Samples were prepared by subjecting ~3.5 ug of genomic DNA to a series
of shotgun library construction steps, including fragmentation through acoustic
fragmentation (Covaris, Woburn, MA), end-polishing and A-tailing, ligation of
sequencing adaptors, and PCR amplification. Sample shotgun libraries were captured
for exome enrichment using one of three in-solution capture products: CCDS 2008 (~26
Mb), Roche/Nimblegen SeqCap EZ Human Exome Library v1.0 (~32 Mb; Roche
Nimblegen EZ Cap v1), or EZ Cap v2 (~34 Mb). Briefly, 1 ug of shotgun library was
hybridized to biotinylated capture probes for 72 hours and recovered via streptavidin
beads. Unbound DNA was washed away, and the captured DNA PCR amplified.
Following capture, washing, and PCR, libraries were assessed again on the Bioanalyzer
(Agilent, Santa Clara, CA) for concentration, molecular weight distribution, and the
presence of PCR artifacts. The fragment size distributions of the libraries were highly
consistent (typically 125 + 15 bp).

Clustering and sequencing



Library concentration and flow-cell loading cluster densities were determined using a
standardized qPCR protocol (Kapa Biosystems, Woburn, MA). Using the automated
lllumina cBot cluster station, non-multiplexed samples were processed in batches of
eight (one for each lane of the flow-cell), diluted, and denatured to their final effective
loading concentrations. Hybridization was followed by cluster generation via bridge PCR
as per standard protocols (lllumina). Enriched libraries were sequenced on an lllumina
GAlIx or HiSeq 2000 using either paired-end 76 base or 50 base runs, respectively.

Read mapping and variant analysis

Samples were processed from real-time base-calls (RTA 1.7 software [Bustard],
converted to gseq.txt files, and aligned to a human reference (hg19) using BWA
(Burrows-Wheeler Aligner; 32). Read-pairs not mapping within +2 standard deviations of
the average library size (~125 £ 15 bp for exomes) were removed. Data was processed
using the Genome Analysis ToolKit (GATK refv1.2905; 33). All aligned read data was
subjected to “duplicate removal”, indel realignment (GATK IndelRealigner), and base
quality recalibration (GATK TableRecalibration). Variant detection and genotyping were
performed using the UnifiedGenotyper (UG) tool from GATK, and only performed on the
targeted exome regions. Variant data for each sample was formatted (variant call format
[VCF]) as “raw” calls for all samples, and lower quality/false positives sites were flagged
using the filtration walker (GATK) (low quality scores (<50), allelic imbalance (20.75),
long homopolymer runs (>3), and/or low quality by depth <5). Samples were considered
complete when exome targeted read coverage was >8x over >90% of the exome target.

Data analysis QC

All individual exome sequencing data were evaluated against QC metrics including
assessment of: (1) total reads: a minimum of 30M PE reads; (2) library complexity: the
ratio of unique reads to total reads mapped to target; (3) capture efficiency: the ratio of
reads mapped to target versus the reads mapped to human; (4) coverage distribution:
90% at 28x required for completion; (5) capture uniformity; (6) raw error rates; (7) Ti/Tv
ratio (3.2 for known sites and 2.9 for novel sites); (8) distribution of known and novel
variants relative to dbSNP; (9) fingerprint concordance >99%; (10) homozygosity; (11)
heterozygosity. All QC metrics for both single-lane and merged data were reviewed to
identify data deviations from known or historical norms. Lanes/samples that failed QC
were re-queued for library prep or further sequencing.

Broad Institute exome sequencing / analysis

Receipt/QC of sample DNA

Samples were shipped to the Biological Samples Platform laboratory at the Broad
Institute of MIT and Harvard. DNA concentration was determined by the Picogreen
assay before storage in 2D-barcoded 0.75 mL Matrix tubes at -20°C in the
SmaRTStore™ (RTS, Manchester, UK) automated sample handling system. We
performed initial QC on all samples involving sample quantification (PicoGreen),
confirmation of high-molecular weight DNA and fingerprint genotyping, and sex
determination (lllumina iSelect). Samples failed if the total mass, concentration, integrity
of DNA or quality of preliminary genotyping data was too low.



Library construction and in-solution hybrid selection

Starting with 3pg of genomic DNA, library construction and in-solution hybrid selection
were performed as described previously (34). A subset of samples were, however,
prepared using the Fisher et al. protocol (34) with slight modifications. Initial genomic
DNA input into shearing was reduced from 3ug to 100ng in 50uL of solution. In addition,
for adapter ligation, lllumina paired end adapters were replaced with palindromic forked
adapters with unique eight base index sequences embedded within the adapter.

Preparation of libraries for cluster amplification and sequencing

After in-solution hybrid selection, libraries were quantified using gPCR (KAPA
Biosystems) with probes specific to the ends of the adapters. This assay was
automated using Agilent's Bravo liquid handling platform. Based on gPCR
quantification, libraries were normalized to 2nM and then denatured using 0.1 N NaOH
using Perkin-Elmer’s MultiProbe liquid handling platform. A subset of the samples
prepared using forked, indexed adapters was quantified using qPCR, normalized to
2nM using Perkin-Elmer’s Mini-Janus liquid handling platform, and pooled by equal
volume using the Agilent Bravo. Pools were then denatured using 0.1 N NaOH.
Denatured samples were diluted into strip tubes using the Perkin-Elmer MultiProbe.

Cluster amplification and sequencing

Cluster amplification of denatured templates was performed according to the
manufacturer’s protocol (lllumina) using either Genome Analyzer v3, Genome Analyzer
v4, or HiSeq 2000 v2 cluster chemistry and flowcells. After cluster amplification, SYBR
Green dye was added to all flowcell lanes, and a portion of each lane visualized using a
light microscope, in order to confirm target cluster density. Flowcells were sequenced
either on Genome Analyzerll using v3 and v4 Sequencing-by-Synthesis Kits, then
analyzed using RTA v1.7.48, or on HiSeq 2000 using HiSeq 2000 v2 Sequencing-by-
Synthesis Kits, then analyzed using RTA v1.10.15. All samples were run on 76 cycle,
paired end runs. For samples prepared using forked, indexed adapters, lllumina’s
Multiplexing Sequencing Primer Kit was also used.

