© 2014 Nature America, Inc. All rights reserved.

&

TECHNICAL REPORTS

nature
genCtICS

Ancestry estimation and control of population
stratification for sequence-based association studies

Chaolong Wang!>19, Xiaowei Zhan?19, Jennifer Bragg-Gresham?, Hyun Min Kang?, Dwight Stambolian?,
Emily Y Chew?, Kari E Branham?, John Heckenlively>, The FUSION Study®, Robert Fulton’, Richard K Wilson?,
Elaine R Mardis’, Xihong Lin!, Anand Swaroop8, Sebastian Zollner?° & Gongalo R Abecasis?

Estimating individual ancestry is important in genetic
association studies where population structure leads to

false positive signals, although assigning ancestry remains
challenging with targeted sequence data. We propose a new
method for the accurate estimation of individual genetic
ancestry, based on direct analysis of off-target sequence
reads, and implement our method in the publicly available
LASER software. We validate the method using simulated and
empirical data and show that the method can accurately infer
worldwide continental ancestry when used with sequencing
data sets with whole-genome shotgun coverage as low as
0.001x. For estimates of fine-scale ancestry within Europe,
the method performs well with coverage of 0.1x. On an even
finer scale, the method improves discrimination between
exome-sequenced study participants originating from different
provinces within Finland. Finally, we show that our method
can be used to improve case-control matching in genetic
association studies and to reduce the risk of spurious findings
due to population structure.

Genome-wide association studies (GWAS) have successfully identi-
fied thousands of common variants associated with complex traits! 4,
but translating these discoveries into mechanistic insights has been
challenging. To dissect the genetic architecture of complex traits,
efforts are shifting to rare functional variants that can be detected
with next-generation sequencing. Building on advances in sequencing
technologies and large sample sets obtained through collaboration,
targeted sequencing studies can now interrogate abundant rare
variants in samples of >10,000 individuals®-°. Early successes from
these studies include type 1 diabetes!?, inflammatory bowel disease!!
and age-related macular degeneration (AMD)!2.

A key challenge in genetic association studies is to avoid spurious
association signals caused by differences in ancestral background!3-16.

The identification of population structure is challenging for studies
with targeted sequencing data. One reason is that targeted regions
are typically short, account for only a fraction of the genome and
do not contain sufficient genetic variation to infer global individual
ancestry. Furthermore, targeted regions around disease susceptibility
loci are likely to harbor variants associated with the traits of interest,
such that corrections for stratification based on only these loci could
mask true association signals.

Fortunately, targeted sequencing experiments also produce many
reads that map outside the target regions®!”7. These off-target reads,
resulting from limitations in capture technology, are often discarded
and excluded from analysis. Still, when average off-target depth
reaches more than 1-2x, these reads can be used to discover and
genotype SNPs across the genome!®1°, and, with off-target depth
of more than 0.2-0.5x, these reads can genotype common variants,
albeit with high error rates?. Nevertheless, most targeted sequenc-
ing studies produce few off-target reads, and off-target coverage is
decreasing as capture technologies improve. It is thus difficult in
most targeted sequencing experiments to accurately call off-target
genotypes. In addition, off-target sequence reads are distributed
sparsely and randomly across each genome, such that the number
of covered sites in any pair of samples is typically small. Methods for
estimating ancestry that rely on high-quality genotype data across
a shared set of markers, such as principal-components analysis
(PCA)2L22, do not produce good results when applied to targeted
sequencing experiments—whether they are applied to targeted
regions (which typically do not include enough information to
estimate global ancestry) or to off-target regions (which typically do
not produce high-quality genotypes and where most pairs of samples
will share few high-quality genotypes).

With high-quality genotype data, each principal component is
defined as the product of a weight vector and a genotype vector, with
weights reflecting the marginal information about ancestry provided
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by each site. With off-target sequence reads, entries in the genotype
vector are often missing and can only be estimated with varying
and often high error rates depending, for example, on the number
of reads covering each locus. Intuitively, we might wish to adjust for
missing data patterns and high error rates by adjusting the weight
vector—for example, by ignoring loci with no data and increasing the
weights of loci that have higher coverage.

Here we propose a new statistical method that addresses these
challenges by estimating individual ancestry directly from off-
target sequence reads without calling genotypes. We compare each
sequenced sample to a set of reference individuals whose ancestral
information is known and whose genome-wide SNP data are avail-
able?>24, Our method first constructs a reference coordinate system
by applying PCA to the SNP genotypes of the reference individuals
and then uses off-target reads to place study samples in this refer-
ence PCA space, one at a time. With an appropriate reference panel,
the estimated coordinates of the study samples identify their ances-
tral backgrounds and can be directly used to correct for population
structure in association studies or to ensure adequate matching of
cases and controls.

