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promising because they may have greater power
than family-based association designs, and they

INTRODUCTION

Several statistical methods were recently pro-
posed to utilize genomic markers to control for
population stratification that may be present in a
sample of unrelated individuals, both in the
analysis of qualitative traits [Devlin and Roeder,
1999; Bacanu et al., 2000; Devlin et al.,, 2001;
Pritchard et al., 2000b; Reich and Goldstein, 2001;
Satten et al., 2001; Zhang et al., 2002] and in the
analysis of quantitative traits [Zhang and Zhao,
2001; Bacanu et al., 2002]. These approaches are

© 2002 Wiley-Liss, Inc.

may be robust against potential population stra-
tification. These methods can be broadly divided
into two classes. The first, which consists of the
methods proposed by Devlin and Roeder [1999],
Bacanu et al. [2000, 2002], Devlin et al. [2001], and
Reich and Goldstein [2001], adjusts the ordinary
chi-square test statistic x> to y>//, where A can be
estimated using genomic makers. These methods
assume that the parameter 4 is constant across the
genome. If the actual distribution has thicker tails
than predicted, this could lead to a high type I
error rate. For instance, selection at a candidate
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locus (or at nearby loci) could drive the alleles to
different frequencies in different subpopulations,
making large values of the statistic more likely
[Pritchard and Donnelly, 2001]. The second class
of methods, including those proposed by Pritch-
ard et al. [2000b, 2001], Zhang et al. [2002], and
Zhang and Zhao [2001], involves two-step proce-
dures. In the first step, inference is made on the
population structure in the sampled individuals,
using a set of independent markers. Statistical
tests between candidate markers and traits of
interest are then performed, using the inferred
population structures in the second step. Satten et
al. [2001] developed a similar approach by
integrating the two steps into a single likelihood
formulation. Zhu et al. [2002] recently proposed a
one-step method based on the mixture model.
Simulation results have found that these methods
generally perform well under discrete subpopula-
tion models. However, the population under
study may be a continuous mixture of ancestral
populations. In this situation, the sampled indivi-
duals may be divided into many subpopulations.
Although it is not clear how such scenarios will
affect the type I error and power of the methods
for qualitative traits [Pritchard et al., 2000b, 2001;
Zhang et al., 2002; Satten et al., 2001; Zhu et al,,
2002], if the number of subpopulations identified
by these methods is large, our simulation results
showed that the power of such methods for
quantitative traits [Zhang and Zhao, 2001] is quite
low due to small sample sizes within each
subpopulation.

In this article, we develop a semiparametric test
for association (SPTA) to examine associations
between candidate markers and quantitative traits
of interest in a sample of unrelated individuals.
The SPTA controls for population stratification
through a set of genomic markers by first deriving
a genetic background variable for each sampled
individual through his/her genotypes at a series
of independent markers, and then modeling the
relationship between trait values, genotypic scores
at the candidate marker, and a genetic background
variable through a semiparametric model, where
the trait value is treated as the dependent variable.
The exact form of relationship between the trait
value and the genetic background variable is
estimated through smoothing techniques. To test
whether the given set of genetic markers allows us
to control for population stratification, we propose
to apply SPTA to every genetic marker to obtain
the corresponding P-value, and then examine if
the estimated P-values have a uniform distribu-

tion, which is expected when population stratifi-
cation is well controlled-for. We evaluate the
performance of SPTA through simulations, both
with discrete subpopulation models and with
continuous admixture population models. The
simulation results suggest that our procedure
has a correct type I error rate in the presence of
population stratification, and is more powerful
than statistical association tests for family-based
association designs [Monks and Kaplan, 2000; Sun
et al., 2000] in all the cases considered. In addition,
SPTA is more powerful than Quantitative Simi-
larity-Based Association Test (QSAT) [Zhang and
Zhao, 2001] under continuous admixture popula-
tions. Furthermore, the number of independent
markers needed by SPTA to control for population
stratification is substantially fewer than that
required by QSAT.

METHODS

NOTATION AND STATISTICAL MODELS

We assume that the candidate marker is
biallelic, with two alleles M and m. There are
three genotypes at this marker: MM, Mm, and mm.
For an individual, we use A to denote the additive
genotypic score, with A being 1, 0, and —1 for
genotypes MM, Mm, and mm, respectively. We use
D to denote the dominance genotypic score, with
D being 0, 1, and 0 for genotypes MM, Mm, and
mm, respectively. Let y;, A;, and D; denote the
quantitative trait value, additive genotypic score,
and dominance genotypic score of the ith indivi-
dual, respectively.