Read mapping and variant analysis

Samples were processed from real-time base-calls (RTA 1.7 software [Bustard],
converted to gseq.txt files, and aligned to a human reference (hg19) using BWA (32).
Aligned reads duplicating the start position of another read were flagged as duplicates
and not analyzed (“duplicate removal”’). Data were processed using the Genome
Analysis ToolKit (GATK v1.1.3; (33). Reads were locally realigned (GATK
IndelRealigner) and their base qualities were recalibrated (GATK TableRecalibration).
Variant detection and genotyping were performed on both exomes and flanking 50 bp of
intronic sequence using the UnifiedGenotyper (UG) tool from the GATK. Variant data for
each sample was formatted (variant call format [VCF]) as “raw” calls for all samples.
SNP and Indel sites were flagged using the Variant Filtration walker (GATK) to mark
sites of low quality that were likely false positives. SNPs were marked as potential
errors if they exhibited strong strand bias (SB >= 0.10), low average quality (QD <5.0),
or fell in a homopolymer run (HRun > 4). Indels were marked as potential errors for low
quality (QUAL < 30.0), low average quality (QD < 2.0), or if the site exhibited strong



strand bias (SB > -1.0). Samples were considered complete when exome targeted read
coverage was 220x over 280% of the exome target.

Data analysis QC

Sequence data that was processed were required to match known fingerprint genotypes
for their respective samples, and to achieve the sequence coverage noted above (20x
over 80% target). Variant calls were evaluated on both bulk and per-sample properties:
novel and known variant counts, Ti/Tv ratio, Het/Hom ratio, and Deletion/Insertion ratio.
Both bulk and sample metrics were compared to historical values for exome sequencing
projects at the Broad. No significant deviation of the ESP calls or ESP samples from
historical values were noted.

Variant calling

Input data

Variant discovery and genotyping was performed simultaneously across the initial set of
2,520 exomes sequenced by the NHLBI Exome Sequencing Project. These consisted of
1,384 samples sequenced at the University of Washington and 1,136 samples
sequenced at the Broad Institute. Most sequenced samples were of self-identified
European or African American Ancestry, although self-identified ancestry was not
available for a subset of samples. Sequencing centers carried out initial alignment and
pre-processing for each sample. Briefly, read data were aligned to NCBI build 37
reference using BWA (32) and indel-realigned and recalibrated using the Genome
Analysis Toolkit (GATK; 33). The initial pre-processing and alignment steps carried out
at each center were broadly similar.

As indicated above, three different target solutions were used for exome capture across
the 2,520 samples: Broad used Agilent capture solution (Agilent SureSelect Human All
Exon Kit v2 [31 Mb]) and UW used two different targets of Nimblegen-designed
solutions (custom RefSeq/CCDS design [28 Mb]; SeqCap EZ v1 [32 MDb]). In a
preliminary analysis of chromosome 20, we found variants called within 50 bp of target
regions had similar transition-transversion ratios, variant density, and overlap with
dbSNP compared to variants called on-target; thus we attempted to call variants within
50bp of target regions in each sample. When X chromosome variant calls were
generated, sex information was available only for a subset of samples; hence we used
normalized read depths across the sex chromosomes to infer sex for the remaining
samples, identifying 774 samples as male and 1,746 samples as female.

Calling pipeline overview

Briefly, we took a two-step approach for discovering variants and genotyping candidate
sites. First, genotype likelihood files (GLFs) were generated using SAMtools pileup on
individual BAM files. Next, we used glfMultiples - a multi-sample variant caller - to
generate initial SNV calls. This two-step approach is very scalable and is especially
beneficial for exome sequence data, because the size of GLF files largely depends on
the number of sites targeted for analysis (~52.6 M sites are within 50 bp of one of the



three ESP capture reagents). This process allowed us to perform multisample calling of
variants simultaneously across thousands of samples to avoid batch effects.

For the initial variant calls, we assumed that the prior probability that a site was

polymorphic was Prior(SNP) = 92?21% = 0.0091, corresponding to an estimate of the

prior for a segregating site in a simple population genetics model and an estimated per
sample per base pair heterozygosity of 8 = 0.001. We assumed transition and
transversion mutations were equally likely — while this assumption is not optimal, it
makes it easier to use transition-transversion (Ti/T,) ratio as a diagnostic of SNP call
quality. Details of the likelihood model implemented in glfMultiples are given in (35) in
the section entitled “ldentifying Potential Polymorphic Sites”. Briefly, the distribution of
observed bases and quality scores at each location (conditional on the true genotype) is
modeled using the MAQ model (36). Using maximum likelihood, we then estimated an
allele frequency for each site under the assumption that genotypes were segregating in
Hardy-Weinberg proportions. Genotypes for each site and corresponding posterior
probabilities were then calculated via Bayes theorem, using the Hardy-Weinberg
proportions as priors and the MAQ error model to describe the conditional probability of
bases and quality scores given the true genotype.

Initial variant filtering

After these initial SNV calls were generated, we re-examined the BAM files to collect
additional information about each variant site. Filters considered the total read depth,
the number of individuals with coverage at the site, the fraction of variant reads in each
heterozygote, the ratio of forward and reverse strand reads for reads carrying reference
and variant alleles and the average position of variant alleles along a read.

The final SNV call set included variants that were called with posterior probability >99%
(glfMultiples SNP quality >20), were >5bp away from an indel detected in the 1000
Genomes Pilot Project (37), were covered by at least one read in 85% of samples, and
had total depth across samples of between 2,500 and 2,500,000 reads (~1-100 reads
per sample). Sites having >65% of reads as heterozygotes carrying the variant allele or
where the absolute squared correlation between allele (variant or reference) and strand
(forward or reverse) was >0.15 were excluded. Additional quality metrics were
examined, including the fraction of unexpected alleles (those that did not match either
the reference or alternate allele) and the average location of variant calls along each
read. These metrics were not used to filter this initial dataset. All processing steps were
automated using GNU make, which facilitates parallelization of data processing steps,
dependency checking, and repeats of failed runs.

Data filtering

The lightly filtered data set described above was further subjected to more stringent
filtering in order to obtain high quality genotypes suitable for population genetics
analyses. Because three distinct capture targets were used in sequencing, we restricted
all analyses to the intersection of the capture targets; that is, sites not appearing on all
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three targets were excluded. We removed individual genotypes if quality (GQ) was
under 30 and/or filtered depth (DP or GD) was under 10. After such filtering, if more
than 10% of individuals had a missing genotype, we excluded the entire site from
analysis. We identified clusters of African Americans and European Americans based
on ancestry-informative markers and mean heterozygosity per individual (see below).
We used these clusters to remove sites violating Hardy-Weinberg equilibrium (chi-
square p-value < 10°) with heterozygote or homozygote excess within either cluster.
Similarly, we removed sites with overall heterozygote excess in the full dataset, but not
sites with overall homozygote excess as these could represent population structure.
After filtering Ti/Tv ratios for synonymous, missense, nonsense, and splice variants
were 5.60, 2.31, 2.13, and 1.69, respectively.