To place each sample, we proceed as follows. First, we simulate
sequence data for each reference individual, exactly matching the cov-
erage pattern of the sample being studied (in this way, each reference
individual will have the same number of reads covering each locus
as the study sample). Then, we build a PCA ancestry map based on
these simulated sequence reads for the reference individuals together
with the real sequence reads for the study sample. Finally, we project
this new ancestry map into the original PCA space using Procrustes
analysis?>26, The transformation obtained from this analysis of the
reference samples is then used to place the study sample in the original
PCA space, appropriately increasing or decreasing the weighting of
sites according to their coverage and the information they contain
about ancestry. The process is illustrated in Figure 1 and is described
in the Online Methods.

We validate the method using simulated low-coverage sequence
data for a worldwide sample set?> and a European sample set?*
and empirical targeted sequencing data from the 1000 Genomes
exon project?” and a case-control study of macular degeneration?s.
Our results show that our method can accurately infer worldwide
continental ancestry or even fine-scale ancestry within Europe with
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Figure 1 Graphic illustration of the LASER method.

extremely low off-target coverage (~0.001x for worldwide ances-
try and ~0.10x for European ancestry). We have implemented our
method in the publicly available LASER (Locating Ancestry from
SEquence Reads) software.

RESULTS

Overview of simulations

To evaluate the performance of LASER, we first simulated sequence
data for two sets of samples whose array genotype data are publicly
available. One is the Human Genome Diversity Panel (HGDP),
consisting of 938 individuals from 53 populations worldwide??, and
the other is a subset of the Population Reference Sample (POPRES),
consisting of 1,385 individuals from 37 European populations?. We
split each sample set into one test set of individuals for whom we
would simulate low-coverage sequence data and one reference set of
individuals whose high-quality genotypes would be used to construct
the reference PCA space.

Inference of worldwide ancestry

For the worldwide sample set, we randomly selected 238 individuals
from HGDP?3 and used their array genotypes at 632,958 loci as
templates to simulate sequence data (Online Methods). We simulated
multiple sequence data sets with mean coverage ranging from 0.001
to 0.25x. The remaining 700 HGDP samples were used to construct
the reference PCA space. We examined the first four principal com-
ponents. These can be used to separate major continental groups in
HGDP (Fig. 2): PC1 and PC2 separate major continental groups in the
Old World, whereas PC3 and PC4 further separate Native American
and Oceanian populations, respectively. We applied LASER to each
simulated sequence data set to estimate the ancestry coordinates of
the test individuals in the reference PCA space. We assessed accuracy
by comparing the ancestry estimates derived with LASER to the PCA
coordinates of the test individuals based on their original SNP geno-
types using the squared Pearson’s correlation 72 along each principal
component and the Procrustes similarity score t, (Online Methods).
Our results show consistently high accuracy across all simulated data
sets (Fig. 2 and Supplementary Table 1). When the simulated cover-
age was 0.001x (corresponding to ~630 loci covered with > 1 read),
r? ranged from 0.7396 for PC4 to 0.9506 for PC1, and the Procrustes
similarity score t, was 0.9508. Although the patterns were a bit fuzzy,
major continental groups were well separated at 0.001x coverage
(Fig. 2b). Accuracy increased with coverage: when the coverage was
0.10x%, the estimated coordinates were almost identical to the coor-
dinates estimated using a GWAS SNP panel with £, = 0.9993 (Fig. 2d
and Supplementary Table 1). Thus, our method should be able
to reconstruct worldwide ancestry with even very modest amounts
of sequence data.

Inference of ancestry within Europe

Similarly, for estimates of fine-scale ancestry within Europe, we used
genotypes at 318,682 loci and 385 randomly selected POPRES indi-
viduals?* as templates to simulate low-coverage sequence data (from
0.01 to 0.40x coverage). The remaining 1,000 POPRES samples of
European ancestry were used to construct the reference PCA space.
We focused on the top two principal components of the POPRES ref-
erence panel, which mirror the geographic map of Europe?* (Fig. 3a).
Compared to estimates of worldwide continental ancestry, much higher
coverage was required to identify the more subtle differences in popu-
lation structure within Europe (Fig. 3 and Supplementary Table 2).
With an average coverage of 0.01x, samples clumped in the center
of the reference PCA space (r> = 0.5687 for PC1 and 0.0108
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Figure 2 Estimation of worldwide continental ancestry. We randomly selected 238 individuals from HGDP as the testing set (colored symbols), and the
remaining 700 HGDP individuals were used as the reference panel (gray symbols). The upper row shows PC1 and PC2, and the lower row shows PC3
and PC4. (a) Results based on SNP genotypes. (b) Results based on simulated sequence data at 0.001x coverage. Procrustes similarity to the
SNP-based coordinates fy = 0.9508. (c) Results at 0.01x coverage (tp = 0.9949). (d) Results at 0.10x coverage (tp = 0.9993).

for PC2; t, = 0.4786; Fig. 3b). As coverage increased to 0.05x
(Fig. 3¢c), we were able to observe population structure along PC1
(r2=0.8851), which separates northern and southern Europeans, but still
no structure along PC2 (r> = 0.2516). Clear population structure
within Europe was evident when coverage was >0.10x (Fig. 3d-f),
with t, increasing from 0.9126 (0.10x coverage) to 0.9764
(0.40x coverage) (Supplementary Table 2). Thus, reconstructing
ancestry within Europe requires substantially more data than recon-
structing continental ancestry in a worldwide sample.

