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On Using Local Ancestry to Characterize the Genetic
Architecture of Human Traits: Genetic Regulation of
Gene Expression in Multiethnic or Admixed Populations

Yizhen Zhong,1 Minoli A. Perera,1,* and Eric R. Gamazon2,3

Understanding the nature of the genetic regulation of gene expression promises to advance our understanding of the genetic basis of

disease. However, the methodological impact of the use of local ancestry on high-dimensional omics analyses, including, most prom-

inently, expression quantitative trait loci (eQTL) mapping and trait heritability estimation, in admixed populations remains critically

underexplored. Here, we develop a statistical framework that characterizes the relationships among the determinants of the genetic ar-

chitecture of an important class of molecular traits. We provide a computationally efficient approach to local ancestry analysis in eQTL

mapping while increasing control of type I and type II error over traditional approaches. Applying our method to National Institute of

General Medical Sciences (NIGMS) and Genotype-Tissue Expression (GTEx) datasets, we show that the use of local ancestry can improve

eQTLmapping in admixed andmultiethnic populations, respectively.We estimate the trait variance explained by ancestry by using local

admixture relatedness between individuals. By using simulations of diverse genetic architectures and degrees of confounding, we show

improved accuracy in estimating heritability when accounting for local ancestry similarity. Furthermore, we characterize the sparse

versus polygenic components of gene expression in admixed individuals. Our study has important methodological implications for ge-

netic analysis of omics traits across a range of genomic contexts, from a single variant to a prioritized region to the entire genome. Our

findings highlight the importance of using local ancestry to better characterize the heritability of complex traits and to more accurately

map genetic associations.
Introduction

Greater understanding, which can be derived from, for

example, the prominent method of eQTL mapping, of

the genetic determinants of high-dimensional molecular

traits promises to advance our understanding of the ge-

netic architecture of complex traits.1,2 Because the major-

ity of trait-associated variants identified by genome-wide

association studies (GWASs) reside in non-coding re-

gions,3 eQTL data provide an important resource for eluci-

dating the underlying mechanisms of these non-coding

variants by linking them to gene expression.1 In addition,

heritability estimation, i.e., determining the trait variance

explained by regulatory variants, might provide important

insights into the genetic architecture of gene expression

traits. However, to date, eQTL mapping and heritability

analysis have been conducted primarily in populations of

European ancestry, and omics data in recently admixed

populations, such as African Americans (AAs), that are

disproportionately affected by a variety of complex dis-

eases, are lacking;4–7 this limits our understanding of the

genetic basis of trait variance in human populations. Pop-

ulations of African descent have greater genetic variation

and less extensive linkage disequilibrium (LD), and these

traits might restrict the generalizability of genetic associa-

tions identified in non-African populations to AAs.8,9

Importantly, the impact of the admixed genome structure

on eQTLmapping and heritability estimation has not been

adequately studied.
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The eQTL (regulatory) effect on gene expression is typi-

cally modeled (via linear regression) assuming an additive

effect of genetic variation on gene expression.10 The re-

sulting association analysis tests only the correlation be-

tween genotype and phenotype instead of testing for

causal effects and is easily subject to confounding from

population structure. The chromosomes of AAs comprise

mosaic regions of different ancestral origins, resulting in

two types of population structure that might be present

in genetic association analyses.11 One arises from global

ancestry, which reflects the admixture proportions of the

(previously isolated) ancestral populations (primarily

African and European, though a relatively small propor-

tion of Native American ancestry12 might also be present)

and is typically estimated with the first principal compo-

nent (PC), which is derived from genome-wide genotype

data and separates the European and African ancestral

populations.13 (The assumption of a small number of

ancestral populations is often made for methodological

and computational convenience.) The PCs have been

shown to have a geographic interpretation, and their

use has been widely adopted due to computational effi-

ciency.14,15 Mixed models incorporate the pairwise ge-

netic similarity between every pair of individuals in the

association mapping and have been effectively deployed

to correct for population structure, family structure, and

cryptic relatedness,16,17 but until recently, mixed-model

approaches have been too computationally intensive for

eQTL mapping.
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Population structure in association studies of an ad-

mixed population might also arise from local ancestry,

which is the number of inherited alleles (0, 1, or 2) from

each ancestral population at a particular locus.18 Local

ancestry might vary across the genome, as well as across in-

dividuals, even those of similar global ancestry,13 at any

given locus. Because a large proportion of gene-expression

phenotypes have been found to be differentially expressed

between Africans and Europeans,4 increased spurious

eQTL associations (false positives) could arise, leading to

pseudo-associations that are not driven by the genetic var-

iants being tested but, instead, by their local ancestral

backgrounds. Studies that explore the methodological

importance of local ancestry in genetic-association ana-

lyses have been limited to a small number of highly poly-

genic traits.19,20 Incorporating local ancestry into eQTL

mapping, which tests associations between millions of

SNPs and thousands of genes, has been too computation-

ally intensive.

Heritability estimation is usually performed with linear

mixed models (LMMs) but has been conducted primarily

in ancestrally homogeneous populations. LD score regres-

sion (LDSR) is a summary-statistics-based approach to esti-

mating heritability and confounding,21 but its applica-

bility to studies involving admixed individuals has not

been investigated. Heritability of gene expression traits

has been characterized by a more sparse genetic architec-

ture22 and by an a priori, functionally relevant (cis) region,

in contrast to polygenic complex traits, suggesting a

greater role for local ancestry than global ancestry. Local

ancestry might be determined by a range of factors,

including population demographic history (e.g., migra-

tion, population bottleneck, etc.), and these factors can

shape complex admixture dynamics (e.g., as trans-Atlantic

migration has impacted the local ancestry of African Amer-

icans). The impact of the use of local ancestry on esti-

mating the heritability of gene expression traits is thus a

critical gap in our understanding of their genetic architec-

ture. Furthermore, high-dimensional omics studies pro-

vide an opportunity to assess, more comprehensively, the

contribution of local ancestry to human phenotypic varia-

tion through joint analysis of thousands of molecular

traits.

Here, we provide a statistical framework for analyzing

the relationships among the proportion of variance ex-

plained (PVE) by genetic variation ðPVEgÞ, PVE by local

ancestry ðPVElÞ, global ancestry, and degree of population

differentiation at causal regulatory variants for gene-

expression traits in admixed populations. We performed

a comprehensive analysis of the variation explained by

local ancestry versus global ancestry in gene expression.

We analyzed the impact of the use of local ancestry on

eQTL mapping and heritability estimation through exten-

sive simulations and the application of our approach to a

transcriptome dataset in an admixed population, as well

as to GTEx project data2 consisting of samples from multi-

ethnic individuals. We develop an efficient approach to
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eQTL mapping in an admixed population, demonstrating

that the use of local ancestry can substantially improve

mapping of genetic associations. We demonstrate that

our approach shows improved control of the type I error

rate, as well as increased statistical power compared with

a global-ancestry adjustment approach in eQTL mapping,

and we find a greater replication rate for eQTLs specific

to our approach. Finally, we propose a method for herita-

bility estimation in admixed populations, opening ave-

nues for research into the genetic architecture of complex

traits.
Material and Methods

Genotype Data
We downloaded GTEx v7 genotype data (from 635 individuals)

from the database of Genotypes and Phenotypes (dbGaP)

(dbGaP study accession: phs000424.v7.p2). The genotype data-

set contains data from individuals with recent admixture (e.g.,

African Americans)2 and individuals of more homogeneous

(European) ancestry, the latter comprising the majority of the

samples (�85%). We performed minor allele frequency (MAF)

> 0.01 filtering following the methods previously published by

GTEx2 and removed all multiallelic SNPs and SNPs on the sex

chromosomes. The number of SNPs left was 9,910,646. We

used GTEx data for PVE analysis and eQTL mapping in multi-

ethnic samples.

We used three tissue types from GTEx. We used the GTEx v7

skeletal-muscle dataset (n ¼ 491 with genotype data, of which

n ¼ 57 are AA samples) for PVE estimation (see ‘‘PVE Estimation

in Real Transcriptome Data’’). We used this tissue because it has

the largest number of AA samples in the GTEx data. We used

the GTEx whole-blood (n ¼ 369) and cell-EBV-transformed lym-

phocytes (LCL, n ¼ 117) datasets to test our eQTL mapping

approach in a multiethnic population (see ‘‘Cis-eQTL Mapping

in NIGMS and GTEx’’). We excluded samples with East

Asian ancestry, and we used 356 (EA ¼ 308, AA ¼ 48) and 114

(EA ¼ 93, AA ¼ 21) samples in these two datasets, respectively,

for the cis-eQTL mapping.

We used 100 AA samples that were part of the National Institute

of General Medical Sciences (NIGMS) Human Variation Panels to

assess the impact of local ancestry in pure admixed populations.

We downloaded the genotype intensity files from dbGaP (dbGaP

study accession: phs000211.v1.p1). The genotyping had been per-

formed on an Affymetrix Genome-Wide Human SNP Array 6.0

platform containing 908,194 SNPs. We used the Affymetrix Geno-

typing Console to process the genotype intensity files and to call

the genotypes on the forward strand. We kept data from 83 indi-

viduals with gene-expressionmeasurements.Wemerged the geno-

type with genotype data from 1000 Genomes phase 3 and per-

formed the principal-component analysis (PCA) with PLINK.23

Two individuals with partial East Asian ancestry were removed

from the subsequent analysis, leaving 81 samples. Quality control

was performed with PLINK. We removed SNPs that are on the sex

chromosomes, have duplicated positions, are multiallelic in the

1000 Genomes reference panel, are out of Hardy-Weinberg equi-

librium (p values< 13 10�5), and who have a genotyping missing

rate larger than 5% and a MAF less than 5%. The total number of

SNPs remaining in the analysis after the quality control was

724,100. We used this dataset for simulations and eQTL mapping.
e 6, 2019



We also used 60 CEU (U.S. residents with northern and western

European ancestry) samples from Phase 2 HapMap (release 23)

and kept 714,082 SNPs that were a subset of the NIGMS AA data-

set. We used this dataset for the replication of eQTLs detected in

the NIGMS AA dataset.
Local Ancestry Estimation
After quality control, the genotype data were phased with

SHAPEIT,24 using 1000 Genomes phase 3 in build 37 coordinates

as the reference genome. We utilized the YRI (Yoruba people of

Ibadan, Nigeria) samples and CEU samples from the 1000

Genomes Phase 3 as the reference ancestral genomes to estimate

the local ancestry (0, 1, or 2 African ancestry alleles) by using a

conditional random-field based approach, RFMix.12 When per-

forming local ancestry inference, RFMix models strand-flip errors

to account for potential phase errors. The window size in RFMix

was set to be 0.15 Mb for the GTEx data and 0.20 Mb for the

NIGMS data because the latter have fewer SNPs. We compared

the first PC with the average local ancestry across the genome;

this comparison shows a high correlation in both the NIGMS

and GTEx datasets (Figure S6), suggesting robust estimation of

local ancestry. We used the local ancestry value, the number of

African ancestry alleles (0, 1, or 2) of each SNP, as an additional

covariate in the eQTL mapping and to construct the local-

ancestry-based similarity matrix for PVE estimation.
Gene-Expression Data
We used the gene-expression data from the GTEx v7 skeletal-mus-

cle dataset (n ¼ 491 with genotype data, of which n ¼ 57 are AA

samples) for PVE estimation (see ‘‘PVE Estimation in Real Tran-

scriptome Data’’). We used this tissue because it has the largest

number of AA samples in the GTEx data. The expression values

have been normalized for 19,850 autosomal genes.