Identifying related individuals

We used KING (38) to identify duplicate samples and kin with a third degree (e.g. first
cousin) or closer relationship (Figure S8). Five exomes were removed due to low
coverage and 15 exomes showed high and presumably spurious relatedness to a large
number of other samples, likely due to low quality or contamination; we conservatively
removed these exomes from subsequent analyses as well. For all duplicate (N=22) and
kinship pairs (N=48), the individual with lower mean filtered depth was removed. We
removed 60 samples as some individuals have multiple relationships (Figure S8).

Assignment of ancestry labels

Designated ancestry was determined using heterozygosity and ancestry-informative
markers (AlMs), which we defined as autosomal SNVs estimated from preexisting
datasets to exhibit large allele frequency differences between individuals of European
and African ancestry (Figure S19). We chose 29 exomic AlMs varying between
Europeans and Africans in the HapMap datset, and 17 exomic AlMs varying between
those continents and Native Americans in the HGDP dataset. The one self-identified
Native American in our dataset was a clear outlier, being the only individual matching
over 40% of Native American AIMs and fewer than 65% European AlMs, and was
designated as Native American. The remaining samples formed two very distinct
clusters: 97% of samples had either >65% European AIMs and 13-15% of SNVs
heterozygous, or else < 50% European AlMs and 16.5-18.5% of SNVs heterozygous. In
order to assign the few ambiguous individuals falling between clusters, we designated
all individuals with over 50% European AlMs and <16% of SNVs heterozygous as
European American, and all other individuals as African American. This approach
resulted in less ambiguous ancestry designation compared to a simple PC analysis.

Data annotation

We used SeattleSeq Annotation 131 to annotate all SNVs, with respect to site type,
presence in existing databases, and other factors.

11



Prediction of functional variation

To identify putatively functional variation, we used we used PolyPhen2 (39), SIFT (40),
a likelihood ratio test (41), Mutation Taster (42), GERP (43), PhyloP (44), and a novel
population genetics approach that combines conservation information with the SFS that
we designate SFS-Del (see below). Thresholds in determining whether a given metric
predicted a SNV to be functional were as follows: PolyPhen2 “Probably Damaging”,
SIFT “Damaging”, likelihood ratio test “Deleterious”, MutationTaster “disease causing
automatic” or “disease causing”, GERP = 5, PhyloP = 3, SFS-Del probability = 0.90.

Analyses of batch and cohort effects

Exome sequences were assessed for batch and cohort effects using several strategies.
First, among individual exomes all samples showed similar properties of Ti/Tv,
heterozygosity and frequency of missing genotypes (Figure S1). Second, no substantial
differences were observed among sets of exomes sequences defined by target
definition, target group, and sequencing center vs. heterozygote / homozygous non-
reference (Figure S2) and Ti/Tv (Figure S3). Third, we assessed variant QC metrics
including depth of coverage, frequency of missing genotypes, and minor allele
frequency (MAF). Ti/Tv was relatively constant among a broad range of coverage,
frequencies of missing data < 10%, and MAF (Figure S4). Last, to confirm that patterns
of population structure and other population parameters were not significantly biased by
sequencing strategy, we relabeled the PCA analyses of population structure by: exome
capture target (Figure S5), sequencing center (Figure S6), and cohort/phenotype
information (Figure S7) for each sample. Plots are based on variants with a MAF > 5%
and pruned by LD.

Validation

Selection of variants for validation

Single nucleotide variants (SNVs) were selected for validation if they were novel — i.e.
not present in dbSNP 131, a single base change (i.e. non-indel), biallelic, and
functionally annotated as a missense or nonsense variant. This resulted in a total set
of 247,906 variants over a frequency range from 1 observation (i.e., a singleton; 1/4880
chromosomes) to more common variants at a frequency >10%. From this set, we
selected novel variants for validation including: 400 singletons, 768 variants <10%, and
all 52 variants identified with >10% MAF. SNVs selected for validation were not allowed
to be within 100,000bp of each other, nor within 100bp of any other known SNV. These
variants were evenly split between the sequencing centers for testing.

University of Washington genotyping/validation
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Directed PCR and Sanger sequencing were used to confirm all singleton variants
(n=200). Primer design, optimization, and testing resulted in 146/200 passing
amplicons. For each variant position, we selected the specific genotype positive
singleton sample, along with six Coriell negative control samples. All chromatograms
were generated on an ABI 3700XL, and aligned to a genomic reference sequence.
Polyphred was used to identify putative variant positions within an amplicon and the
specific position of interest was directly examined and validated by a data analyst. All
samples were genotyped using PolyPhred or manually. Comparison of exome
genotypes against the Sanger data resulted in 2/146 (1.3% discordant) genotypes. Of
the singletons that failed confirmation, one variant was annotated by the filtration walker
(GATK) as failing allelic balance (GATK filter status was not originally used as a
selection criteria). The second singleton that could not be confirmed was supported by
manual review of the exome data, however multiple PCR amplicons and sequencing did
not confirm this sample genotype.

Singleton variants were validated by Sanger sequencing. Of 145 singleton variants that
were assessed, 143 (99%) were validated. Non-singleton variants were validated using
the lllumina BeadXpress (n=384 plex) assay. All 820 variants (768 < 10% MAF + 52 >
10% MAF) were submitted for design scores and the highest ranking variants used in a
384 plex genotyping pool (372 < 10% MAF + 12 > 10% MAF). All BeadXpress sample
pools (10 pools x 96 samples) were scanned and initially clustered/genotyped using the
BeadStudio software, with subsequent manual review. We selected 960 samples from
the genotype positive sample set to be assayed across all 384 variants. 934/960 (98%)
samples passed QC (>95% of variants called) and were used for validation. We found
332/384 (86%) variants passing QC (>90% of samples reporting a genotype) of which
316/332 (95%) of the variants were confirmed in the genotype positive samples. Of 332
non-singleton variants tested, 323 had a MAF < 10%. We validated 316/323 (98%)
non-singleton variants with 1191/1255 (95%) confirmed genotypes. The observed
confirmation failures (5%) appeared to be due to genotype clustering, with unconfirmed
samples falling at or near cluster boundaries. Nine SNVs with MAF>10% were tested
and all nine were validated with 1914/1925 (99%) confirmed genotypes.