Evaluation with 1000 Genomes Project data

We next evaluated LASER using empirical data from the 1000 Genomes
exon pilot?’, which produced deep sequence data for the exons of 906
genes in a subset of the samples studied by the International HapMap
Consortium?®. We examined 410 samples passing quality control
from 7 worldwide populations (Online Methods and Supplementary
Table 3). We used all 938 HGDP individuals to construct the refer-
ence PCA space. Average off-target sequencing coverage for the 410
samples was ~0.096x at the 632,958 SNP loci genotyped for HGDP
(Supplementary Fig. 1). In this comparison, we generated ancestry
estimates for each sample, first using HapMap Consortium genotypes
and then using off-target sequence reads from the 1000 Genomes
Project exon sequencing project. Coordinates estimated from

off-target sequence reads were highly consistent with those based on
SNP genotypes (¢, = 0.9955; 2 =0.9950, 0.9871, 0.9439 and 0.7747 for
PC1 to PC4, respectively; Supplementary Fig. 2). Even when focusing
on 103 samples whose off-target coverage was below 0.06x, we still
obtained fy = 0.9938 (1> = 0.9930, 0.9884, 0.9012 and 0.6811 for PC1
to PC4, respectively; Supplementary Table 4). Surprisingly, ¢, for
the 103 samples with the highest off-target coverage (from 0.10 to
0.55x) was slightly lower than t; for the groups with lower coverage
(Supplementary Table 4). This finding might be explained by differ-
ent ancestry representation of samples in different coverage groups
and by possible DNA contamination of some samples.

Evaluation using targeted sequencing data

We next applied LASER to 3,159 samples sequenced around 8 sus-
ceptibility loci and 2 candidate regions for macular degeneration?®.
Samples included 2,362 macular degeneration cases, 789 controls,
2 samples with unknown phenotype, and 1 European (CEU) and
1 Yoruba (YRI) nuclear family selected among the HapMap Project
samples (each nuclear family included a mother, a father and a
child). Macular degeneration cases and controls were recruited in
ophthalmology clinics across the United States. In these samples,
off-target coverage was 0.224x across the 632,958 loci in HGDP
and 0.241x across the 318,682 loci in POPRES (Supplementary Fig. 3).

NATURE GENETICS VOLUME 46 | NUMBER 4 | APRIL 2014

411



© 2014 Nature America, Inc. All rights reserved.

&

TECHNICAL REPORTS

SNPs 0.01x 0.05x 0.10x
40 — — — v
5 | _ I‘H—F%,L _ : HR
- ES CHRG, e
8 ES, T e 5 i '@ﬂ?‘? Rv(rﬁ
-30 - — — %@M on — pr FIEES iT q@% leid
. m W " ‘ o T T\TH\T
me{?‘; WT 17T " ”\‘ ng? ?‘l iy
65 — - - m F;V T - e i St TR
m i
-100 - - - —
I T T T 1 I T T T 1 I T T T 1 r T T T 1
-70  -30 10 50 90 -70  -30 10 50 90 -70  -30 10 50 90 -70  -30 10 50 90
PC2 PC2 PC2 PC2
e .. f
Figure 3 Estimation of ancestry within Europe. We randomly 0.20x A 0.40x .
selected 385 individuals from POPRES as the testing set 40 - |
(colored symbols), and the remaining 1,000 POPRES individuals
were used as the reference panel (gray symbols). (a) Results based 5 HR
on SNP genotypes. (b) Results based on simulated sequence data - N HR N
at 0.01x coverage. Procrustes similarity to the SNP-based g
coordinates ty = 0.4786. (c) Results at 0.05x coverage (t; = 0.7720). =30 : g 1 et i
(d) Results at 0.10x coverage (fo = 0.9137). (e) Results at 0.20x W m ) “w‘” oR
coverage (to = 0.9495). (f) Results at 0.40x coverage (ty = 0.9764). -65 ot ﬁ; E m ‘wﬁ%w " ™
Population labels follow the color scheme in ref. 24. AL, Albania; AT, g
Austria; BA, Bosnia and Herzegovina; BE, Belgium; BG, Bulgaria; ~100 - _
CH-F, Swiss French; CH-G, Swiss German; CH-I, Swiss ltalian; ;0 éo 1'0 5'0 9'0 ;o :'30 1'0 5'0 9'0
CY, Cyprus; CZ, Czech Republic; DE, Germany; DK, Denmark; ES, Spain; - - pC2 - - .

Fl, Finland; FR, France; GB, UK; GR, Greece; HR, Croatia; HU, Hungary;

IE, Ireland; IT, Italy; KS, Kosovo; LV, Latvia; MK, Macedonia; NL, Netherlands; NO, Norway; PL, Poland; PT, Portugal; RO, Romania; RU, Russia;
Sct, Scotland; SE, Sweden; Sl, Slovenia; SK, Slovakia; TR, Turkey; UA, Ukraine; YG, Serbia and Montenegro.