We used GTEx whole-blood (n ¼ 369) and cell-EBV-transformed

lymphocyte (LCL, n ¼ 117) datasets to test our eQTL mapping

approach in a multiethnic population (see ‘‘Cis-eQTL Mapping

in NIGMS and GTEx’’). There were 19,432 and 21,467 expressed

autosomal genes in these two datasets, respectively.

We obtained gene expression data for 81 AAs (represented in the

NIGMS dataset) and 60 HapMap CEU samples from the Gene

Expression Omnibus (GEO); the accession number is GEO:

GSE10824.25 The expression intensity for 8,793 probes was quan-

tile normalized and corrected for background noise with the

Robust Multichip Average (RMA) method. We filtered probes

whose variances were less than the 0.4 quantile of variances of

all genes, probes without Entrez Gene ID, duplicated probes, and

probes on sex chromosomes. We performed log2 transformation

on the gene-expression data. A total of 4,595 probes representing

4,595 genes were included in the analysis after the quality control.

We converted the probe IDs to the gene symbols by using the

HG Focus annotation file and obtained gene positions from the

GENCODE release 19.
Statistical Model
Let i denote the ith individual and f denote a local causal genetic

variant for a gene. Then gene expression can be written as

follows:26

yi ¼bg;f

sg

sg;f

gi;f

�
Zi;f ;1 � Zi;f ;0

�þ di
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Here bg;f is the effect size of the genetic variant f on

gene expression trait y, gi;f is the normalized local ancestry,

ðgi;f � E½gi;f �Þ=sg, sg
2 is the variance of local ancestry, sg;f

2 is

the variance of genotype at SNP f, and di is the residual that is

not dependent on local ancestry. Zi;f ;� are Bernoulli-distributed

according to the allele frequency of the SNP f in population

0 ðpf ;1Þ or 1 ðpf ;0Þ.
Single Causal Variant

br;f , which is the effect explained by local ancestry at the SNP f,

can be estimated from var½E½yi
��gi;f �� We note that E½di jgi;f � ¼ 0.

If we assume a single causal eQTL variant, such as is often assumed

to simplify certain types of eQTL analysis,2,27 we obtain the

following:
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by using the mean of a Bernoulli random variable (i.e.,

E½Zi;f ;�� ¼ pf ;�).
Because varðgi;f Þ ¼ 1 and varðgÞ ¼ s2g ¼ 2qð1� qÞ, where q is the

global ancestry, we obtain:

b2
r;f ¼ 2qð1� qÞ

�
bg;f

1

sg;f

	
pf ;1 � pf ;0


�2
Let

Fst;f ¼
�

1

sg;f

	
pf ;1 � pf ;0


�2
be the fixation index (Fst), which quantifies population differen-

tiation or allele-frequency difference at the variant f .28 Then the

following expression, which relates the effect explained by local

ancestry, global ancestry, the effect of the genetic variant, and

the degree of population differentiation in a single equation,

follows:

b2
r;f ¼ 2qð1� qÞb2

g;f Fst;f (1)

Multiple Causal Variants

We sought to generalize equation (1) to the case of multiple

causal eQTL variants in the cis region. Here, it matters for the pur-

pose of estimating the variance PVEl explained by local ancestry,

whether there is any local ancestry transition in the region, and

howmany such transitions exist. (Local ancestry segments might

extend over a large distance.) Suppose there are n local ancestry

transitions. This implies n þ 1gi;f � local ancestry classes in the re-

gion (with f* being the local ancestry membership of the variant

f). (A stretch of the genome in between local ancestry transitions

represents a local ancestry class.) Let m be the number of local

causal genetic variants for the expression of the gene. (In what

follows, we will assume there are no other causal [e.g., trans]

eQTLs outside the region, strictly restricting our focus to cis
n Journal of Human Genetics 104, 1097–1115, June 6, 2019 1099



variants.) Then we obtain, in accordance with Zaitlen et al.,26 the

following:

PVEl ¼var
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by Cauchy-Schwarz inequality. This implies:

PVEl % 8mqð1� qÞPVEgFC (2)

where FC ¼Pm
f¼1½ð1=sg;f Þðpf ;1 � pf ;0Þ�2 is the total extent of pop-

ulation differentiation at causal eQTL variants. We confirmed this

inequality by using simulations (see Table S1). This relates the

trait variance explained by local ancestry, the aggregate genetic

effect on phenotype, the level of population differentiation of

the causal variants, and the degree of polygenicity of the trait.

Equation (2*), as the derivation shows, applies in a more restric-

tive setting with the dual assumptions of polygenicity and

independence.

Note
Pm

j¼1b
2
g;j is the aggregate genetic effect andPm

j¼1½ð1=sg;jÞðpj;1 � pj;0Þ�2 the total extent of population differenti-

ation for the causal eQTLs included in the sum. Because the latter

depends on the number of causal eQTLs, it might be useful to

consider the mean level of population differentiation in the cis re-

gion, FC ¼ E½Pm
f¼1½ð1=sg;f Þðpf ;1 � pf ;0Þ�2�

.
m.
Local Ancestry, Its Aggregate Effect, and Trait

Heritability Estimation
A linear mixed model (LMM) can be used to obtain an aggregate

estimate of regulatory (genetic) effect on gene expression. For a

given n-vector g of gene expression levels for n individuals, the

LMM approach fits the following model:

g¼Waþ Zuþ e (3)

u � N
�
0; lt�1kg

�
e � N

�
0; t�1I

�
Here, W is a matrix of covariates (of dimension n3p), a is the

p-vector of effects for the covariates (including the intercept

term), Z is an n3m matrix, u is an m-vector of random effects, e

is the residual vector, kg is a genetic similarity matrix, t�1 is

the variance of residual errors, and l is the ratio of two variance
1100 The American Journal of Human Genetics 104, 1097–1115, Jun
components. The approach estimates PVE by genetic variants

ðPVEgÞ, defined as follows:

PVEg ¼ mlt�1

mlt�1 þ t�1
¼ ml

mlþ 1

using restricted maximum likelihood (REML). We note that the

random genetic effect Zu is gene-specific. This simple-LMMmodel

has been used to characterize infinitesimal genetic architectures in

an ancestrally homogeneous population. However, we evaluated

the concordance with results from assuming a more general ge-

netic architecture, namely a mixture distribution for the effect

sizes, by using a Bayesian sparse linear mixed model (BSLMM),29

which includes the LMM and Bayesian variable selection regres-

sion as special instances.

A revised version of the univariate LMM model (3) can be used

to estimate the trait variance explained by local ancestry. Here,

analogously to using the SNP data, the similaritymatrix kl
26 is con-

structed from the local ancestry values (0, 1, or 2 African ancestry

alleles):

g¼Wa� þ V�l� þ e� (3 * )

l� � N
�
0; l�t

�1
�kl
�

e� � N
�
0; t�1

�I
�

Model (3*) allows the estimation of the PVE by local ancestry

ðPVElÞ:

PVEl ¼ ml�
ml� þ 1

with REML. Alternatively, the effect explained by local ancestry

throughout the genome can be modeled to derive from a mixture

of a normal distribution and a point mass d at 0:

l� � pN
�
0; l�t

�1
�kl
�þ ð1� pÞd

where p is the proportion of non-zero effects in the genome. In

simulations, we assessed the accuracy of the estimate of PVEl from

the Gaussian approach (versus a mixture approach) for modeling

the effect size explained by local ancestry. Under the same assump-

tions for equation (2*), model (3*) provides an estimate ofdPVEg; admixture for trait heritability, as is also previously noted in

Zaitlen et al.:26

dPVEg; admixture ¼ dPVEl

.
2qð1� qÞFC

However, in contrast with Zaitlen et al.,26 this estimate is more

appropriately viewed as the ‘‘expected heritability’’ in the pres-

ence of admixture, departure from which yields additional

insights into genetic architecture (i.e., violation of the assump-

tion of polygenicity or independence) or might indicate the

presence of stratification. Notably, we also obtain a measure

D ¼ dPVEg = dPVEg; admixture of departure from expectation if D is sub-

stantially different from one:

D ¼ ð2qð1� qÞÞFC dPVEg

. dPVEl

Thus, dPVEl can be used not only to estimate the expected heri-

tability given the presence of admixture, as in the expression fordPVEg; admixture , but also to evaluate the potential presence of popu-

lation stratification due to local ancestry, as in the expression for D.
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We also implemented a joint model that partitions gene expres-

sion into two components, the genetic component ðGÞ and the

local-ancestry component (L):

g¼Waþ Lþ Gþ e

The local-ancestry component Lmay be written as a function of

the mcausal variants: L ¼ f ðx1; x2; .; xmÞ. A simple estimator is

the first principal component derived from the (whole-genome)

genotype matrix (i.e., an estimate of global ancestry). Other statis-

tical approaches can be implemented with varying predictive and

computational performance. By explicitly modeling the compo-

nent that is a result of local ancestry, we might get a more accurate

estimate of the overall genetic effects. However, the gain in accu-

racy depends on the choice for fitting the estimate bL. In our

approach (which we term joint genetics and local ancestry

[joint-GaLA]), for computational purposes and simplicity, we as-

sume Gaussian distributions for G and L and restrict the model

to the variants in the cis region:

g¼Waþ Vlþ Zuþ e

l � N
�
0; s2

l kl
�

u � N
�
0; s2

ukg
�

e � N
�
0;s2

e I
�

Here, u and l are random effects with corresponding similarity

matrices kgand kl generated from local genetic variation and the

corresponding local ancestry, respectively. By using simulations

(see ‘‘Simulation Framework for Heritability Estimation’’), we as-

sessed the accuracy of the estimate of PVEg ¼ ðms2u=varðgÞÞ from
joint-GaLA and compared this estimate to that obtained from sim-

ple-LMM (equation [3]). Furthermore, we compared this model

with the use of global ancestry to fit bL.
Simulation Framework for Heritability Estimation
We conducted extensive simulations, utilizing both real (from the

NIGMS AA dataset up to 500 causal variants) and simulated geno-

typedataof admixed samples, inorder to (1) validate the analytically

derived relationships (inequality [2] and equation [2*]) and confirm

the expression for the ‘‘expected heritability’’ in the presence of

admixture, as well as show a departure from the expected value in

thepresenceof local ancestry stratification; (2) evaluate the accuracy

of the PVE estimation methods when assuming different levels of

stratification; and (3) compare the PVEl estimate and the R2 from

global ancestry (estimated from simple linear regression).

To simulate genotype data, we tested across five input param-

eters: (1) number of ancestral populations (n ¼ 2); (2) number of

individuals (n ¼ 1000); (3) number of variants (n ¼ 1000), (4)

FST values (FST ¼ 0.16 and FST ¼ 0.3); and (5) heritability values

(h2 ¼ 0.3, the observed mean in the GTEx skeletal-muscle data,

and h2 ¼ 0.8). Global ancestry qi for the ith individual was

drawn from a truncated normal distribution Nð0:7; 0:2Þ. Local
ancestry at the variant was defined as the sum of two draws

from the binomial distribution Binð1;qiÞ. The ancestral-allele fre-

quency was assumed to be distributed as Unif(0.05, 0.95) and,

along with FST , was used to generate the allele frequency, which

was drawn from the beta distribution with parameters

pð1� FST Þ=FST and ð1� pÞð1� FST Þ=FST . The genotype for the

ith individual at the kth causal variant was then derived from
The America
a random draw from the binomial distribution and had an ex-

pected value defined by the local ancestry for the individual.

We assumed one local-ancestry transition (because the local

ancestry tract in AAs is usually >10 Mb). We varied the number

of causal eQTLs (10, 25, 100, 200, 500, or 1000) to assess the

accuracy of the method as a function of sparsity or polygenicity.

The number of causal variants reflects the number of predictors

in PrediXcan models30 built with GTEx v7 data and enloc results

from real data.31 (We describe below the simulation framework

for the case m ¼ 1 in the simulations for genetic association

[eQTL] mapping.) The effect size of the kth causal variant was

simulated as bk � Nð0;h2=mÞ, wherein m is equal to the number

of causal variants. As we previously noted, this assignment of

effect sizes is a strong assumption (shared with the widely

used genome-wide complex trait analysis [GCTA]32 or LDSR21)

about how heritability is distributed among the causal eQTLs

and is independent of LD.

We simulated gene expression as follows:

g ¼
Xm
k¼1

bksk þ
Xm
k¼1

bg;klk þ e

The first summation is the phenotype effect due to genetic varia-

tion, whereas the second is due to local ancestry. Because the local-

ancestry tract typically exceeds the size of the cis region, we

assumed a constant value for lk in the second summation. The sin-

gle effect size for local ancestry bg ¼ Pm
k¼1

bg;k was obtained from the

empirical distribution (in NIGMS) at four different percentiles (the

quartiles for b2g at 0.00138, 0.005444, 0.01755, and 0.2877), repre-

senting different levels of stratification. The residual e was added

and assumed to be distributed as Nð0; 1� h2 � b2gÞ. We set

bg;k ¼ 0 when simulating gene expression without stratification.

We derived estimates from simple-LMM and joint-GaLA from

100 independent runs for each set of choices for the parameters.

Estimates for PVEl were obtained, assuming model (3*), in 100 in-

dependent runs to confirm equation (2*).

Departure from the expected heritability dPVEg; admixture was

tested, assuming local ancestry stratification, in simulations with

real genotype data (Mann-Whitney U test in 100 independent

runs). In this case, we calculated the mean level of FST (equation

[2*]) for the tested causal variants by using information on allele

frequency from the 1000 Genomes CEU and YRI samples for the

ancestral populations.
Comparison with LD Score Regression for Estimates of

Population Stratification and of Heritability
LDSR is a widely used approach for estimating confounding due to

population stratification and for estimating heritability with only

GWAS summary statistics. We therefore sought to investigate

how LDSR performs at these tasks in 100 independent runs for

each set of configurations defined above by using FST , h
2, the num-

ber of transitions, andm.We calculated the LD score at eachvariantPm�1

1

r2adj ¼
Pm�1

1

br2 � ð1� br2=m� 2Þ by using the LD in theNIGMS ge-

notypedata. Theuse of the actual LDas observed in thedataset sim-

ulates the use of a perfectly matched population reference panel.

We ran linear regression with simulated gene expression and real

genotype data and with global ancestry as a covariate. We applied

LDSR to the simulated GWAS datasets to estimate the heritability

PVEg and the amount of confounding as quantified by the
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‘‘intercept’’ (along with the standard error for each). We note that

LDSR, by design, does not provide an estimate for PVEl.
PVE Estimation in Real Transcriptome Data
We estimated the PVE by local (defined as within 1Mb of the gene)

genetic variants ðPVEgÞ for each gene in the GTEx AA skeletal-mus-

cle samples, and we used REML, as implemented in GCTA.32 We

used this tissue in order to maximize the number of AA samples

(n ¼ 57). We used only common variants (MAF > 0.10; n ¼
6,122,246) in this AA subset to increase the estimation accuracy.

We calculated the gene-specific genetic-relatedness matrix ðkgÞ
by using local genetic variants and incorporated three PCs, ten

probabilistic estimation of expression residuals (PEER) vari-

ables,33 sex, and the sequencing platform as fixed effects in the

LMM. We used a non-constrained model that allows the PVE esti-

mates to be negative or larger than 1 in order to obtain unbiased

estimates, but we restricted ourselves to genes whose estimates

were between 0 and 1 in the downstream analysis. We used the

p value from the likelihood ratio test for the genetic-variance

component to select genes with nominally significant estimates

(nominal p value < 0.05) and a more stringent Benjamini and

Hochberg (BH)-corrected34 false discovery rate (FDR) < 0.10.

We randomly selected 57 samples of European descent out of the

491 GTEx samples in order to compare the PVEg between two pop-

ulations. The chosen sample size of European Americans (EAs) (n ¼
57) matches the sample size of AAs in the simulations and PVE esti-

mation. We selected common variants in this subsect (MAF> 0.10;

n ¼ 4,946,431) and applied the LMM approach described above.

We identified differentially expressed genes between AAs and

EAs in skeletal-muscle tissue with a t test (BH FDR < 0.05).

Similarly, we estimated the PVE by local ancestry ðPVElÞ at com-

mon local variants in the GTEx AA skeletal-muscle samples. We

used the estimated local ancestry around each gene (within 1

Mb of the gene) to construct the relatedness matrix ðklÞ. The

LMM was fitted to estimate PVEl for each gene-expression pheno-

type via the same set of fixed effects as in the PVEg analysis.

Using GTEx AA skeletal-muscle data, we applied joint-GaLA (see

above). We then compared the estimated PVEg from joint-GaLA

with the estimate from the simple-LMM model.

We investigated the possible reasons for any observed difference

in PVEg between the populations.We performed LMM-association

analysis with Genome-wide Efficient Mixed Model Association

(GEMMA)29 by fitting a model of gene expression with each local

SNP and the genetic-relatedness matrix constructed from local

SNPs. We compared the distributions of allele frequency and of ef-

fect size for significant SNPs (nominal p value < 0.05 from the

LMM association) between the populations. We also considered

the variance in genetic relatedness Ajk generated from the local ge-

netic variants for pairs of distinct individuals:

var
�
Ajk

�¼E
h
A2

jk

i
� E

�
Ajk

�2 ¼ E
h
A2

jk

i
By definition, Ajk ¼ ð1=mÞPm

f¼1

ððxfj � 2pf Þðxfk � 2pf ÞÞ=ð2ðpf Þð1�
pf ÞÞ, where xfj is the genotype at variant f for individual j, pf is the

allele frequency, and m is the number of local variants. Now, E½A2
jk�

simplifies to the sum of LD correlations over all pairs of variants

that were used in the relatednessmatrix [Ajk], as has also been previ-

ouslynoted.35Thus, thevariance inrelatedness,varðAjkÞ, canbeused

to evaluate the effect of differential LDpatterns near the gene on the

population specificity of its genetic regulation.
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Sparsity or Polygenicity of Gene Expression
To systematically characterize the sparsity or polygenicity of gene

expression in a recently admixed population, we applied a

BSLMM29 to generate an estimate of PGE (the proportion of vari-

ance explained by the sparse genetic effect) and PVEg;BSLMM (the

sum of the polygenic and sparse effects) for each gene in the

GTEx AA skeletal-muscle dataset. This analysis would determine

genes for which gene expression is influenced by a small number

of genetic variants. We calculated the Spearman correlation be-

tween PVEg;BSLMM from the BSLMM and PVEg;LMM . We identified

genes with highly discordant estimates between the two

methods; these were defined as those genes with PVEg;A more

than two times the standard error away from PVEg;B (PVEg;A ;

[PVEg;B � 2 � SEðPVEg;BÞ;PVEg;B þ 2 � SEðPVEg;B Þ], for PVE estima-

tion methods A and B). We performed simulations (see above) to

evaluate the accuracy of the LMM approach as a function of the

number of causal variants (i.e., as a function of a sparse or poly-

genic architecture).
Use of Local Ancestry in eQTL Mapping

(Joint-GaLA-QTLM)
The statistical approach assumes an additive effect of genotype on

gene expression and adjusts for the variant-level local ancestry co-

variate in addition to the sample-level covariates (such as age, sex,

or principal components). For each gene-variant pair, we fit the

following baseline model:

g ¼a0 þ bsþ
Xm�1

k¼1

akxk þ glþ e ¼ Waþ bsþ glþ e (4)

e � N
�
0; s2

e I
�

where the n-vector g is the expressionmeasurement of a gene for

the n individuals; s is the genotype of a marker (typically a SNP

proximal, e.g., within 1 Mb, to the gene) encoded by 0, 1, and 2

representing the number of alternative alleles with effect size b

on expression level; xk is the kth covariate (e.g., age, sex) with ef-

fect ak; a0 is the intercept; l is the local ancestry encoded by 0, 1,

and 2 according to the number of African ancestry alleles at the

tested variant with effect size g; and e is the residual assumed to

be normally distributed with mean 0 and variance s2e I. Here W

is a n3m matrix of covariates, including the intercept term, with

weight a. The baseline model accounts for population structure

by adjusting for the local ancestry, whereas in the usual model,

the admixture proportions or, because of computational effi-

ciency, the top PCs of the genotype matrix are incorporated into

the model as quantitative covariates (among the xk’s) and locus-

specific ancestry is ignored.