Broad genotyping/validation

Singleton and non-singleton variants were validated using iplex technology (Sequenom;
John Hopkins Court, San Diego, CA). In all, 97 putative singletons identified in 94 DNA
samples were genotyped in 8 SNP pools. Each SNP was genotyped on the specific
genotype positive singleton samples and the other 93 DNA samples from which the
initial pool of singletons were selected. Four of the sites demonstrated high missingness
(a no-call rate of >5%) and were excluded from further analysis. Of the remaining 93
singletons, 91 (98%) were validated. The two putative singletons that could not be
detected were determined to be monomorphic and this was confirmed by visual analysis
of the raw intensity plots. For validation of non-singletons, 402 mis- or non-sense SNPs
with MAF < 10% were selected for testing. All 402 SNPs were sequenced in 1024
samples from the genotype positive sample set. 352 of the 402 SNPs (88%) tested
passed initial QC with 331 confirmed in the genotype positive samples. Of 391 non-
singleton variants tested, 370 had a MAF < 10%. We validated 362/370 (98%) non-
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singleton variants. Twenty-one SNVs with MAF>10% were tested and 20/21 (95%) were
validated.

Power of variant discovery

We used two simple approaches for calculating the power of variant discovery. First, the
probability that a variant with a population frequency f is observed in a sample of n
individuals is 1-(1-f)*" (45). Second, we used the hypergeometric distribution to calculate
the probability of sampling one or more alleles of a variant drawn from a population of
size N that consists of m minor alleles, N-m major alleles (i.e., the more common allele),
in a sample size of k chromosomes is 1 — hyper(0, m, N-m, k). We evaluated the
probabilities of variant discovery for a range of allele frequencies and population sizes,
N. Note, both of these approaches implicitly assume a randomly mating population and
therefore should be regarded as rough approximations on the power of variant
discovery.

Comparison of variants discovered in the ESP with the 1000
Genomes Project

SNVs were compared between the ESP and 1000 Genomes Project (1KGP) for
individuals of European ancestry (1000 Genomes Project Consortium; 7). In total, 1,351
ESP EA individuals were compared to 381 1KGP European individuals. The 1KGP
European populations were: 87 Utah residents with Northern and Western European
ancestry (CEU), 93 Finnish in Finland (FIN), 89 British from England and Scotland
(GBR), 14 Iberian populations in Spain (IBS), and 98 Toscani in Italia (TSI). Data was
downloaded from the 1KGP-Interim Phase | data (June 2011 release
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20101123/interim_phase1_release/).
The comparison focused on 140,323 autosomal regions (~23.92 Mb), with sequence
coverage rates > 90% in the ESP. Among these regions, 261,251 SNVs were identified
in the 1,351 EA ESP individuals and 90,961 SNVs were identified in the 381 European
individuals from 1KGP (Table S1). Among these variants, 59,759 were identified in both
the ESP and in 1KGP. For SNVs with a MAF < 5%, 201,379 variants were uniquely
observed in the ESP, compared with 25,641 variants uniquely observed in 1KGP. For
SNVs with a MAF > 5%, 113 SNPs were uniquely observed in ESP, compared with
5,561 variants uniquely observed in TKGP.

Among the 5,561 common SNVs that were not observed in ESP, 4,893 (87.98%) sites
were filtered out in the ESP because >10% of individuals were called as missing
(GQ<30 and/or DP<10), denoted as C90; 322 (5.79%) sites were filtered out in ESP
because of departure from HWE in EAs (chi-square > 24), denoted as HWD; 151
(2.72%) sites were invariant (i.e., genotypes of all individuals are reference
homozygous) in ESP, noted as INV; 120 (2.16%) sites were not called or were not
targeted, noted as NoC; and 75 (1.35%) sites were filtered out for other reasons in ESP,
such as allele balance, nearby indels, etc, denoted as OTH.
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Figure S10 illustrates characteristics, such as reference allele frequency and HWE, of
common SNVs specific to the 1TKGP data. SNVs filtered out of the ESP data because of
HWD or NoC (Figure S10B and D) also exhibit extreme departures from HWE in 1KGP.
This departure from HWE in 1KGP is not explained by population structure compared
with Figure S9A. SNPs filtered out of the ESP data because they were invariant (INV)
show a higher frequency of the reference allele in 1KGP (Figure S9C), some of which
were only observed in specific European populations, such as FIN, GBR and IBS (Table
S2).

Thus, of the 5,561 common SNVs in 1KGP that were not observed in ESP, all but 151
variants can be accounted for by being filtered out of the ESP data or not present in the
capture target. The remaining 151 SNPs can largely be accounted for by European
population stratification (Table S2), as the 1KGP included a broader sampling of
European populations.

Demographic Inference

Demographic inference based on the site frequency spectrum was performed using the
package dadi version 1.5.2 (46), using a demographic model similar to a previously
described three-population model (46,47), but with three added parameters to allow for
a recent growth, namely a time for growth change and two recent growth rates (one in
the European and one in the African population).

Because we want to resolve the site frequency spectrum for population frequencies of
the order of 0.0005, and dadi calculates the site-frequency spectrum by numerically
solving diffusion equations, we require a very fine discretization of frequency space,
which is computationally demanding and makes parameter inference challenging. As
we expect the extra information provided by the current data to be particularly
informative of recent migration, we fixed the parameters of ancient demographic events
to those obtained in (47), allowing only the recent European and African demography to
change, namely the two recent growth parameters in Europeans and Africans, the time
for the accelerated growth, and the growth rate in Europeans since the split with the
ancestors to the Asian population. Even with these constraints, the requirements for
simulating a 3-population model at this level of accuracy are high. Since the current
data does not include individuals of reported Asian ancestry, we did not simulate the
Asian population in this model after the split from the European population. Because the
original model includes migration between all populations, we verified that this omission
did not overly affect the joint African-American/European site-frequency spectrum--the
maximum difference between two-population and three-population models in any of the
bins was within 21.2% of the expected Poisson sampling noise in the data, when the
simulation was carried with 100 grid points, and this number decreased to 16% with 500
grid points (we expect this number to decrease further when convergence is reached).

For the optimization process, we used grids of 500, 750, and 1000 points per population
and extrapolated to infinite sample size using the method described in (46). Once we
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obtained optimal parameters, we used an even finer grid (1000, 1500, and 2000) to
generate plots of frequency spectra and perform comparisons with the real data.