For a homogeneous population, genetic associa-
tion between the candidate marker and the
quantitative trait can be studied through the
following regression model:

vi = n+aA; + pD; +e;, (1)

where the ¢; are assumed to be independent of
each other and independent of the values of A;
and D;, with mean 0 and variance ¢2. In this
regression model, « and f are the additive and
dominance genetic values. The least squares
estimates of o and f, denoted by a and f,
respectively, are unbiased estimators of « and f.
The null hypothesis is that there is no association
between the candidate marker and the trait of
interest, i.e., « = f =0. If we assume a normal
distribution for the trait values, the standard F test
can be performed to identify deviation from the
null hypothesis. Without the assumption of
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normal distribution and possible different trait
variances for different genotypes, we use the
statistic T = #T V15 in this article and a permuta-
tion procedure to evaluate the P-value of the
observed association, where 7' = (&, ) and V is
the variance-covariance matrix of # up to a
constant. Note that we can also use the F test
combined with the permutation test to assess P-
values.

The above regression method may be invalid in
the presence of population stratification [Zhang
and Zhao, 2001]. In a nonhomogeneous popula-
tion, both phenotype mean (1) and genetic scores
(¢ and f) may vary across difference genetic
backgrounds. If there is a variable, denoted ¢, that
can characterize the differences among indivi-
duals with different genetic backgrounds, we may
model the relationship between trait values y and
genotypic scores A and D through the following
model

yi = u(ti) + a(t)A; + B(t:)Di + i, (2)

where t; is the genetic background variable t of the
ith individual, and u(-), «(-), and p(-) are all
unknown functions. We expect that if the true
genetic backgrounds of the ith and jth individuals
are similar, their estimated genetic background
variables t; and t; should also be similar. Under
model (2), the null hypothesis of no association
between the candidate marker and the trait of
interest is Hp : a(t) = f(t) =0 for all t. Let us
discuss two examples which can be considered
special cases of model (2).

Example 1: discrete subpopulations. Assume
that there are k subpopulations and each sub-
population is homogeneous. Let p; denote the
phenotypic mean in the ith subpopulation, y;
denote the trait value of the jth individual in the
ith subpopulation, and A; and D; denote the
additive and dominance genotypic scores of the
jth individual in the ith subpopulation. A statis-
tical model describing the relationship between
trait values and genotypes is

Yvij = 1 + 0iAi + B;Di + ejj. (3)

If the genetic background variable t takes different
values in different subpopulations and takes
the same value within each subpopulation, it is
easy to see that model (3) is a special case of
model (2).

Example 2: admixture population. Consider a
population that is an admixture of two ancestral
populations, and suppose that an allele at a
marker in the ith individual comes from the first

subpopulation with probability P; and comes from
the second subpopulation with probability 1 — P;.
For different P;, the phenotypic mean and the
effects of genotypic scores may be different. We
can model the relationship between trait values
and genotypic scores by

yi= Mo(pi) + O(O(Pi)A,' + ﬁo(Pi)Di + e, (4)

where (), oo(-), and fy(-) are unknown
functions of P. If the estimated genetic background
variable t is a smooth function of P, model (4) is
equivalent to model (2).

We propose to use the following semiparametric
model, also called a partial linear model, to
describe the relationship between trait values
and genotypic scores:

yi = u(ti) + oA + pD; + e, (5)

where p( ) is an unknown smooth function of the
genetic background variable f, and the e; are
independent of each other and independent of t;,
Aj, and D;. The assumption that the function u(-)
is smooth is based on the consideration that
similar genetic backgrounds should lead to similar
phenotypic means.

This model is more general than the model
discussed in Zhang and Zhao [2001], which
generalized the idea of decomposing the genoty-
pic scores into two orthogonal components, a
between-family (b) component and a within-
family (w) component, in the context of family-
based association studies [Fulker et al., 1999;
Abecasis et al., 2000; Sham et al., 2000], to study
associations between candidate markers and traits
of interest using population samples. The model
in Zhang and Zhao [2001] has the form of