Because the genotype s and local ancestry l at the variant might

be correlated, we estimated how much the variances in the

effect sizes, varðgÞ and varðbÞ, might be increased because of multi-

collinearity. We fit the ordinary least square regression l � s, esti-

mated the R2, and calculated the variance inflation factor

VIFðgÞ ¼ 1=ð1� R2Þ.
We implemented this model, building on a widely-used eQTL

mapping method, Matrix eQTL.10 Matrix eQTL speeds up the

eQTL mapping process by performing billions of association tests

via matrix operations. The Matrix eQTL algorithm first regresses

out the covariates (age, sex, PEER variables, etc.) from each

gene expression trait and each genotype and then standardizes

residuals to obtain ~g and ~s, respectively. Then it calculates the
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correlation corðeg ; ~sÞ of each residual pair ðeg ; ~sÞ through

matrix multiplication and transforms the correlation to a t-statis-

tic (t ¼ ffiffiffiffiffiffi
df

p ðcorðeg ; ~sÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� corðeg ; ~sÞ2

q
Þ); here, df is the number

of degrees of freedom in the linear regression model. However,

incorporation of local ancestry, which varies by variant, cannot

be done in the same manner as the subject-level covariates (e.g.,

age or sex). Our developed algorithm first regresses out the covari-

ates from gene expression, genotype, and local ancestry to obtain

standardized residuals ~g, ~s, and ~l. It then regresses out ~l from ~s to

obtain ~sl and proceeds to calculate corðeg ; ~slÞ and corðeg ;~lÞ again

via matrix operations for efficient processing. We note that equa-

tion (4) is equivalent to the following expression after regressing

out the covariates:

~g ¼b1~sl þ b2
~l þ ~e (4 * )

The test for nonzero effect on residual gene expression (b1s 0)

can be done via an F test (v1 ¼ 1;v2 ¼ N� 2) for the partial corre-

lation coefficient. Equivalently, a t-statistic can be calculated with

the following expression, where df is the number of degrees of

freedom in the multivariate linear regression model:

t ¼
ffiffiffiffiffiffi
df

p corðeg ; ~slÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�corðeg ;~lÞ2

q
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�

0@ corðeg ; ~slÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�corðeg ;~lÞ2

q
1A 2

vuuut
¼

ffiffiffiffiffiffi
df

p corð eg ; ~slÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� corð eg ; ~slÞ2 � cor

	 eg ;~l

2r

Type I Error Simulations for eQTL Mapping
In the type I error simulations for eQTL mapping, we considered

two scenarios: population stratification due to global ancestry

and population stratification due to local ancestry. We utilized

real genotype data from the NIGMS AA samples and simulated

gene-expression levels with different sources of confounding.

Because of the difference in variance explained by the first PC

and by local ancestry, we utilized the empirical distribution of ef-

fect size for each with the scaled expression value (Nð0;1Þ) in the

NIGMS dataset. We extracted the effect sizes at four different per-

centiles from the empirical effect-size distribution for local

ancestry and PCs, separately analyzed, and used those in the

simulations.

We randomly selected 100 out of 4,595 genes and simulated the

gene expression g:

g¼ bXþ ε; ε � Nð0;1Þ

where bis the effect size at each percentile and X is the first PC or

the average local ancestry around each gene. Then we performed

cis-eQTL mapping for these genes with no adjustment, global

ancestry adjustment (adjustment for the first three PCs), or local

ancestry adjustment. We used a range of p values from 1 3 10�6

to 1 to calculate the false positive rate. We repeated the simulation

1,000 times and averaged the false positive rate.

Type II Error Simulations for eQTL Mapping
In order to test the effects of different population structure adjust-

ment methods on the type II error rate, we first randomly chose

1,000 SNPs from the NIGMS genotype data and simulated 500
The America
gene expression variables with standard normal distribution. We

tested two scenarios. In the first scenario, the gene expression

was only associated with the genotype. We randomly selected 50

SNPs to be true eQTLs whose effect sizes of genotype are 0.9.

This choice for the eQTL effect size was motivated by the median

of the absolute value of the estimated effect sizes for the significant

SNP associations (BH-adjusted p < 0.05) with scaled gene expres-

sion (g � Nð0;1Þ) in the NIGMS data. In the second scenario,

both genotype and local ancestry contributed to the gene expres-

sion.We randomly selected 50 SNPs, and we chose an effect size of

the genotype of 0.9 and an effect size of local ancestry of 0.8.

Again, the effect size of local ancestry was chosen from the signif-

icant local-ancestry associations (BH-adjusted p < 0.05) with gene

expression from fitting a regression g � SNPþ LA, where g is also

the scaled gene expression, SNP is the genotype dosage, and LA is

the local ancestry value, in the actual NIGMS data. We performed

the eQTL estimation with no adjustment, global-ancestry adjust-

ment, or local-ancestry adjustment. We used a range of p values

from the minimum to the maximum p value in each simulation

to identify the number of false positives and true positives, and

we calculated the area under the curve (AUC) of the receiver oper-

ating characteristic (ROC) curve to summarize the performance of

each approach.36 We repeated the simulations 100 times and

plotted a single ROC curve. We compared the AUC of global

ancestry adjustment and local ancestry adjustment for a false pos-

itive rate in the range 0–0.2 via a paired two-sided t test.
Cis-eQTL Mapping in NIGMS and GTEx
To identify eQTLs in the NIGMS data, we tested associations be-

tween each gene and SNPs within 1 Mb upstream of the gene start

site and 1 Mb downstream of the gene end site by using the local-

ancestry adjustment approach joint-GaLA-QTLM. We compared

the association results from the adjustment for 1, 2, or 3 PCs

and gender and those from the adjustment for local ancestry

and gender.

We utilized a hierarchical correction method to identify eQTLs.

This method was demonstrated to produce a lower FDR and

greater true positive rate than the method that applies correction

over all association tests.37 We first used the Benjamini and Yeku-

tieli (BY) procedure38 to adjust p values for all association tests by

each gene. We then pooled the minimum BY-adjusted p value of

every tested gene to obtain its best associations. We corrected

the pooled minimum p values by the BH correction method.34

We selected significant eGenes with the threshold of 0.10 for the

BY-BH-adjusted p values and used the corresponding minimum

BY-adjusted p value as the threshold to select significant SNPs

for these eGenes.

We utilized the eQTL mapping results in the GTEx (v7) LCLs

with 117 multiethnic samples as a replication panel. We calcu-

lated the replication rate for eQTLs unique to the local ancestry

adjustment approach and to the global ancestry adjustment

approach.

We then applied joint-GaLA-QTLM (equation [4]) to the GTEx

whole-blood and LCL datasets. We excluded samples with East

Asian ancestry and used 356 and 114 samples in these two data-

sets, respectively, for the cis-eQTL mapping. For the global-

ancestry adjustment method, we used sex, sequencing platform,

three PCs, and PEER variables (35 for the whole-blood dataset,

11 for the LCL dataset, consistent with the latest GTEx analysis

for the optimal number of PEER factors to avoid overfitting).2

For the local-ancestry adjustment approach, we replaced the three
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PCs with local ancestry. We applied the hierarchical correction

method described above and used the threshold of 0.05 for the

BY-BH-adjusted p values to select significant eQTLs.We also report

the number of eQTLs and eGenes identified at the less stringent

threshold (BY-BH p value < 0.1).

We estimated the empirical distribution of the effect size of local

ancestry on expression for each gene in both the NIGMS and

GTExwhole-blood datasets while adjusting for the same covariates

as in the eQTL mapping.
Results

Relationship Among the Effect of Genetic Variation on

Gene Expression, the Variance Explained by Local

Ancestry, Population Differentiation, and Global

Ancestry

Gene expression might differ in its genetic architecture

from a complex disease or general quantitative trait in

several crucial ways, including in the importance of the

local (cis) region and the potential for a large, sparse ge-

netic component. In the case of an admixed population,

we hypothesize that the ancestry background near the

gene of interest might have a primary importance, where

local ancestry potentially explains a greater proportion of

transcriptional variation than global ancestry. We there-

fore consider these key features in modeling the trait vari-

ance explained by local ancestry and genetic variation (see

Material and Methods).

First, we assume the simplest case of a single causal

variant, as is sometimes assumed in certain eQTL analyses

(such as fine mapping and single-variant association tests).