When using HGDP as the reference panel, the two trios were placed in
the correct positions: the CEU trio clustered with the HGDP Europeans,
and the YRI trio clustered with the HGDP Africans. Diverse ancestral
background was observed among the 3,153 case-control samples: 3,069
clustered with individuals of European or Middle Eastern ancestry,
73 aligned between Africans and Europeans (likely corresponding to
African-American samples), 5 aligned between Europeans and Native
Americans, 3 clustered with Central and South Asians, and 3 clustered
with East Asians (Supplementary Fig. 4a,b). We then used the POPRES
reference panel to dissect the population structure of the samples in the
cluster with European and Middle Eastern ancestry. Our results showed
that, although most of these samples had northern European ancestry,
many other samples formed a small cluster around southern Europe
(Supplementary Fig. 4c,d). For 931 of the sequenced AMD cases and
controls, GWAS array genotype data were also available®(. For these
samples, results based on the off-target reads were well matched with
the coordinates estimated using SNP genotypes, in both the HGDP
PCA space (ty = 0.9068; Supplementary Fig. 5) and the POPRES PCA
space (tp = 0.9209; Supplementary Fig. 6). Accuracy was greater for
samples with higher off-target coverage (Supplementary Table 5).

Evaluation using exome sequence data

The previous experiments examined situations in which targeted
regions were relatively small. A large number of modern sequenc-
ing studies target entire exomes. To explore whether our method
might be useful in this setting, we examined ancestry estimates
derived from exome sequence data. For this analysis, we used 941
Finnish individuals from the Finland-United States Investigation
of NIDDM Genetics (FUSION)3! (Supplementary Table 6) who
have been extensively characterized as part of the Genetics of Type 2
Diabetes (GoT2D) Study by genotyping on the Omni 2.5M array, by

deep exome sequencing (~96x depth, 0.69 million variants) and by
low-pass whole-genome sequencing (~5x depth, 27 million variants).
We constructed a reference PCA space using 470 individuals and
genotypes at ~8.4 million SNPs with minor allele frequency
(MAF) 20.01. We then placed the remaining 471 individuals on this
reference map, using ancestry estimates derived from whole-genome
sequencing data as a gold standard. Ancestry estimates derived using
our method were much more similar to this gold standard (¢, = 0.9763;
r2=0.9778 for PC1 and 0.9259 for PC2) than results based on exome
genotypes alone (t; = 0.8263; r2 = 0.9411 for PC1 and 0.4373 for PC2)
and better separated individuals born in the different provinces of
Finland (Fig. 4). This improved separation of individuals originating
from different parts of Finland was highlighted when variance in
PCA coordinates was decomposed into within-province and between-
province components: between-province variation in coordinates
increased from 48% when using exome genotypes to 64% using our
method (Online Methods).

In contrast to our Finnish example, many contemporary analyses
will rely on reference panels where array-based genotypes (rather
than whole-genome sequence data) are available. In this setting, the
advantages of our method are even more evident, as illustrated by an
analysis of simulated exome sequence data for samples with diverse
European ancestries24 (Online Methods). For each simulated sample,
we used the empirical coverage pattern from a randomly selected
exome sequencing project sample3?, with overall average on-target
and off-target sequencing depths of ~88.9x and ~1.0x, respectively.
In this setting, ancestry placements within a PCA ancestry map
of Europe were inaccurate when based on genotypes for deeply
sequenced regions (Procrustes similarity #, = 0.5031, 12 = 0.7589
for PC1 and 0.0007 for PC2; Supplementary Fig. 7a). In contrast,
using off-target reads, our method provided accurate estimates of
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Figure 4 Estimation of fine-scale ancestry within Finland. (a) Reference PCA map based on the integrated whole-genome genotypes of 470 reference
individuals. The proportion of among-population variance in the PCA map y= 0.6623. (b) Estimation of ancestry for 471 test individuals based on
integrated whole-genome genotypes (y = 0.6685). Reference individuals are indicated by gray symbols. (c) Estimation of ancestry for test individuals based
on exome sequencing genotypes (w = 0.4849). Compared to b, Procrustes similarity to = 0.8263, 2= 0.9411 and 0.4373 for PC1 and PC2, respectively.
(d) Estimation of ancestry for test individuals based on genome-wide off-target reads from exome sequencing experiments (y = 0.6385). Compared to b,

fo =0.9763, 2 =0.9778 and 0.9259 for PC1 and PC2, respectively. Mean coverage is ~96x and ~0.89x for on-target and off-target regions, respectively.

individual ancestry (¢, = 0.9467; r2 = 0.9744 for PC1 and 0.7640 for
PC2; Supplementary Fig. 7b). Incorporating both on-target and off-
target reads, our ancestry estimates improved further (y, = 0.9669;
2 = 0.9804 for PC1 and 0.8610 for PC2; Supplementary Fig. 7c).
We also note that, compared to the simulations in Supplementary
Table 2, ancestry estimates appeared less accurate in this setting for
two reasons: first, because empirical coverage patterns in the exome
sequencing project data are more uneven than in our original simula-
tion and, second (and more notably), because there is great variation
in per-individual off-target coverage in the exome sequencing project
samples (ranging from 0.49 to 4.70x in our simulated samples). As
reference panels of sequenced individuals become commonplace, we
expect that ancestry estimates using exome genotypes or using our
method will both improve substantially.