Vi = 1+ pApi + twAwi + PpDyi + PDwi +€i,  (6)

where A, and D;; are the mean of the additive
genotypic score and the mean of the dominance
genotypic score among the individuals in the
same subpopulation as the ith individual, and
Ayi = Aj — Ay and Dy, = D; — Dy,; are within-sub-
population components. The genotypes on a set of
independent markers can be used to infer the
population structure. The null hypothesis of no
association between candidate marker and trait
valuer can be tested by = examining
Hy : oy = p, =0, based on model (6), and the
test has been found to have a correct type I error
rate even if population stratification exists. How-
ever, when the study population is a continuous
admixture population, the sampled individuals
may be divided into many subpopulations, based
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on this approach. Although the procedure would
have a correct type I error rate, the power of the
test may be very low due to small sample size
within each subpopulation. This phenomenon
was also described by Satten et al. [2001] and
similarly observed by Rosenbaum and Rubin
[1984] in another context. It can be seen that
model (6) used by Zhang and Zhao [2001] is a
special case of the partial linear model (5) if we
suitably choose the genetic background variable ¢.
In fact, model (6) can be rewritten as

Yi =+ (o — o) Api + (Bp — Bro) Dvi + 0Ai + B, Di + €.

Both A and Dy depend on the genetic back-
ground variable of the subpopulation that the ith
individual belongs to. For example, we may
define functions ¢ and f such that Ay = g(t)
and Dy =f(t)). Let wu(ti)=p+ (o —ow)g(ti)+
(By — Po)f(ti); then we can see that model (6) is a
special case of model (5).

Genetic background variable. In the above
formulation, one key component is the genetic
background variable which is defined for each
sampled individual. We propose to use principal
component analysis on a set of independent
marker genotypes to estimate genetic background
variables. More specifically, suppose that there are
L independent markers A;, where =1,...,L, and
there are m; alleles, denoted by 1, 2,..., m, at
marker A;. We further assume that there are n
individuals in our sample, and let zgll and Zi12
(ZEIU > zl(l2 >) denote the two alleles of the genotype
of the ith individual at the Ith marker, where i =
1,...,n and I=1,...,L. The following two
methods can be used to estimate the genetic
background variable.

Method 1. Let x\V =), .. 2y and x? =

@) 2) imensi :
(Xipy s -+ Xjj,, ) denote two mj-dimensional vectors
and

(1)
o _ )1, ifz;’ =k, @)
X = { 0 fzi and x;;

otherwise,

:{17 lle(f):k7

0, otherwise,
wherei=1,...,n,1=1,....,Land k=1,..., m.
Let X;= (xlgll), xl(lz), e xg), xl(f))T be a 2m=
ZZlel m, dimensional vector, where i =1,..., n.

Therefore, we have transformed the genotypes at
L independent markers for the ith individual into
a numerical vector X; Principal component
analyses are then performed on the numerical
vectors Xi,..., X,. Let L =", (X;— X)(X; —
X)" denote the variance-covariance matrix of

Xi,..., X, and let g, a 2m dimensional vector,
denote the eigenvector corresponding to the
largest eigenvalue of 3. Then, we use t; = qTXi,
the first principal component, to estimate the
genetic background variable value for ith indivi-
dual. In our analysis, the values of the t; are
standardized so that all ¢; € [0,1]. Note that if the
genotypes of the ith individual and the jth
individual are similar, t; and t; should also be
similar.

Method 2. The above approach needs to calculate
the eigenvalues and eigenvectors of a 2m x 2m
matrix, which can be very large and may lead to
computational problems. Therefore, in the second
approach, we use a two-step procedure to assign a
genetic background variable to each individual. In
the first step, we only consider one marker at a
time and obtain the first principal component
score for every sampled individual at this marker.
Using the notation given above, let x;=
(xgll), xglz))T denote the numerical expression of
the genotype of the ith individual at the Ith
marker, and

n
= (o —m)(x —x)"
i=1

denote the variance-covariance matrix for
Xi1, - - -, Xg. We further let g;, a 2m; dimensional
vector, denote the eigenvector of 3; corresponding
to the largest eigenvalue. Then s; = qlTxﬂ is the
first principal component score for the ith in-
dividual at the /th marker. In the second step, we
perform principal component analysis using the
scores at all the L markers and assign the first
principal component as the genetic background
variable value. Let S;= (sq,..., sl-L)T, Y=
S (Si—S)(S—S)" be the variance-covariance
matrix of S;,..., S, and g denote the eigenvector
CorresTponding to the largest eigenvalue of . Then
ti=4q'S; is the first principal component score of
the ith individual. After standardization, we use f;
to represent the genetic background variable value
of the ith individual.

Our simulations show (data not shown) that
the first method is slightly better than the second
method, but the difference is not significant.
Because of computational concerns, we use the
second method to calculate the genetic back-
ground variable for each individual in this article.