To obtain confidence intervals for the recent growth parameters, we performed a
bootstrap analysis over exons. More specifically, we first defined 8239 target regions
separated by more than 50kb, by merging together target regions separated by a
smaller distance. Then, we generated 24 bootstrapped samples by selecting 8239
genomic regions with replacement among the initial regions. For each bootstrap
sample, we calculated the allele frequency spectrum, and optimized the likelihood as a
function of the four recent demographic parameters, as for the initial point estimates.
Convergence of the optimization was ensured by performing six optimizations from
different starting positions and verifying that the highest-likelihood values were attained
for at least two initial conditions. For computational efficiency, we used coarser grids
than in the point estimate (extrapolating from results 100, 200, and 400 grid points per
population), as we expect the width of the confidence intervals to be less affected than
point estimates by finite grid effects. We use the obtained standard deviation to estimate
confidence interval for the point estimate reported in the text.

Analysis of natural selection

Inference of positive selection

All positive selection analyses were restricted to the autosomes, so that all compared
genes shared the same demographic history. To find genes showing evidence of
positive selection in humans, we first identified human-chimp fixed differences by
comparison to panTro3, excluding sites that were polymorphic in our dataset. We
retained only human-specific substitutions by excluding sites where the human allele
was identical to macaque (rheMac2); sites where neither the chimp nor the human allele
matched macaque were assigned a 50% probability of being a human-specific
substitution. We used these sites to identify genes with high ratios of human-specific
divergence to within-human polymorphism, as well as genes with high ratios of
nonsynonymous/synonymous divergence relative to their ratio of
nonsynonymous/synonymous polymorphism. For all measures of within-human
polymorphism, we used 1 rather than counts of segregating sites in order to minimize
the signal from rare and likely deleterious variants. To find genes showing evidence of
population-specific adaptation, we identified candidates with unusually high or low ratios
of AA polymorphism to EA polymorphism. We also identified genes with at least one
SNV showing Fsr at least 0.3 and either AA polymorphism or EA polymorphism in the
lowest 20% for that sample.

Inferences of purifying selection based on the SFS

We inferred purifying selection by examining the joint SFS (in EA and AA) of different
site classes. We classified sites according to four basic type categories (synonymous,
missense. nonsense/splice, and other) and GERP score rounded to the nearest integer.
We assumed than synonymous sites with a GERP score of -5 or less (site class S)
represented a neutral class of sites with a joint SFS reflecting only demographic history.
We assumed that the effects of positive and balancing selection on segregating
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polymorphism are negligible for the exome as a whole. We compared joint SFS for sites
S against all non-S site classes, assuming that any differences are due to the presence
of deleterious variants (D) in the non-S class, in addition to the neutral non-S variants
(N) which behave just like S. We assumed that all sites which reach a frequency of 50%
in both EA and AA are effectively neutral, so all non-S variants are N. For a given joint
frequency rarer than 50% (Fea and Faa) the ratio of non-S deleterious SNVs (D+N) to
selectively neutral SNVs (S) is can be approximated by the ratio at 50% (N/S) multiplied
by several constants which scale with the logs of the frequencies and their interaction
term:

In(D + N)/S) = In(N/S) + B,(In(0.5/F,,)) + B,(In(0.5/F ) + B, ((In(0.5/F,, ) *(In(0.5/F,, )))

We used multiple regression to solve for the f values for all site classes, combining
some similar site classes to ensure a large sample size for all regression calculations.
Thus, for a site in a given site class at a given frequency, we could estimate the
probability that it was D rather than N. By summing these probabilities across the
exome, once for every heterozygous or derived hemizygous variant and twice for every
derived homozygous variant, we estimated the number of deleterious variants per
individual. In effect, we estimated the number of variants that would be prevented by
selection from reaching a 50% frequency in both populations if the populations
continued to experience the same selective pressures and demographic processes as
they have in the past. The advantage of this approach is that we have to make very few
a priori assumptions about which site types are likely to be deleterious; rather we can
empirically estimate a probability for each site class based on how disproportionately
prevalent that site class is at increasingly rarer frequencies.

Purifying selection and protein structure

We analyzed six features that are potentially important for protein structural stability:
normalized solvent-accessible surface area, change in amino acid side chain volume,
change in amino acid hydrophobic potential, average number of hydrogen bonds
formed by the residue, and secondary structure element. We also analyzed three
features that are potentially important for protein biochemical function: number of active
site contacts, number of heteroatom contacts, and number of side chain contacts.
Variants with normalized accessible surface area above the median were classified as
surface variants; variants with normalized accessible surface area below the median
were classified as buried variants. Variants with side chain volume change above the
top quintile (large positive volume change) were classified as overpacking variants;
variants with side chain volume change below the bottom quintile (large negative
volume change) were classified as cavity-forming variants. Variants with hydrophobic
potential change above the top quintile were classified as hydrophobic potential-
changing variants. Secondary structure elements were grouped into helices, strands,
and loops. Variants in sites that formed any hydrogen bonds were classified as
hydrogen-bonding; variants in sites that made any active site contacts were classified
as active site variants; variants in sites that made any heteroatom contacts were
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classified as ligand-binding variants; and variants in sites that made any interchain
contacts were classified as variants contacting another protein chain.

Nonsynonymous variants were mapped to PDB structures using PolyPhen2, using a
minimum sequence identity of 50% and a minimum alignment length of 100 amino
acids. Each variant that mapped to a structure was then scored for the nine features
described above. For each of the categories described above, we performed a random
permutation test to determine whether the category contains a statistically significant
enrichment of rare variants. For each category, we chose 100,000 random sets of
variants that mapped to PDB structures and counted the number of variants with a MAF
< 0.005.

Purifying selection and synonymous variation

The w scores of all possible human codons were taken from (48). The change in w
score was calculated as the difference between that of the codon with the derived allele
and that of the codon with the ancestral allele. The hypothesis that the correlation
between the derived allele frequency (DAF) and the functional or w scores is equal to
zero was tested using Fisher's transformation and a z score test.

Coordinated purifying selection on synonymous and nonsynonymous variation
within genes

For each gene we estimated Spearman's rank correlation coefficients (RCCs) between
the average w score changes of synonymous variants and the average functional
prediction scores (SIFT, Polyphen2, LRT and MutationTaster) of the nonsynonymous
variants. We observed a weak but statistically significant negative correlation between w
score changes and functional prediction scores from SIFT, Polyphen2 and
MutationTaster (Table S7), which suggests potential coordinated purifying selection
acting on both the synonymous variants and the non-synonymous variants within a
gene.