Controlling for population structure in association studies

Our final set of simulations explored whether ancestry coordi-
nates estimated using our method could help control for population
stratification?122, To mimic population structure within Europe,

Table 1 Evaluation of corrections for stratification in simulated case-control data with 900
and 600 cases sampled, respectively, from 2 halves of a simulated 20 x 20 lattice

we simulated individuals distributed along a 20 x 20 lattice, as sug-
gested by Mathieson and McVean!®. We then preferentially sampled
1,500 cases from one-half of the lattice. When these cases were
matched to 1,500 controls sampled at random across the whole lat-
tice, we observed strong inflation in association test statistics, with
genomic control inflation factor Acommon = 1.326 for common vari-
ants (MAF 2 0.05) and Ajgy.-freq = 1.267 for low-frequency variants
(0.01 < MAF < 0.05) (Table 1). When our estimated principal com-
ponents were used as covariates in association analysis, evidence
for stratification was greatly reduced, resulting in A¢ommon = 0.992
and /llow_freq = 0.996 at 0.10x coverage (fy = 0.9993; 2 = 0.9986
for PC1 and 0.9985 for PC2) and in Acommon = 0-991 and Ajgy.freq = 0.998
with more modest 0.005x coverage (¢, = 0.9853; r2 =0.9711 for
PCI and 0.9706 for PC2) (Table 1). In a second analysis, we
simulated sequence data for 10,800 potential controls and used
estimated ancestry coordinates to select 1,500 controls matching
our cases?3. In this second analysis, we again successfully controlled
for stratification, with Acommon = 1.011 and Ajgy.freq = 1.013 at 0.10x
coverage and with Acommon =1.041 and Ajpy.-freq = 1.045 at 0.005x
coverage (Table 1). We next explored more
challenging sampling strategies in which all
cases were sampled from one or two 8 x 8

Regression-based

Matching-based grids (Supplementary Fig. 8). In these more

Sequencing Similarity to SNP-based PCs analyses analyses challenging settings, using estimated PCA
coverage fo 2 (PCl) 2 (PC2) Acommon Mow-freq Acommon Mow-freq as covariates did not adequately control for
Uncorrected _ _ _ 1.326 1.264 1.326 1.267 stratification (Supplementary Table 7). In
SNP-based PCs 1 1 1 0.991 0.995 0.996 0.998 comparison, matching-based analyses were
0.20x 0.9996  0.9993  0.9993  0.992 0.996 1.009 1.019 more robust and were able to control for
0.15x 0.9995 0.9990 0.9991 0.992 0.995 1.007 1.005 stratification in all scenarios, provided that
0.10x 0.9993 0.9986 0.9985 0.992 0.996 1.011 1.013 off-target coverage was greater than 0.10x
0.05x 0.9985 0.9972 0.9968 0.992 0.995 1.018 1.015 (Supplementary Table 7). This observation
0.01x 0.9925 0.9851 0.9851 0.991 0.995 1.036 1.034 is noteworthy, as it suggests that, although
0.005x 0.9853 0.9711 0.9706 0.991 0.998 1.041 1.045 using PCA as covariates will be adequate
0.001x 0.9317 0.8635 0.8723 0.994 1.000 1.076 1.084 in situations where mild stratification is

Here Acommon 1S the genomic inflation factor calculated on the basis of 625,481 common variants (MAF > 0.05),
and Ajow.freq IS the inflation factor calculated on the basis of 374,519 low-frequency variants (0.01 < MAF < 0.05).
Procrustes similarity scores and squared correlations were calculated by comparing sequence-based principal

expected, matching-based strategies will
be robust in a wider variety of settings.

components to SNP-based principal components for the 1,500 cases. For uncorrected results, we used logistic

regression (regression-based analyses) and Cochran-Armitage trend tests (matching-based analyses). Two approaches
to correct for stratification were examined: (i) including estimated ancestry coordinates as covariates in logistic
regression and (ii) identifying one-to-one ancestry-matched case-control pairs for Cochran-Mantel-Haenszel tests

(treating each matched pair as a stratum).