We define the population genetic parameter, Fst;f , at the

variant f in terms of the allele frequencies pf ;1 and pf ;0
(in the ancestral populations 1 and 0) and the genotype

variance s2g;f as follows:

Fst;f ¼
�

1

sg;f

	
pf ;1 � pf ;0


�2
We then obtain the following (see Material and Methods

for derivation):

b2
r;f ¼ 2qð1� qÞb2

g;f Fst;f

This expression relates, for a given causal eQTL, the effect

explained by local ancestry ðb2r;f Þ with the effect of the ge-

netic variant on gene expression ðb2g;f Þ, global ancestry ðqÞ,
and the degree of population differentiation ðFst;f Þ.
We extend equation (1) to the case of multiple causal

eQTL variants in the cis region of a gene, as would be rele-

vant for heritability estimation assuming allelic heteroge-

neity. We obtain the following inequality (see Material

and Methods):

PVEl % 8mqð1� qÞPVEgFC

where FC ¼ Pm
f¼1

½ð1=sg;f Þðpf ;1 � pf ;0Þ�2 is the total extent of
population differentiation at causal eQTL variants. This
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provides an upper bound on the trait variance explained

by local ancestry ðPVElÞ in terms of the aggregate genetic

effect ðPVEgÞ, the magnitude of population differentiation

of the causal regulatory variants ðFCÞ, and the degree of pol-

ygenicity of the gene expression trait (captured by the

number of causal eQTLs, m). We confirmed inequality (2)

by using simulations across a range of genetic architectures

(see Material and Methods and Table S1).
Implications of the Statistical Model

From equation (1), potential sources of bias in the estimate

of bg;f include all the remaining parameters (q; b2r;f , and

Fst;f ), the last two ofwhich are local parameters and, indeed,

dependenton f . Inaddition to the level of admixture,uncer-

tainty in local-ancestry estimationand thedegreeofpopula-

tion differentiation might contribute to bias. Importantly,

global-ancestry adjustment ignores local heterogeneity in

the LD pattern and differences in allele frequency across

the genome in ancestral populations. (We investigate the

single-variant case extensively below when we evaluate

the use of local ancestry in mapping genetic associations.)

From inequality (2), these consequences follow:

1. The parameters q (a characteristic of the population)

and Fst;f (a population genetic parameter that mea-

sures genetic distance between the ancestral popula-

tions) are a priori unrelated to the phenotype (gene

expression), whereas PVEg and the polygenicity

parameter m are specific to the phenotype. The pop-

ulation differentiation statistic FSTC used by a recent

study26 assumes a highly specific genetic architec-

ture and incorporates the trait-dependent weight

b2g;f

.
PVEg

at the variant f , thus it varies by pheno-

type for each variant and is consequently not a

purely population-genetic parameter. For eQTL

studies involving thousands of (gene-expression)

phenotypes with varying levels of polygenicity and

potentially displaying a range of genetic architec-

tures, we wanted to utilize a phenotype-independent

measure of genetic distance between the ancestral

populations at each variant, and this decision deter-

mined ourmodel and led to inequality (2). Of course,

summing the genetic distance over all causal

eQTL variants for the specific gene expression trait

introduces phenotype dependence. Nevertheless,

assuming shared eQTLs across populations (though

with possibly different allele frequencies), this frame-

work would facilitate more straightforward popula-

tion comparisons by disentangling the contribution

of the population-genetic parameters from that of

the phenotype-dependent variables.

2. Because the maximum of qð1� qÞ is 0.25, the quan-

tity m � FC ¼ m2 � FC in inequality (2) determines

whether local ancestry (in the cis region) explains

less of the transcriptional variation than genetic vari-

ation. In particular, if FC < 1 =ð2mÞ, local ancestry
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Figure 1. Effect Explained by Local Ancestry and an eQTL Association Test
We evaluated the effect explained by local ancestry and the correlation between local ancestry and genotype.
(A and B) An empirical distribution of the maximum absolute-effect size of local ancestry for each gene-expression trait (betaLA) in the
NIGMS dataset (admixed samples, A) and in the GTExwhole-blood dataset (multiethnic samples, B), showing a large effect for a substan-
tial number of genes.
(C) A comparison of the genotype-local-ancestry (LA) correlation and genotype-principal-component (PC) correlation in the NIGMS da-
taset. The distribution for LA is skewed to the right (or higher values of the correlation), indicating that multi-collinearity, and thus in-
flated variance of estimated SNP effect size on gene expression [as quantified by the variance inflation factor of the ancestry predictor,
VIFðancestry predictorÞ ¼ 1=ð1� R2Þ], is a greater problem for LA than for PC.
would explain less of the variation in gene expres-

sion. Now the quantity m2 � FC is linear in the

mean level of differentiation at the gene but

quadratic in the degree of polygenicity, indicating

that characterization of a gene-expression trait as

sparse or polygenic has important implications for

assessing the variation explained by local ancestry

and by genetic variation.

3. If we assume (1) a highly polygenic architecture for a

gene-expression trait wherein each causal variant

contributes only a modest proportion that depends

only on the total number of contributing variants,

i.e., E½b2g;f � ¼ PVEg
�
m, and (2) the independence of

the contribution of causal variants to trait variance

and degree of population differentiation (i.e., inde-

pendence of b2g;f and Fst;f ), we obtain (see Material

and Methods):

PVEl ¼ 2qð1� qÞPVEgFC (2 * )

where FC ¼ E
hPm

f¼1

h
1

sg;f
ðpf ;1 � pf ;0Þ

i2i.
m: Equation (2*)
therefore provides an estimate of dPVEg; admixture for PVEg,

and this value can be viewed as the ‘‘expected heritability’’

in the presence of admixture, departure from which might

yield additional insights into genetic architecture (see Ma-

terial and Methods). The condition E½b2g;f � ¼ PVEg
�
m is an

assumption about the causal eQTL effects being drawn

from a single (Gaussian) distribution with the given ex-

pected value or mean. We note that the assumption of a

single distribution of effect sizes might be a reasonable

one for all cis effects, but trans effects might plausibly

require a different distribution. Similarly, a single distribu-

tion of effect sizes might not hold for both common and

rare regulatory variants. The condition is thus a strong
The America
assumption about how heritability is distributed across

the cis region of the gene, with its assignment of causal ef-

fects from the same distribution independently of LD. Un-

der the two assumptions of polygenicity and indepen-

dence, we get PVEl%0:50ðPVEgÞ from inequality (2),

indicating that the variance explained by local ancestry

would be less than that explained by local genetic varia-

tion. We emphasize that inequality (2) holds for a wide

range of genetic architectures, but equation (2*) assumes

strict constraints on the genetic architecture.

We note that the statistical model applies more broadly

to the analysis of trait variance explained by local ancestry

and genetic variation in studies of the proteome, the meth-

ylome, and other types of omics data. Furthermore,

inequality (2) and equation (2*) characterize the expected

PVEg in the presence of admixture, and violation of these

relationships might well indicate the presence of stratifica-

tion or, in the case of equation (2*), violation of at least one

of the two assumptions of polygenicity and independence

(see Material and Methods).
Local Ancestry and Mapping Genetic Associations

We sought to investigate the importance of the use of

local ancestry for eQTL mapping in an admixed popula-

tion (joint-GaLA-QTLM; see Material and Methods). We

plotted the empirical distribution of the maximum abso-

lute-effect size of local ancestry for each gene and found,

for a number of genes, that a large proportion of the vari-

ance in expression can be explained by the local ancestry

at a single variant in both NIGMS and GTEx (NIGMS: 36

out of 4,595 genes, FDR < 0.10, Figure 1A; GTEx whole-

blood: 3,129 out of 19,432 genes, FDR < 0.10,

Figure 1B), suggesting that the confounding due to local

ancestry might exist not only in studies of recently
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Table 1. Type I Error Rate from Analysis with No Adjustment, Global-Ancestry Adjustment, and Local-Ancestry Adjustment for Population
Structure

Effect Size Percentile Stratification Source (Effect Size) No Adjustment GA Adjustment LA Adjustment

(100% percentile) GA (57.47) 2.75 3 10�4 9.79 3 10�5 1.10 3 10�4

LA (1.13) 1.07 3 10�2 4.12 3 10�3 1.03 3 10�4

(75% percentile) GA (22.43) 1.20 3 10�4 1.02 3 10�4 1.00 3 10�4

LA (0.27) 2.00 3 10�4 1.50 3 10�4 1.04 3 10�4

(50% percentile) GA (13.40) 1.05 3 10�4 9.85 3 10-5 9.83 3 10�5

LA (0.16) 1.30 3 10�4 1.19 3 10�4 1.01 3 10�4

(25% percentile) GA (6.71) 1.03 3 10�4 9.84 3 10�5 1.01 3 10�4

LA (0.07) 1.07 3 10�4 1.03 3 10�4 9.84 3 10�5

False positives were identified by using p < 1 3 10�4. GA stands for global ancestry and LA stands for local ancestry.
admixed populations but also in studies with multiethnic

samples.

Using the NIGMS dataset, we showed that the genotype-

local-ancestry correlation was significantly higher than the

genotype-PC correlation (one-sided Wilcoxon rank sum

test, p value < 2.2 3 10�16, Figure 1C). This correlation

can lead to inflated variance in the estimated bg , by the

presence of the local ancestry l or the global ancestry PC

in equation (4), as quantified byVIFðgÞ. We identified three

SNPs with VIF of local ancestry larger than 10 (dbSNP:

rs1314014, dbSNP: rs13313624, and dbSNP: rs186332)

but no SNPs from the same VIF threshold for PC. This sug-

gests that multi-collinearity is a greater problem for local

ancestry than for PCs, and the confounding due to local

ancestry is more likely to happen.

Comparison of Type I Error Rate and Statistical Power

Here, we performed simulations to compare the effects of

global-ancestry and local-ancestry adjustment for popula-

tion structure on the type I error rate (Table 1). We used

the actual genotypes of 81 NIGMS AAs and simulated

gene expressions that we then associated with the first

PC or the average local ancestry of tested genes (see Mate-

rial and Methods). When the stratification is due to local

ancestry (for example, effect size is the maximum of its dis-

tribution), the false positive rate is higher in the global-

ancestry adjustment than in the local-ancestry adjustment

(4.12 3 10�3 > 1.03 3 10�4). The inflation with no adjust-

ment is larger when the stratification is due to local

ancestry versus global ancestry (for example, effect size at

the 100th percentile, 1.07 3 10�2 > 2.75 3 10�4). As ex-

pected, the inflation decreases as the effect size decreases.

Importantly, adjusting for global ancestry was insufficient

to remove stratification, which might vary at each marker.