Rare variant association power analysis

The power of association studies on individual rare variants is extremely low, and
numerous methods have been developed to pool, or aggregate, rare variants at a gene
to improve power (28). Here, we used a simple Fisher's Exact Test (FET) to explore
power on a gene by gene basis In order to simulate phenotypes we used a logistic
model of the form:

logit(p) = B*(xi*txz2...Xn) T €

where the x’s are each individual variant in the genic region, and (3 was set to either
0.405 or 1.609, which leads to an OR of 1.5 and 5, respectively. € is the random error
term drawn from aa standard normal distribution. The logistic model yields a continuous
probability of being a case or control, which is subsequently determined using a
uniformly distributed random number compared to the probability. The data were
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preprocessed to include only 1000 EA and AA, which will be sub-selected for 400 cases
and 400 controls; sites with a MAF < 1%, calculated at the 1000 individual level for each
sample (ignoring those greater than 1% from random sampling); and sites with a
functional designation of missense, nonsense, splice-site, or GERP = 5.

In an effort to remove spurious associations due to population demography and
structure, the 1000 individuals for each population were selected in a PCA aware
manner. For both samples, we use a global PCA of sites with a MAF > 5% and pruned
for LD (plink --indep-pairwise 50 5 0.5) (see Figure S17). For the AA sample, we
selected the 1,000 individuals with the lowest PC1 values, which is indicative of level of
European admixture. With each analysis of AA, PC1 will be included as a covariate. For
the EA sample, we selected the 1,000 individuals with the lowest PC2 values, which is
indicative of a North/South European cline. This removes all the individuals that cluster
with Eastern European Jewish populations and the most extreme individuals that cluster
with Tuscans from HapMap3 (see below). The power results per gene for an OR = 5 are
shown in the main text (Figure 4A) and for an OR = 1.5 in Figure S18.
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Supplementary tables

Table S1. Comparison of the number of SNVs with different minor allele frequency

(MAF) in individuals of European ancestry between ESP and 1KGP.

MAF Exome Project 1000 Genomes Project
Singletons 161,906 (62.0%) 28,696 (31.5%)
<0.001 186,602 (71.4%) Not Available
<0.005 220,086 (84.2%) 40,677 (44.7%)
<0.01 227,364 (87.0%) 49,540 (54.5%)
<0.05 239,824 (91.8%) 64,191 (70.6%)
>0.05 21,427 (8.2%) 26,770 (29.4%)
Total 261,251 90,961

Table S2. The distribution of MAF for the 151 common SNPs in different European
ancestral populations of 1KGP, but invariant in ESP.

MAF (%) CEU FIN GBR IBS TSI
Invariant 105 (69.5%) 0 0 16 (10.6%) 107 (70.9%)
<0.01 3 (2.0%) 0 0 0 4 (2.6%)
<0.05 17 (112%) 6 (4.0%) 5 (3.3%) 12 (7.9%) 23 (15.2%)

>0.05 29 (19.2%) 145(96.0%) 146 (96.7%) 123 (81.4%) 21 (13.9%)

Table S3. Genes with unusually high proportions of rare variation.

Gene Chrom Pi Tajima's D S CommonS RareS Length
SAMD11 1 1.08E-04 -2.42 49 7 42 743
KLHL17 1 3.84E-04 -2.35 67 6 61 1322
PLEKHN1 1 6.54E-04 -2.04 53 8 45 966
SCNN1D 1 2.31E-04 -2.45 67 7 60 1003
TAS1IR3 1 8.04E-05 -2.51 62 3 59 1154
ATAD3B 1 1.02E-03 -2.09 83 15 68 1434
PRAMEF2 1 3.19E-03 -1.60 96 31 65 1324
TMEMS82 1 6.01E-04 -2.22 47 7 40 670
CROCC 1 1.10E-04 -2.52 100 14 86 2111
CELA3B 1 1.52E-03 -2.01 52 12 40 788

GJB4 1 7.49E-04 -2.25 48 11 37 765

HRNR 1 9.62E-04 -2.17 311 53 258 4503

FLG 1 1.40E-03 -2.29 761 148 613 11166
OR2T12 1 1.44E-03 -1.94 50 11 39 820
PRR21 2 1.29E-03 -1.75 43 14 29 514
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SRRM2 16 3.27E-04 -2.58 313 22 291 7866

DNASE1 16 9.90E-04 -2.28 63 7 56 878
TRAP1 16 6.01E-04 -2.39 103 13 90 2038
PPL 16 7.45E-04 -2.29 198 24 174 4644
FAM86A 16 6.26E-04 -2.10 38 7 31 571
TEKTS 16 9.62E-04 -2.21 76 12 64 1471
PDILT 16 1.45E-03 -1.96 84 10 74 1799
NECAB2 16 1.25E-03 -2.13 70 9 61 978
SLC38A8 16 9.65E-04 -2.28 81 12 69 1344
KIAA1609 16 1.65E-03 -1.96 76 16 60 1399
KLHDC4 16 9.44E-04 -2.16 73 12 61 1415
CDT1 16 1.03E-03 -1.74 47 8 39 757
KCNJ12 17 2.50E-04 -2.49 66 9 57 1187
ACTG1 17 1.03E-03 -2.03 50 8 42 885
THEG 19 5.27E-04 -2.36 61 9 52 1171
POLRMT 19 4.30E-04 -2.18 79 13 66 1535
PRSSL1 19 7.21E-04 -1.78 24 3 21 309
TIP3 19 1.09E-03 -1.98 103 13 90 2072
CAPS 19 9.26E-04 -2.19 41 7 34 558
PPAN-P2RY11 19 3.46E-04 -2.40 83 6 77 1596
P2RY11 19 6.59E-04 -2.26 55 4 51 837
CYP2A6 19 1.13E-03 -2.24 92 22 70 1497
CYP2B6 19 6.48E-04 -2.40 88 6 82 1483
PSG8 19 2.33E-03 -1.96 96 14 82 1264
PSG1 19 1.94E-03 -2.01 88 18 70 1236
PSG6 19 1.11E-03 -2.38 108 18 90 1294
PSG11 19 2.28E-03 -1.76 61 12 49 1008
PSG2 19 2.03E-03 -1.92 67 14 53 1028
PSG9 19 1.39E-03 -2.14 81 20 61 1303
LILRAZ 19 9.31E-04 -2.31 87 24 63 1415
TRIB3 20 1.00E-03 -2.06 50 6 44 946
LAMAS 20 4.05E-04 -2.38 270 38 232 5428
TPTE 21 3.00E-04 -2.52 87 13 74 1651
TRPMZ2 21 2.71E-04 -2.58 178 17 161 4007
C210RF29 21 1.23E-04 -2.57 84 5 79 1776
COL6AZ2 21 8.75E-04 -2.20 136 18 118 2541
IGLL1 22 1.35E-03 -1.97 38 12 26 443
IGLL3 22 3.90E-03 -1.75 68 22 46 640
CYP2D6 22 7.50E-04 -2.18 58 6 52 810
SERHL2 22 5.54E-04 -2.16 39 5 34 537
LOC553158 22 2.10E-03 -2.12 117 18 99 1402
ARHGAPS 22 2.20E-03 -2.11 115 18 97 1340
LMF2 22 5.64E-04 -2.19 65 6 59 898
PLCXD1 X 5.18E-04 -2.19 58 5 53 995
IL3RA X 2.10E-04 -2.38 57 3 54 1181
VCX3A X 5.49E-04 -2.00 23 7 16 171

Column headers are Gene ID, chromosome, nucleotide diversity, Tajima’s D, number of segregating sites
(S), number of common variants (CommonS), number of rare variants (RareS), and observed gene
length.
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Table S4. Summary information of 114 genes with signatures of positive selection.