DISCUSSION
We show that the genetic ancestry of an
individual can be accurately estimated using
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the off-target sequence reads that are a byproduct of most targeted
sequencing studies. With off-target reads corresponding to 0.001x
coverage of the genome, worldwide continental ancestry can be recon-
structed, and, with off-target reads corresponding to 0.10x cover-
age, ancestry can be estimated within Europe. Because Europe is the
continent with the most homogeneous genetic variation4, we expect
that LASER can be used to infer fine-scale structure within other
continents when appropriate reference panels are available. A key
ingredient for the successful application of our method is the avail-
ability of appropriate reference samples that can be used to define
the PCA space. We used HGDP samples?? to construct a worldwide
continental ancestry map and POPRES samples** to construct a
genetic ancestry map of Europe. Both HGDP and POPRES samples
were genotyped with standard GWAS arrays; if these reference sam-
ples were genotyped at higher density or whole-genome sequenced,
we would expect our method to perform even better, as this would
increase the number of overlapping sites between sequenced samples
and the reference panels, making it easier to discern subtle population
structure3*35, We also note that one should be extremely careful in
interpreting PCA ancestry maps when the reference panel does not
include ancestries in the study sample. For this reason, we recommend
always starting with a worldwide ancestry map and gradually focusing
on more regional maps.

Our simulations used several simplifying assumptions. For exam-
ple, we used a Poisson distribution to simulate coverage and assumed
a uniform sequencing error rate of 1% per base. In practice, we expect
that these assumptions will have only a minor impact on our results.
For example, although less uniform distributions of coverage might
require slight increases in depth for accurate estimation of ancestry,
such effects could be counteracted by improved genotyping of ref-
erence samples. In addition, simulations showed that our method
is relatively robust to misspecification of sequencing error rates
(Supplementary Tables 8 and 9).

We foresee several potential enhancements to our approach. For
example, as different runs of our method show small stochastic varia-
tion in the placement of each individual, we expect that repeated anal-
ysis of the same sample can improve results (Supplementary Fig. 9),
particularly when coverage is very low or when trying to place sam-
ples on a European ancestry map (or another map where differences
between populations are small). Our simulations show that averag-
ing results over ten repeated runs for a sample sequenced with 0.10x
coverage produces ancestry placements within the map of Europe that
are almost as accurate as when a single placement is generated on the
basis of a sample sequenced with 0.20x coverage. Another interesting
challenge is the development of methods that can be used with other
ancestry spaces, such as those derived from multidimensional scaling
approaches3®37 or direct modeling of allele frequency gradients3s.

As targeted sequencing technologies improve, there has been a con-
stant drive to reduce off-target sequencing coverage. In principle,
reducing off-target coverage can decrease sequencing costs by mini-
mizing the amount of sequencing effort expended on low-priority
areas of the genome. Our work shows that, even in the context of
disease association studies, reads that map to low-priority areas of
the genome can be of high value—for example, because they enable
sequencing studies to access large pools of sequenced controls. Often,
PCA has been used to model experimental artifacts, such as batch
effects, in addition to population structure. Our approach, which
places one sample at a time in a predefined reference ancestry space,
does not capture artifacts due to experimental batch effects or close
relatedness of samples, thus allowing us to separate genetic ancestry
from other contributors to sample structure. In practice, when

artifacts due to batch effects are a concern, ancestry estimates derived
using our method can be combined with key summaries of sequence
data (for example, summaries of sequencing depth, read length
or even locus-by-locus coverage information in an additional set
of principal components)3*4°. When relatedness is a concern, our
method can robustly estimate individual ancestry but will not identify
cryptic relatedness. If pedigree information is available, the ancestry
information provided by our method can be combined with mixed
models for association analysis*!~43. In other cases, further methodo-
logical developments may be needed to accurately identify related
individuals using off-target sequencing reads.

Computationally, our method examines one sample at a time. Thus,
computational costs increase linearly with the number of samples to
be analyzed, and analyses can easily be run in parallel. The cost of
the analysis for each sample depends on the number of individuals,
N, and markers, L, in the reference panel and the fraction of loci
with nonzero coverage, A, in the study sample. Roughly, we expect
computational cost for each sample to be O(N’LA + N3), which is
the time required to compute the pairwise similarity matrix of the
sample-specific reference panel and the corresponding eigen decom-
position. In our simulations, analysis typically required no more
than a few minutes per sample (for example, ~1.3 min when N = 1,000,
L =318,682and 1 =0.2).

Our simulations show that using estimated ancestry coordinates
as covariates is expected to reduce modest inflation in test statistics
due to population structure and imperfect matching of case and
control samples. However, our simulations also show that, when
stratification is more severe, matching-based strategies can control
for stratification in a wider variety of settings. Alternative solutions
might be to estimate higher-order principal components?! or to
use nonlinear techniques, such as the kernel smoothing methods, to
correct for structure based on our estimated principal components*4.
The diverse ancestry observed among sequenced AMD samples
further illustrates the importance and usefulness of estimating the
ancestry of study samples in genetic association studies. Using off-
target reads to estimate ancestry enabled us to match cases to previ-
ously sequenced controls and to increase sample size and statistical
power in a targeted sequencing study of macular degeneration. In this
way, we were able to match by ancestry potential control samples from
public resources with sequenced cases, enabling the discovery of a rare
variant, encoding p.Lys155Gln, in the C3 gene that is significantly
associated with increased risk of macular degeneration?8. This sort of
matching of study samples to public resources illustrates how accurate
reconstructions of ancestry enable new and interesting study designs
and analytical possibilities.