To compare the type II error rate, we again used the

actual genotype data and randomly selected SNPs to be

causal eQTLs for pre-specified genes. When the gene

expression was associated only with the genotype, the

areas under the ROC curves for the identification of true

eQTLs were similar between the two adjustment methods

(Figures 2A and 2C, paired t test of the AUC for a false pos-
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itive rate in the range 0–0.2 over 100 simulations: Bonfer-

roni-adjusted p value ¼ 0.17). However, when the gene

expression was associated with the SNP and its correspond-

ing local ancestry simultaneously, the ROC curve for local-

ancestry adjustment was above that for global-ancestry

adjustment (Figures 2B and 2D, paired t test of AUC for a

false positive rate in the range 0–0.2 over 100 simulations:

Bonferroni-adjusted p value ¼ 1.42 3 10�13). Power com-

parison results show that the two adjustment approaches

are equally powerful for identifying true eQTLs, whereas

local-ancestry adjustment can substantially increase the

power when gene expression changes with local ancestry.

eQTL Mapping in Admixed Samples

We developed an efficient approach, joint-GaLA-QTLM, to

eQTL mapping with local ancestry in a recently admixed

population (see Material and Methods). We applied joint-

GaLA-QTLM to cis-eQTL mapping in the NIGMS dataset.

We adjusted for the top three PCs in the global-ancestry

adjustment method, and adjusted for the corresponding

local ancestry of each tested SNP in the local-ancestry

adjustment method. We used a hierarchical correction

method to select significant eQTLs (see Material and

Methods). We detected 270 eQTLs with the global-ancestry

adjustment method and 277 eQTLs with the local-ancestry

adjustment method. Among these eQTLs, 256 were shared

by these two methods, whereas 21 and 14 eQTLs were de-

tected only with the local-ancestry and global-ancestry

adjustment methods, respectively. We compared the nom-

inal (SNP association) p values from the various methods

(Figure 3A). The eQTLs found by both methods were

more significant than the eQTLs unique to either method

alone, suggesting that both methods were sufficiently

powerful to identify significant eQTLs.

We further investigated the eQTLs identified only by one

method. Most of these method-specific eQTLs clustered at

the margin of statistical significance. However, two eQTLs

(dbSNP: rs8044834 with AMFR [MIM: 604343], p value

with global-ancestry adjustment: 6.35 3 10�8, p value

with local-ancestry adjustment: 1.74 3 10�2; dbSNP:

rs2341000 with PLA2G4C [MIM: 603602], p value with
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Figure 2. Power Analysis for eQTL Map-
ping with Simulated Data Based on the
NIGMS Dataset
We simulated the expression of 500 genes
and calculated associations with a random
sampling of 1,000 SNPs via different
methods in order to control for population
structure confounding. Among 500,000 as-
sociations, we selected 50 SNPs to be true
eQTLs.
(A and C) A receiver operating characteristic
(ROC) curve (A) and average area under the
curve (AUC) for the false positive rate
(1-specificity) in the range 0–0.2 (C) across
100 simulations, wherein gene expression
was associated with the SNP, showing
similar performance (significance was calcu-
lated from a paired two-sided t test).
(B and D) A ROC curve (B) and average AUC
for the false positive rate (1-specificity) in
the range 0–0.2 (D) across 100 simulations,
wherein gene expression was associated
with both SNP and local ancestry (LA),
showing improved performance with LA
adjustment.
global-ancestry adjustment: 1.12 3 10�7, p value with

local-ancestry adjustment: 5.813 10�2) were highly signif-

icant only according to the global-ancestry adjustment

(Figure 3A and Table 2). Notably, local ancestry was signif-

icantly associated with gene expression at these loci (Table

2), and identified SNPs showed large differentiation in

allele frequency between CEU and YRI; thus, we hypothe-

sized that local ancestry confounded the eQTL association,

resulting in false positive eQTLs. To test the hypothesis, we

evaluated the association between genotype and gene

expression in a subsample with two African ancestry alleles

and in a HapMap CEU cohort (n ¼ 60), and we found

that the eQTL associations were no longer significant

(Figure S1). These eQTLs were not significant in the GTEx

(v7) LCL eQTL database as well. This highlights the possi-

bility of spurious association between genotype and gene

expression in loci where local ancestry is associated with

gene expression. Among 21 eQTLs unique to local-

ancestry adjustment, 9 were significant (42.86%) in the

GTEx LCL eQTL database. For 14 eQTLs that were unique

to global-ancestry adjustment, only 1 eQTL was significant

(7.14%). The replication rate is significantly higher for

eQTLs unique to local-ancestry adjustment than for eQTLs

unique to global-ancestry adjustment (chi-square test p

value ¼ 2.20 3 10�2).

We then compared the results from local-ancestry

adjustment with results from alternative methods. We

tested the effects of local-ancestry plus global-ancestry

adjustment on the cis-eQTL mapping (Figure 3B). Surpris-
The America
ingly, the p values with both adjustments were less signif-

icant than those with the local-ancestry adjustment alone

for shared eQTLs (Wilcoxon signed rank test: p value ¼
1.29 3 10�20), suggesting that including PCs as additional

adjustment for population structure to local ancestry will

reduce power. By using only one or two PCs, we observed

a similar pattern as the results based on three PCs (Figures

S2A and S2B). We also ran the cis-eQTL analysis that used

the LMM approach (implemented in GEMMA) to control

for population structure and cryptic relatedness. The

GEMMA approach demonstrated higher statistical power

compared to local-ancestry adjustment but failed to re-

move the false positives (Figure S2C).

eQTL Mapping in Multiethnic Samples

Mapping eQTLs in GTEx data allowed us to evaluate the

generalizability of our findings on the importance of

local-ancestry adjustment in a recently admixed popula-

tion to multiethnic eQTL studies consisting of both sub-

jects of relatively homogeneous ancestry and individuals

of recent admixture. We applied joint-GaLA-QTLM to the

GTEx LCL (n ¼ 114) and whole-blood (n ¼ 356) datasets.

Consistent with the results in the NIGMS dataset, more

eQTLs were identified with local-ancestry adjustment

than with global-ancestry adjustment (see Table S1). Nom-

inal p values from local-ancestry adjustment were more

significant than those from global-ancestry adjustment

(Wilcoxon signed rank test; LCL dataset: p value < 2.2 3

10�16; whole-blood dataset: p value < 2.2 3 10�16,
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Figure 3. Comparison of eQTL Mapping
Conducted with Different Ancestry Adjust-
ment Methods
We performed eQTL mapping by using
global-ancestry (GA) and local-ancestry (LA)
adjustment in the NIGMS dataset of African
Americans (AAs) and the GTEx whole-blood
dataset (including European Americans
[EAs] and AAs). The NIGMS is a recently ad-
mixed sample set, whereas GTEx is a multi-
ethnic sample set, and we sought to compare
the approaches in both scenarios. Marked
dots in A and C represent eQTLs, whose ef-
fect sizes were highly inflated in the GA
adjustment method and were potential false
positives.
(A) eQTL nominal p values with GA adjust-
ment or LA adjustment in the NIGMS dataset
showing potential false positives (marked
dots, Figure S1).
(B) eQTL nominal p values with GA þ LA
adjustment or LA adjustment in the NIGMS
dataset, showing that LA adjustment alone
(i.e., without the additional adjustment for
global ancestry) might suffice.
(C) eQTL nominal p values with GA adjust-
ment or LA adjustment in the GTEx
whole-blood dataset showing a potential
false positive (marked dot).
(D) A minor allele frequency (MAF) distribu-
tion of eQTLs unique to GA or LA adjustment
in the GTEx whole-blood dataset showing a
higher proportion of low-frequency variants
unique to GA adjustment.
Figure 3C) for shared eQTLs. In the whole-blood dataset,

we identified one SNP that was highly significant only ac-

cording to global-ancestry adjustment (dbSNP: rs2814778

with ACKR1 [MIM: 613665], p value with global-ancestry

adjustment: 1.67 3 10�17, p value with local-ancestry

adjustment: 4.77 3 10�1), and we found its local ancestry

and genotype had perfect correlation, again suggesting

potential local ancestry confounding. Notably, eQTLs

unique to global-ancestry adjustment were more likely to

have a small MAF (MAF < 0.10, chi-square test: p value ¼
1.69 3 10�135, Figure 3D) than those unique to local

ancestry adjustment. Taken together, these results demon-

strate the importance of local-ancestry adjustment for

cis-eQTL mapping even in samples with a relatively small

proportion of admixture.

Empirical Study of PVE by Local Ancestry

We quantified the variance explained by local ancestry

with a LMM model, which models a random effect ac-

cording to the local admixture relatedness between

individuals (see Material and Methods). We estimated

the distribution of PVEl (mean ¼ 0.30, variance ¼ 0.08)

in the GTEx AA muscle dataset samples (Figure 4A and

Table S2). The range of reliably estimated PVEl (FDR <

0.10) was [0.23, 0.99]. Genes with reliable PVEl estimates

were significantly enriched for differentially expressed

genes (see Material and Methods) between AAs and EAs

(hypergeometric test: p value ¼ 2.21 3 10�6), suggesting
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that PVEl could be capturing the degree of population dif-

ferentiation at causal variants, as is also implied by our

statistical model. Furthermore, the proportion (0.22) of

genes with nominally significant PVEl estimates (p <

0.05) was much greater than expected by chance (0.05).

The greater proportion of genes with significant PVEl esti-

mates than with significant PVEg estimates (Table S2)

raises the possibility that joint analysis of local ancestry

and genetic variation might improve heritability estima-

tion in this population.

When genes with reliable PVEl estimates were overlap-

ped with the same number of genes selected according to

the significance of the association between gene expres-

sion and the first PC, we found no shared genes, indicating

the extent to which the global ancestry failed to capture

the variance explained by the local admixture structure.