Pi AAPI _EAPi NsynPi __ Syn Pi Extreme
Gene  Chr Fsr (g (%) (%) (Z/o) 210/0) Pattern
CIORF63 1 0.16 0.049 0.017  0.068 _ 0.065 0.001 LowAA
EIF2C1 1 036 0.012 0.021  0.002 0 0.049 HighFst
CDC14A 1 0.34 0.033 0.062  0.003  0.003 0.125 LowEA
BCL9 1 0.22 0016 0.007 0.021  0.016 0.016 LowAA
OR6K6 1 0.26 0.275 0.505  0.028 0.26 0.32 LowEA
DARC 1 0.25 0.065 0.024  0.086  0.085 0.005 LowAA
KLHL20 1 0.31 0.025 0.046  0.002  0.001 0.097 HighFst
LAMC2 1 0.21 0.069 0.085  0.049  0.025 0.203 MK
PRG4 1 0.17 0.046  0.05 0.04 0.029 0.098 LowPi
LRRN2 1 0.27 0.065 0.04  0.079  0.036 0.154 LowAA
SLC41A1 1 0.22 0.046 0.021  0.057  0.001 0.182 LowAA
CIORF116 1 0.36 0.079 0.147  0.004  0.099 0.018 LowEA
C1IORF101 1 0.21 0.063 0.098  0.025  0.016 0.206 MK
OR2W5 1 0.17 0.164 0.196  0.131  0.045 0.519 MK
OR2T1I0 1 0.02 0.015 0.025  0.008  0.012 0.025 LowPi
NT5C1IB 2 0.26 0.066 0.072  0.045  0.003 0.245 MK
MAP4K3 2 0.45 0.04  0.04  0.021  0.002 0.154 MK
STK17B 2 0.28 0.087 0.072  0.087  0.001 0.346 MK
ARMCO 2 0.08 0.077 0.078  0.074  0.006 0.289 MK
DHFRLI 3 0.11 0.091 0.036  0.128 0.12 0.006 LowAA
UGT2B28 4 0.03 0.015 0.023  0.008  0.009 0.032 LowPi
UGT2A1 4 0.08 0.07 0.04  0.092  0.081 0.037 LowAA
BRDY 5 020 0.072 0.133  0.013  0.012 0.252 LowEA
UGT3A1 5 0.04 0.008 0.016  0.001  0.003 0.021 LowPi
C50RF36 5 0.36 0.03 0.052  0.001 0.04 0 HighFst
C50RF48 5 0.40 0.07 0.116  0.002  0.003 0.272 HighFst
LARS 5 0.15 0.075 0.037  0.096  0.024 0.228 LowAA
RARS 5 021 0.074 0.029 0.102  0.016 0.248 LowAA
FBXW11 5 0.35 0.022 0.04  0.001 0 0.087 HighFst
FAMi153A 5 0.08 0.074  0.15 0.01 0.099 0.001 LowPi
HLA-G 6 0.11 0.352 0.379  0.326  0.068 1.205 MK
WDR46 6 0.07 0.032 0.015  0.044  0.023 0.059 LowAA
TMEM638 6 0.05 0.02  0.01  0.028  0.007 0.061 LowAA
FUT9 6 032 0023 0.042  0.001 0.03 0.002 HighFst
OR244 6 0.00 O 0 0.001 0 0.001 LowPi
C70RF20 7 0.11 0.115 0.142  0.089  0.001 0.455 MK
MUC17 7 0.7 0.092 0.121  0.063  0.089 0.101 LowPi
TAS2R60 7 0.04 0.059 0.064  0.054  0.011 0.204 MK
SCARA3 8 0.01 0.003 0.005 0.001  0.002 0.006 LowPi
UNC5D 8 0.40 0.04 0.065 0.006  0.002 0.152 LowEA
PTK2 8 0.42 0.012 0.02  0.002  0.001 0.046 HighFst
C9ORF123 9 0.03 0.17 0.16  0.174  0.002 0.672 MK
CDC14B 9 0.41 0.025 0.043  0.002  0.005 0.086 HighFst
ZNF510 9 0.21 0.067 0.131  0.007  0.058 0.095 LowEA
ORM2 9 042 0.173 0.312  0.008  0.109 0.364 LowEA
ORIL3 9 0.39 0.086 0.162  0.007  0.102 0.039 LowEA
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RGL3 19 0.01 0.003 0.006 0.002 0.003 0.003 LowPi

ZNF442 19 0.20 0.056 0.103 0.01 0.065 0.028 LowEA
USHBP1 19 0.24 0.102 0.108 0.083 0.066 0.207 MK
HIPK4 19 0.03 0.014 0.016 0.013 0.016 0.01 LowPi
LIPE 19 0.23 0.03 0.058 0.005 0.033 0.016 LowEA
VRK3 19 0.19 0.114 0.217 0.012 0.093 0.176 LowEA
ZNF473 19 0.20 0.074 0.145 0.004 0.067 0.095 LowEA
POLD1 19 0.34 0.061 0.108 0.015 0.008 0.221 LowEA
KIR2DL1 19 0.04 0.028 0.049 0.011 0.034 0.011 LowPi
KIR2DS4 19 0.04 0.021 0.042 0.004 0 0 LowPi
NLRP11 19 0.19 0.06 0.068 0.05 0.026 0.163 MK
DEFB127 20 0.17 0.232 0.113 0.292 0.306 0.009 LowAA
C200RF70 20 0.26 0.096 0.182 0.012 0.093 0.104 LowEA
R3HDML 20 0.04 0.118 0.106 0.128 0.005 0.458 MK
TPTE 21 0.07 0.031 0.045 0.018 0.028 0.015 LowPi
SLC5A1 22 0.03 0.033 0.016 0.046 0.019 0.076 LowAA
APOL1 22 0.32 0.155 0.141 0.143 0.152 0.162 LowPi
TXNZ2 22 0.01 0.006 0.007 0.005 0.001 0.02 LowPi
APOBEC3G 22 0.33 0.082 0.085 0.059 0.058 0.152 MK
TRMU 22 0.23 0.047 0.094 0.003 0.02 0.128 LowEA

Column headers are Gene ID, chromosome, Fst, nucleotide diversity in all ESP samples, nucleotide
diversity in the AA sample, nucleotide diversity in the EA sample, nucleotide diversity of nonsynonymous
variants, nucleotide diversity of synonymous variants, and the characteristic that makes them an outlier
(Extreme Patter = MK for McDonald-Kreitman; LowPi = low nucleotide diversity in the combined sample;
LowEA or LowAA = low nucleotide diversity in EA or AA, respectively; HighFst = extreme levels of
differentiation as assessed by Fsr).