URLs. LASER software and source code are available from our
website at http://genome.sph.umich.edu/wiki/LASER.

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

All experiments relied on preexisting data. The original collection of DNA,
genotypes and sequence data was carried out with informed consent of human
participants. Experiments described here were approved by the University of
Michigan Institutional Review Board.

The LASER method. The LASER method consists of four steps: (step 1) PCA
on reference genotypes to define a reference ancestry space; (step 2) simulation
of sequence data for reference individuals, matching the coverage of each study
sample; (step 3) PCA on combined sequence data; and (step 4) Procrustes
analysis to transform coordinates from step 3 into the reference ancestry space.
Step 1 is performed once, and later steps are repeated for each sample.

PCA on reference genotypes. We code reference genotypes in matrix G.
Each matrix G;; = 0, 1, 2 represents the number of reference alleles at locus
j=1,...,Lforindividuali=1, ..., N. Welet y1; and o represent column means
and s.d., respectively, for this matrix. A standardized genotypic matrix Q is
defined by Q;= (Gij —,uj)/O}. Missing entries and invariant columns (0} =0)in
G are set to 0 in Q. After eigen decomposition of the N x N matrix M = QQ7,
the kth principal component is given by A!/% , where Ay is the kth eigen value
of M and Vi is the corresponding eigen vector. Coordinates of the top K prin-
cipal components for reference individuals are stored in the N x K matrix Y.

Simulating sequence data for reference individuals. We simulate sequence
data for reference individuals, matching the coverage pattern of study samples.
Suppose that we are analyzing study sample h. For locus j, let Cy; tally the total
number of overlapping reads and S; tally the subset that match the reference
allele. We store simulated sequence data in matrices C’ and §’. We fix simulated
coverage C;j = Cy; foralliandj, exactly matching the sample being analyzed.
We draw the count of reference alleles as follows:

Binomial (C,fj, €), if G;; =0
S;j |Gij,C;j ~ { Binomial (C;j, 0.5), if Gj=1 (1)
Binomial (C}j, 1—e), if Gjj =2

Here €1is the estimated sequencing error rate per base (¢=0.01 unless noted).
If Gj; is missing, we set S;j to missing.

PCA on combined sequence data. To perform PCA on the reference individu-
als together with the study sample h, we next stack matrix §” and row vector Sj,.
To reduce computational complexity, we remove columns where all elements
are zero and obtain matrix §. We then perform PCA on matrix S and store
the top K principal components for reference individuals in the N x K matrix
X and for the study sample in the K-element vector Zj,.

Procrustes analysis. To place the study sample into the reference PCA space,
we apply Procrustes analysis?>2° to find a transformation f (including transla-
tion, scaling, rotation and reflection) that maximizes the similarity between
f(X) and Y while preserving the relative pairwise distances among points
within X. We then obtain Zj, = f(Z},), the coordinates of the study sample
in the reference coordinate space. Success can be quantified by a Procrustes
similarity statistic ¢(X,Y) = \/ﬁ , where D is the scaled minimum sum of
squared Euclidean distances between f(X) and Y across all possible transforma-
tions, ranging from 0 to 1 (ref. 26). Lower Procrustes similarity corresponds
to greater uncertainty and less reliable Zj,.

Genetic data. Genotype data. We used HGDP?? and POPRES?44° genotypes to
define reference coordinate spaces. The HGDP data set included 632,958 auto-
somal SNPs and 938 unrelated individuals from 53 worldwide populations?3.
Our POPRES subset contained 318,682 autosomal SNPs and 1,385 individuals
from 37 European populations?%. For both data sets, we preprocessed data as
summarized in Supplementary Figure 10, excluding SNPs that had different
alleles in 1000 Genomes Project data and dbSNP, had >2 alleles, had ambiguous
strand or were missing from dbSNP (version 135).

We also analyzed genotypes from the HapMap Project?* and AMD GWAS?.
In the HapMap data set, we focused on 410 individuals who overlap with the
1000 Genomes pilot exon project (1,294,658 SNPs). In the AMD GWAS, we
focused on 931 individuals also in our targeted sequencing study (316,475
SNPs; Supplementary Fig. 11).

Targeted sequencing data. The 1000 Genomes pilot exon project sequenced
the exons of 906 randomly selected genes at >50x average depth?’. We ana-
lyzed 410 individuals from 7 populations, who overlap with the HapMap data
and have estimated contamination rates of <10% (Supplementary Table 3)4°.
The AMD targeted sequencing data set included 6 HapMap individuals (CEU
trio NA12878, NA12891 and NA12892 and YRI trio NA19238, NA19239 and
NA19240), 2,362 cases and 789 controls recruited in ophthalmology clinics
across the United States?. These samples were sequenced for 0.97 Mb across
ten regions to 127.5x average depth.