In GTEx muscle data, R2 from a linear regression of the

global ancestry (PC1) with gene expression tended to un-

derestimate the variance explained by local ancestry,

PVEl (Figure 4B). When we used the local ancestry from

the entire genome to construct the genetic relatedness ma-

trix, we identified no genes with reliable estimates (FDR <

0.10), suggesting either that the variation in gene expres-

sion was more related to the local, instead of the global,

admixture structure or that we were underpowered to

obtain a precise estimate (in analogy with estimating the

trans-eQTL contribution by using a trans-eQTL-based ge-

netic relatedness matrix [GRM]).
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Table 2. eQTLs Unique to Global Ancestry Adjustment

SNP Ref/Alt Gene
eQTL P Value,
No Adjustment

eQTL P Value,
GA Adjustment

eQTL P Value,
LA Adjustment

LA Association
P Value

Alt Allele
Frequency
in YRI

Alt Allele
Frequency
in CEU

dbSNP:
rs8044834 C/T

AMFR 2.26 3 10�9 6.35 3 10�8 1.74 3 10�2 8.80 3 10�4 4% 58%

dbSNP: rs2341000
G/T

PLA2G4C 3.01 3 10�8 1.12 3 10�7 5.81 3 10�2 7.17 3 10�3 100% 46%

dbSNP: rs2814778
C/T

ACKR1 2.43 3 10�44 1.67 3 10�17 4.77 3 10�1 1.99 3 10�44 0% 99%

Two eQTLs (dbSNP: rs8044834 and dbSNP: rs2341000) were found to have highly significant associations by the global ancestry (GA) adjustment method, but
were non-significant according to the local ancestry (LA) adjustment method in the NIGMS dataset (marked dots in Figure 3A); similarly, one such eQTL (dbSNP:
rs2814778) was found in the GTEx whole-blood dataset (marked dot in Figure 3C).
Included in the table are the p values of allelic association tests with no correction for ancestry, with GA adjustment, with LA adjustment, and with the p value of LA
in the allelic association with LA adjustment. Allele frequencies are from 1000 Genomes Phase3 data. GA stands for global ancestry and LA stands for local ancestry.
Simulation Studies of Heritability Estimation in an

Admixed Population

We designed extensive simulations, which used real and

simulated (admixed) genotype data, of diverse genetic ar-

chitectures (see Material and Methods) to compare three

methods for estimating the heritability of gene expression

in admixed populations. The first method, simple-LMM,

applies restricted maximum likelihood (REML) to obtain

an estimate. The second method, LDSR,21 estimates the

confounding due to population stratification (from the

‘‘intercept’’) and the trait heritability (from the ‘‘slope’’)

by regressing the GWAS test statistics on LD scores. We

also applied another method, joint-GaLA, which includes

a local-ancestry component when estimating the heritabil-

ity and which was previously introduced in the Material

and Methods. In all three methods, we control for global

ancestry (PC1) to remove potential confounding due to

global ancestry.

In simulations with simulated genotype data, the PVEl

estimates derived from REML were in line with equation

(2*), analytically derived from the statistical model (Table

S3), confirming the expression for the estimatedPVEg;admixture of the expected heritability in the presence

of admixture (see Material and Methods). From equation

(2*), the trait variance explained by local ancestry (PVEl)

might therefore be reflecting the fixation index (FC) at

causal variants and/or the ‘‘tagging’’ of causal variant

effect (PVEg) on phenotype. Furthermore, the Gaussian

approach, versus the (more computationally intensive)

mixture model approach, to modeling the effect explained

by local ancestry (see Material and Methods) was sufficient

to provide accurate estimates (Table S3) consistently across

all choices for the number of causal variants.

We simulated gene expression with local ancestry effect

(several percentiles chosen from real data to represent

different degrees of stratification). dPVEg estimates from

simple-LMM and LDSR, controlling only for global

ancestry, tended to suffer from upward bias (Figure 5A),

whose magnitude increased with a greater degree of strati-

fication, across the range of numbers of causal variants

tested (Figure S3). In all cases, joint-GaLA was closer to
The America
the assumed heritability and significantly different from

simple-LMM (median values, at 10, 25, 100, 200, and

500 causal variants, of [0.492, 0.507, 0.500, 0.508, and

0.498] versus [0.366, 0.351, 0.309, 0.335, and 0.286]

for simple-LMM and joint-GaLA when PVEl ¼ 0.2 and

PVEg ¼ 0.3, respectively; Mann-Whitney U test p < 0.002

for all comparisons between the two methods). Estimates

from LDSR showed a significantly larger standard error

than estimates from joint-GaLA (Mann-Whitney U test

p ¼ 0.008).

Simple-LMM and LDSR generally gave near-equivalent

estimates of heritability across the range of numbers of

causal variants tested (Figure 5A), but LDSR estimates

had substantially larger variability (Mann-Whitney U test

p ¼ 0.008). As an estimate of population confounding,

the intercept from LDSR showed wide variation

(Figure 5B), and there was a higher estimate of population

confounding associated with greater uncertainty (i.e.,

larger standard error) in the heritability estimate (Spear-

man’s r ¼ 0.56, p ¼ 5.27 3 10�28). The estimates for heri-

tability were negatively correlated (Spearman’s r ¼ �0.45,

p ¼ 2.45 3 10�17) with the intercept estimates for the

amount of confounding, and inflated estimates of herita-

bility were observed even under low estimated levels of

confounding (Figure 5C). Note that LDSR, by design,

does not provide an estimate for PVEl, and because of the

wide variation in the estimate for the intercept, we would

caution against using the intercept as a proxy for popula-

tion confounding due to local ancestry.

Furthermore, we found that the R2 from global ancestry,

estimated from linear regression, substantially underesti-

mated the trait variance explained by local ancestry across

all choices for the number of causal variants (Figure 5D).

Empirical Study of PVE by Genetic Variation in an

Admixed Population

We utilized the GTEx skeletal-muscle data to gain further

insights into PVEg (see Material and Methods) in the

largest amount of RNA-seq and whole-genome sequencing

data that was available to us for AAs.With simple-LMM, we

estimated the distribution of PVEg in the AA samples
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Figure 4. PVEl Analysis in African Ameri-
cans
To determine the variance explained by local
ancestry, we estimated PVEl for genes in the
GTEx skeletal-muscle dataset in African
Americans (AAs). The R2 of global ancestry
(PC1) from simple linear regression with
gene expression did not capture the variancedPVEl explained by local ancestry.
(A) A distribution of dPVEl (total of 1,740
genes).
(B) A comparison of dPVEl and R2 of global
ancestry (PC1) from simple linear regression
with gene expression.
(mean ¼ 0.30, variance ¼ 0.05) and in the EA samples

(mean ¼ 0.25, variance ¼ 0.04) of the same sample size

(Figure 6A). Table S2 contains summary data on the esti-

mates in the two populations in this tissue, and Table S4

contains all PVEg estimates. We identified genes with

nominally significant PVEg estimates (defined as p value

< 0.05) in one population but not in the other, suggesting

population-specific regulation. The comparison of PVEg

for genes with nominally significant estimates in both

populations showed a modest but significant correlation

(Spearman’s r ¼ 0.33, p value ¼ 1.28 3 10�7; Figure 6B).

At a more stringent threshold (FDR < 0.10), we continued

to observe a significant correlation (Spearman’s r ¼ 0.44,

p value¼ 0.01; Figure S4). We found no significant correla-

tion between dPVEl and dPVEg (Spearman’s r ¼ 0.04,

p value¼ 0.21; Figure 6C) in AA samples, suggesting the in-

dependence of these two components.

We investigated the possible sources of the imperfect

correlation in the estimated PVEg . The variance in genetic

relatedness can be written as the sum of LD correlation

over all pairs of SNPs that make up the GRM (see Material

and Methods).35 The difference, estimated using the vari-

ance in the GRM (Figure 6D), between the two populations

in local LD pattern near each gene can influence the esti-

mated standard error of PVEg . We provide two examples

to illustrate additional reasons for the population differ-

ence. LMM association analysis of the gene ZCCHC24

( dPVEg in AAs: 0.85, p value ¼ 1.23 3 10�2; dPVEg in EAs:

0.29, p value ¼ 4.36 3 10�2) showed that the effect sizes

of local SNPs were negatively correlated between the two

populations (Spearman’s r ¼ �0.23, p value ¼ 1.52 3

10�36; Figure 6E), suggesting population-dependent regu-

lation with an opposite allelic direction. We compared

the allele frequency of SNPs associated with DDT (MIM:

602750), expression (nominal p value< 0.05 in either pop-

ulation) between EAs and AAs ( dPVEg in AAs: 0.93, p value

¼ 2.46 3 10�4; dPVEg in EAs: 0.46, p value ¼ 7.11 3 10�3)

and found no evidence for correlation (Spearman’s r ¼
0.09, p value ¼ 0.23; Figure 6F). In both examples,

although the gene had a significant PVEg in both popula-

tions, the gene was nevertheless associated with a different
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set of variants (which were not in LD) in the different pop-

ulations, suggesting alternative genetic regulation. For

example, among the 50 SNPs that were associated with

ZCCHG24 expression in EAs, only 5 were in LD (LD >

0.8) with associated SNPs in AAs. Finally, the polygenicity

or sparsity of gene expression, which we explore in the

next section, might differ for a given gene in the two

populations.

We finally applied joint-GaLA in the GTEx AA samples.

Interestingly, we found that the PVEg estimates from the

simple-LMM model (see Material and Methods) tended to

be inflated in comparison with the PVEg estimates from

the joint-GaLA model (Figure 6G). This is consistent with

simulations, in which joint-GaLA outperformed simple-

LMM across all choices of number of causal variants

when local ancestry contributed to the variance in

phenotype.