Table S5. Significantly enriched KEGG pathways among the 114 genes with signatures
of positive selection.

KEGG Pathway Number of Genes Adjusted P-value
Olfactory transduction 10 1.79x 107
Drug Metabolism -other enzymes 3 5x10™
Antigen processing and presentation 3 2.2x10°

Natural killer cell mediated
cytotoxicity
Metabolic pathways 8 4.3x107
Column headers are KEGG pathway ID, Number of putatively selected genes in the pathway, and FDR

adjusted p-value. Enrichment analysis was performed using the web-based tool WebGestalt(13)
(http://bioinfo.vanderbilt.edu/webgestalt)

3 43x10°

Table S6. Summary statistics of polymorphism for each of the 15,585 genes analyzed.
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This is a large table that is available as a separate file. Column headers are:

Gene (gene name)

Chrom (chromosome)

Start (start site)

End (end site)

S (number of segregating sites)

EA_S (number of segregating sites in European Americans)

AA_S (number of segregating sites in African Americans)

Length (real exonic length of the gene)

ObservedLength (number of sites that passed all filters, including invariant sites)
Pi (mean number of pairwise differences between two randomly selected
chromosomes, divided by ObservedLength)

EA_Pi (Pi in European Americans)

AA_Pi (Piin African Americans)

Rare (number of segregating sites with frequency under 0.5%)

Common (number of segregating sites with frequency at least 0.5%)

Missense (number of missense segregating sites)

PolyPhen2 (number of segregating sites with "probably damaging" PolyPhen2
designation)

HighGERP (number of segregating sites with GERP score >= 5)

HighSFS (number of segregating sites with >=90% probability of functional importance
using SFS-based method)

Nons (number of nonsense segregating sites)

Splice (number of splice segregating sites)

MissenseEA (number of missense segregating sites in European Americans)
NonsEA (number of nonsense segregating sites in European Americans)
SpliceEA (number of splice segregating sites in European Americans)
MissenseAA (number of missense segregating sites in African Americans)
NonsAA (number of nonsense segregating sites in African Americans)
SpliceAA (number of splice segregating sites in African Americans)

Sprop (segregating sites divided by observed length)

NS_Sprop (missense, nonsense, and splice segregating sites divided by observed
length)

SpropEA (segregating sites in European Americans divided by observed length)
NS_SpropEA (missense, nonsense, and splice segregating sites in European
Americans divided by observed length)

SpropAA (segregating sites in African Americans divided by observed length)
NS_SpropAA (missense, nonsense, and splice segregating sites in African Americans
divided by observed length)

Table S7. Evidence for coordinated purifying selection on synonymous and

nonsynonymous variation within genes.

Method AA EA
SIFT -0.031 (0.0002) -0.020 (0.0194)
Polyphen2 -0.032 (0.0001) -0.018 (0.0070)
LRT 0.010 (0.1247) -0.001 (0.4590)
MutationTaster -0.020 (0.0098) -0.026 (0.0013)

34



Values show the rank correlation coefficients between average functional prediction scores for different
methods and average w score changes of a gene. P-values from a two-sided z test are shown in
parantheses.
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Figure S1. Assessment of Sample Outliers using Ti/Tv, Heterozygosity and

Missingness (i.e., sites not called). A) Ti/Tv and B) Het/Hom Non-Ref and C)
Frequency of Missingness vs. Sample Index. Each dot represents a single sample.
Samples showed similar properties of Ti/Tv, heterozygosity and frequency of missing

genotypes.
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Ref.
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Figure S5. PCA plots with samples labeled by exome capture target.
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Figure S9. Characteristics of human protein-coding variation. A) Venn diagram showing
the number of SNVs discovered in each sample, including the single Native American
(NA) individual. Note, circles are not drawn to scale. B) Proportion of all non-singleton
population-specific SNVs for different bins of MAF. Each bar also shows the relative
proportion of population-specific SNVs observed in the AA and EA samples. C) Number
of known and novel SNVs discovered for different site types. D) SFS of 1000 randomly
selected individuals per sample. Note the large excess of rare SNVs relative to what is
expected under a standard neutral model. E) The value of Tajima’s D as a function of
sample size. As sample size increases, the value of Tajima’s D becomes sharply
negative in each sample due to the increased resolution of observing recent population
expansions (notice the primary consequence of increased sample size on genealogies
is the addition of recent coalescent events).
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Figure S$10. The performance of 5,561 SNPs that were only observed in European
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Figure S12. Number of common (left) and rare (right) variants per base pair as a
function of sample size. A) Box plots showing the number of variants per bp with a MAF
>0.5% as a function of sample size, estimated for each gene. Box edges represent the
first and third quartile, while dark horizontal lines represent the median. Whiskers
represent 1.5 times the interquartile range. Points represent outlier genes beyond the
range of the whiskers. The number of common variants per base pair increases from a
median of 0.0012 for a sample size of ten to a median of 0.0026 in the full dataset of
2440 individuals. Samples of approximately 100 individuals or more capture essentially
all common variants. B) Box plots showing the number of rare (<0.5%) variants per bp
as a function of sample size. Layout is the same as in (A). The number of rare variants
per base pair increases from a median of zero for sample sizes under twenty to a
median of 0.019 in the full dataset of 2440 individuals. Each increase in sample size
reveals a linear increase of rare variants, with no sign of leveling off.
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pathway, which are colored by their value of & (expressed as the log, fold change
relative to the average s across pathways).
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Figure S17. Summary of the 1,000 individuals selected in each sample (denoted
EAkeep and AAkeep) for the simulations to evaluate the power of rare variant
association studies. The goal of selecting these individuals was to mitigate spurious
associations due to population stratification.
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