Exome sequence data. The GoT2D Study of Type 2 Diabetes characterized
941 Finnish individuals from FUSION, with exome sequencing at a
mean depth of ~96x, whole-genome sequencing at a mean depth of ~5x
and genotyping on the Illumina Omni2.5 BeadChip. Our analyses focused
on autosomal biallelic SNPs with missingness of <5%, Hardy-Weinberg
equilibrium P > 1 x 10-® and MAF > 0.01. After quality control*’, whole-
genome analyses included 8,447,085 SNPs and exome analyses included 95,741
SNPs (of which 94,423 overlapped).

Preprocessing of sequence data. We started with BAM files and used the
mpileup command in SAMtools*® to extract bases overlapping loci genotyped
in the reference panel. Sequence reads with Phred mapping quality of <30 and
bases with Phred quality of <20 were discarded. Unless noted, we only analyzed
reads outside targeted regions.

HGDP and POPRES simulations. We simulated sequence data for 238
randomly selected HGDP and 385 randomly selected POPRES samples. The
remaining 700 HGDP and 1,000 POPRES individuals were used to define
reference coordinate spaces. We first simulated Poisson coverage with means
between 0.001 and 0.40 and then sampled reference alleles using equation (1)
(Supplementary Tables 1 and 2). We next repeated the simulation using
coverage patterns from the National Heart, Lung, and Blood Institute (NHLBI)
Exome Sequencing Project32. Among randomly selected NHLBI samples,
mean exome coverage was ~88.9x and mean off-target coverage was ~1.0x.

Comparison with SNP-based PCA. When analyzing SNP genotypes, we
combined genotypes for one study sample and N reference individuals and
performed PCA on the shared set of SNPs. Then, we used Procrustes analysis
to project the study sample onto the reference PCA space®®. When estimating
SNP-based coordinates for samples in the 1000 Genomes pilot exon project, we
used 581,686 SNPs that overlap in HapMap and HGDP. For the AMD samples,
we used 45,700 SNPs shared by the HGDP, POPRES and AMD data sets.

We used the squared Pearson’s correlation r?> to measure concordance
between sequence- and SNP-based coordinates along each PCA. We also report
overall similarity between the two sets of coordinates using the Procrustes
similarity statistic fy, obtained using Procrustes analysis?® to translate between
sequence- and SNP-derived coordinates for test samples.

Fine-scale population structure. Each FUSION sample could be assigned to 1
of 12 subpopulations according to birth province. We split each subpopulation
into 2 groups, resulting in 470 reference individuals and 471 test individuals
(Supplementary Table 6). We constructed a reference PCA map on the basis
of whole-genome sequence results. We placed test individuals onto this map
using (i) whole-genome genotypes, (ii) genotypes across loci overlapping in
exome and whole-genome data and (iii) off-target reads generated during
exome sequencing (~0.89x off-target depth).

To evaluate how well the three analyses captured population structure, we
defined statistic y as the proportion of between-population variance in PCA
coordinates. We used K-dimensional vectors ¥;;, fi; and V' to represent the
coordinates of sample j from population i, the centroid of population i and the
overall centroid. For m populations, each with n; sampled individuals, the pro-
portion of between-population variance in the PCA was defined as follows:

. 271: 12?: WGy = i) — i)' @)
Y Zz”l: 12?: 1% _‘7)(’?1']' -
This statistic ranges from 0 to 1, and is similar in spirit to the Fgr statistic,

which estimates between-population variance in allelic states*®. Larger values
of yindicate that population structure is better captured.
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Simulated case-control studies. We simulated! 20,000 diploid individuals
evenly distributed along a 20 x 20 lattice, each genotyped at 1 million independent
biallelic SNPs with MAF > 0.01. The scaled migration rate between neighbor-
ing lattice points was M = 10, as suggested in ref. 16, to mimic population
structure within Europe. In each lattice point, we assigned 3 individuals to a
reference set and, among the remaining individuals, marked 20 as potential
cases and the rest as potential controls. In total, this resulted in 1,200 refer-
ence individuals, 8,000 potential cases and 10,800 potential controls. We first
created stratified case-control data by preferentially sampling cases from the
right half of the lattice (900 versus 600 elsewhere) and sampling 1,500 con-
trols randomly from the entire lattice. We explored more extreme settings by
sampling cases from smaller regions of the lattice (Supplementary Fig. 8). In
these additional scenarios, we sampled 1,280 cases and 1,280 controls.

We then simulated sequence coverage between 0.001 and 0.20x and used
LASER to place cases and controls in the two-dimensional ancestry space
defined by reference individuals. In association tests®2, we first used logistic
regression or Cochran-Armitage trend tests without correcting for stratifica-
tion. To correct for stratification, we either incorporated estimated principal
components as covariates in the logistic regression model or used a heuristic
algorithm to identify one matched control for each case on the basis of proximity

in the reference ancestry space?® and applied Cochran-Mantel-Haenszel
tests on the matched case-control pairs. Genomic inflation was calculated
as in ref. 16.
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