Sparsity or Polygenicity of Gene Expression in an

Admixed Population

We sought to characterize the sparsity or polygenicity of

gene expression traits in this admixed population and

compared the results of the PVE analysis from the

LMM approach (see Material and Methods), which is

suitable for infinitesimal genetic architectures, and

from a BSLMM (all estimates in Table S5), which assumes

a mixture distribution of effect sizes. The two approaches

were highly correlated in their estimate of the polygenic

component (Spearman’s r ¼ 0.82 between BSLMM-

derived dPVEg; BSLMM and LMM-derived dPVEg;LMM , p value

< 2.2 3 10�16) (Figure S5). Nevertheless, we also

identified genes for which BSLMM analysis showed a

highly sparse local genetic architecture, i.e., genes with

high estimated PGE (the proportion of gene expression

variance explained by sparse genetic effects) and also

high estimated PVEg; BSLMM (Figure 7A). Furthermore,

the estimated total sparse genetic effect PGE was largely

independent of the estimated total polygenic effect

PVEg;LMM across all genes tested, as well as across all

genes with a nominally significant estimate of PVEg;LMM

(cor ¼ 0.076; Figure 7B).
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Figure 5. PVEg Estimation in Simulations
We performed simulations with real geno-
type data to evaluate the accuracy of herita-
bility estimation with simple-LMM, joint-
GaLA, and LDSR. We assumed the effect of
local ancestry on gene expression (PVEl)
was 0.2 (one of several levels of stratification
tested, based on empirical data) and varied
the number of causal variants.
(A) The assumed heritability was 0.30 and is
shown as a dashed horizontal line. The esti-
mates of dPVEg from simple-LMM were sub-
stantially inflated in comparison with those
from joint-GaLA and nearly identical to
those from LDSR across the range of numbers
of causal variants tested. LDSR showed the
widest variation in the estimates. Joint-
GaLA was closer to the expected heritability
than simple-LMM and showed significantly
improved estimates for all comparisons
(based on number of causal variants; Mann-
Whitney U test p < 0.002).
(B) The intercept estimates from LDSR,
assuming the same genotype data and a fixed
effect of local ancestry on phenotype,
showed wide variation.
(C) The estimates for heritability were nega-
tively correlated with the intercept estimates
for the amount of stratification. Note the
presence of inflated estimates of heritability
observed even under low estimated levels of
confounding (e.g., near 1 for the intercept).
(D) R2 from global ancestry (PC1), estimated
from linear regression, substantially underes-
timated the trait variance explained by local
ancestry across all choices for the number
of causal variants. The dashed line shows
the expected trait variance explained by local
ancestry.
Discussion

This study evaluated the use of local ancestry in the

analysis of genetic regulation of gene expression in an ad-

mixed population through simulations and in real data-

sets. We developed a statistical model that allowed us to

analytically formulate the relationships among global

ancestry, the level of population differentiation at a causal

eQTL, the trait variance explained by local ancestry, and

the eQTL effect size. The model provides insights into po-

tential bias sources, including the degree of population

differentiation and the uncertainty in local ancestry esti-

mation, in the estimated regulatory effect of genetic vari-

ation on gene expression. We extended this framework to

the study of multiple causal eQTL variants. As a corollary

of the model, characterization of gene expression in terms

of sparsity or polygenicity has important implications for

estimating the phenotypic variance explained by local or

global ancestry. Hence, we quantified the sparse genetic

component and the polygenic component of gene expres-

sion in a recently admixed population, though this anal-

ysis was limited to a single tissue. Multi-tissue studies in a

much larger sample size should facilitate additional in-

sights into genetic architecture.
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We performed a comprehensive analysis of the variance

explained by local ancestry around each gene and across

the genome to gene expression variation. In simulations

with different degrees of stratification—informed by

empirical data—due to local ancestry, an approach that

incorporated local ancestry into the heritability estima-

tion (as in joint-GaLA) provided a more accurate estimate

of heritability in an admixed population than a naive

approach (as in simple-LMM) that controlled only for

global ancestry (e.g., as quantified by principal compo-

nents). In these simulations, simple-LMM and LDSR pro-

vided near-equivalent estimates of heritability. Both

methods showed upward bias when controlling only for

global ancestry in the presence of local ancestry stratifica-

tion, although LDSR had significantly larger standard

errors. Furthermore, the LDSR intercept, a measure of pop-

ulation confounding, showed wide variation and a higher

estimated level of confounding significantly associated

with a greater degree of uncertainty in the estimate.

Finally, under stratification, the estimated amount of con-

founding was found to be significantly (negatively) corre-

lated with the estimated heritability in LDSR, indicating

inflated estimates of heritability (slope) despite low re-

ported levels of population confounding (intercept). As
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Figure 6. PVEgAnalysis in European Americans
and African Americans
We estimated the PVEg for gene expression traits
in the GTEx skeletal-muscle dataset for African
Americans (AAs) and an equal sample size (n ¼
57) of European Americans (EAs) separately.
Although there was a significant correlation indPVEg between the populations, many genes with
nominally significant estimates (p value < 0.05)
were discordant between the populations (B). We
investigated the contribution of variance in ge-
netic relatedness (D), effect size (E), and allele fre-
quency (F) to the population specificity of PVEg . A
comparison of dPVEg and dPVEl showed low correla-
tion across the genes. We then fitted, for each
gene, a joint model (joint-GaLA) consisting of
both genetic variation and local ancestry to esti-
mate the change in the estimate for PVEg. Most
genes showed a decreased estimate for PVEg with
the incorporation of local ancestry into themodel,
suggesting that local ancestry might explain some
of the gene expression variation.
(A) A distribution of dPVEg in AAs and EAs (total of
8,832 and 8,670 genes in AAs and EAs, respec-
tively).
(B) A comparison of dPVEg among genes with nomi-
nally significant estimates (p value< 0.05) in both
AAs and EAs (total of 253 genes); the comparison
shows a significant correlation. A similar result is
observed at a false discovery rate (FDR) < 0.1
(Figure S4).
(C) A comparison of dPVEg and dPVEl (points are co-
lor-coded according to the FDR for dPVEl ).
(D) A comparison of the variance of the local ge-
netic relatedness between AAs and EAs for all
19,850 genes; EAs show significantly greater vari-
ance (from a one-sided Wilcoxon signed rank
test, p value < 2.2 3 10�16).
(E) An example of a gene, ZCCHC24, for which
local SNPs have an opposite allelic direction be-
tween EAs and AAs. (The gene is not differentially
expressed between the two populations.) The
black dashed line is a fitted regression line.
(F) An example of a gene, DDT, for which SNPs
associated with expression level (nominal p value
< 0.05 from LMM association in either popula-
tion) are population differentiated in allele fre-
quency. The black dashed line is a fitted regression
line.
(G) A comparison of dPVEg between simple-LMM
and joint-GaLA.
another corollary, the confounding can distort cross-pop-

ulation analyses of the contribution of genetic variants to

variation in gene expression. In particular, studies, in

which one of the populations is admixed, that investigate

the population specificity or sharedness of regulatory ef-
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fects without taking into account local

ancestry might suffer from this confound-

ing. Given their diminished assumed level

of stratification due to local ancestry in

simulated genotype data, joint-GaLA and

simple-LMM approached near-identical es-

timates of heritability, and LDSR, given its

equivalence with simple-LMM, would facil-
itate more reliable heritability estimation in this more

controlled context.

Applying PVEg estimation to real data, we observed a

modest but significant correlation in estimated overall

genetic effect between the populations, suggesting the



Figure 7. Sparsity and Polygenicity of
Gene Expression in African Americans
We characterized the sparsity or polygenic-
ity of gene expression traits by using a
Bayesian sparse linear mixed model
(BSLMM) analysis in the GTEx African
American (AA) skeletal-muscle data. We esti-
mated the proportion of variance in gene
expression that can be explained by sparse
effects (PGE) and the proportion of variance
in gene expression that can be explained by
sparse effects and random effects together
(PVEg;BSLMM ), the latter of which is most
equivalent to our LMM-based PVEg;LMM . In
the genes analyzed, estimated PVEg;LMM

values that were significant at p value <
0.05 were defined as nominally significant
estimates.
A. The comparison of dPVEg;BSLMM and the
PGE estimate from the BSLMM. Genes with

a large dPVEg;BSLMM and a large PGE estimate are likely to have highly sparse local genetic architecture.
B. The comparison of dPVEg;LMM from GCTA and the PGE estimate from the BSLMM showing the independence of the two
components.
existence of ‘‘shared regulatory architecture’’ for a num-

ber of genes. We investigated several factors underlying

the population specificity of PVEg . The standard error

of the estimate is closely related to the LD structure;

thus, local ancestry transitions present challenges for

PVE analysis in recently admixed populations. Indeed,

as our statistical model implies, local ancestry transitions

can contribute to population differences in the estimated

PVEg . Furthermore, our study would suggest that PVE

estimation methods that explicitly incorporate LD

adjustment might yield larger power.39 Given the small

sample size, for nearly half of expressed genes (33.38%

in AAs and 45.32% in EAs) we could not obtain

PVEgestimates because the phenotypic variance-covari-

ance matrix is not positive definite. This observation

demonstrates the necessity of a large sample size for

PVE analysis, even for intermediate (e.g., molecular)

phenotypes.

We developed an R package, LAMatrix, which adjusts

for local ancestry in eQTL mapping and implements

joint-GaLA-QTLM in a computationally efficient frame-

work. Our implementation can be exploited in studies

that incorporate a SNP-level covariate (e.g., epigenetic

marker or structural variant), and this might prove crucial

in disentangling the influences of various factors on a

cellular phenotype. We illustrated with simulations that

type I and type II errors will be inflated when gene expres-

sion is associated with local ancestry; this result was

observed for a substantial number of genes in both ad-

mixed samples and multiethnic samples. The application

of joint-GaLA-QTLM to the NIGMS dataset (admixed) and

GTEx whole-blood and LCL datasets (multiethnic)

showed that our approach displayed greater power to

identify eQTLs than the prevailing approach that adjusts

for global ancestry. In the GTEx whole-blood study,

more eQTLs unique to GA adjustment have a small
The America
MAF, which is vulnerable to false positives,33 again sup-

porting that the proposed local-ancestry adjustment is

more powerful for identifying true eQTLs. One limitation

of our study is that the joint-GaLA-QTLM and joint-GaLA

methods apply to an admixed population with two

ancestral populations. Future studies should extend the

method to more heterogeneous populations (e.g., His-

panics/Latinos).

Discovery of genomics biomarkers and causative genetic

variants has been slow in admixed populations, leading to

a growing disparity in genomic medicine. Some of this

disparity is due to the paucity of omics data in these pop-

ulations, but just as important is the lack of adequate statis-

tical methodologies needed to account for the complexity

of the genomes. We provide here a comprehensive study of

the population specificity of the genetic regulation of gene

expression, both in aggregate across the cis region of a gene

and at a single variant within this region.We show that the

use of local ancestry can improve the identification of reg-

ulatory variants (QTLmapping) and the estimation of their

total effect (heritability estimation), and this has broad im-

plications for genetic studies of complex traits. Taken

together, these results extend existing approaches and pro-

vide a framework for future large-scale studies of genetic

regulation of gene expression in multiethnic or admixed

samples.
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