Semi parametric test of association. Having
defined the genetic background variables, we
now introduce the semi-parametric test of associa-
tion, based on model (6). Various statistical
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methods have been proposed to estimate o, ff, and
function u(-), including the penalized least
squares [Wahba, 1984; Green et al., 1985; Engle et
al., 1986; Shiau et al., 1986], the kernel smoothing
method [Speckman, 1988], and the local linear
method [Hamilton and Truong, 1997)]. These
methods differ on how to estimate the nonpara-
metric part u(-). In this article, we use the kernel
smoothing method proposed by Speckman [1988]
for computational simplicity and for the well-
understood statistical properties of the estimates.

To estimate «, f, and the unknown function
u(-), lety; =y; —aA; — pD;, and then equation (6)
can be written as

yi = u(t) +ei. 7)

If « and f are known, equation (7) is a standard
nonparametric regression model, and we estimate
p( ) using the kernel estimator of u:

. :Zz 1%K(tl )
fi(t) —ijlK(tlT>7

where K(-) is a kernel function with mode at 0,
and h is the smoothing parameter. Intuitively, ji(f)
is the weighted mean of y; for those individuals
whose genetic background values are similar to t.
We will discuss the choice of h below, and we
assume the value of & is given for the moment.
In this article, we use the quartic kernel [see
Speckman, 1988]

11— 22 | <1
K(t) = 16( ) =5
(® {O, |t >1.

Because the values of o and f are unknown,
we cannot calculate fi(t). However, there is no
need to explicitly calculate fi(f) to estimate o and

(8)

p. Let
K (ti=t
o) =
Zj:l K(T)
then a(t) = > 1 wi(t)y; with Y7 wi(t)=1 for

any t. Replacing u(t;) in equation (5) by (t;), we
have, after some simplications,
= aA»+ﬁD-+e,- 9)
where — y], A=A — Z
x wj(t )A], and D 1 wj(t;)D;j.
Based on model (9) o and f can be estimated
using standard least squares estimates (LSEs):

VbCay — CapCpy VaCpy — CapCay

§— oY APEDY and B =AY —ADEAY
= vamea, MMyt
(10)

where
"o n_ LU
Va= 3R Vo= 3B Co = 3o,
i=1 i=1 i=1

n
Cpy = Y _Diyj,and Cap = ZD A

i=1 i=1
The estimate of ji(t) can be obtained from equation
(8) by replacing o and f with & and f, respectively.

In the Appendix, we show that & and p are

asymptotically unbiased estimates of o and f
under model (5). Therefore, under the null
hypothesis of no association, E(a) =E(f) =0
under the more general model (2). So, any valid
test based on & and f for the null hypothesis Hj :
o = =0 under model (5) is still a valid test for
the hypothesis Hy : a(f) = f(t) =0 for any f,
under model (2). Let

_ oTve T (a7 _( Va, Ca,p,
T_ V’17 1’[ - (OC, ﬁ)a V_ (CAwa VD .

In this article, we propose to use T as our
semiparametric test for association (SPTA).

To assess the statistical significance of the
observed association, we permute the adjusted
trait values of the sampled individuals to derive
an empirical distribution for the test statistic. Note
that y, is the difference between the trait value of
the ith individual and the weighted local mean of
those individuals having a similar genetic back-
ground as the ith individual. This step is needed
to remove the population stratification effect. For
each simulation, we permute y,, ..., y, among the
sampled individuals and recalculate the test
statistic T based on model (9). We repeat this
procedure many times to obtain an empirical
sample of T. The statistical significance level of the
observed test statistic can then be estimated from
this empirical sample.

Smoothing parameter. We have so far assumed
a given smoothing parameter in the kernel
estimate. Although different kernels have little
effect on the function estimation [Hart, 1997;
Simonoff, 1996], the effects of the smoothing
parameter & can be strong. We propose a novel
method to choose #, based on the genotypes at a
set of independent markers. This method can also
be used to examine whether population stratifica-
tion has been reasonably controlled for, using the
given set of independent markers. For the
simplicity of our discussion, we only consider
associations between biallelic markers and traits
of interest. For associations between candidate
genes with multiple alleles and traits of interest,

w
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we can either pool the alleles into two groups or
use the model described in the Discussion.
Suppose there are L biallelic independent markers
A;wherel =1, ..., L. When we perform SPTA test
for all the markers, we expect that the associated
P-values Pq,..., P; for marker A;,..., A should
follow a uniform distribution under the null
hypothesis of no association, if population strati-
fication is well controlled-for. We can use the
Kolmorgorov test to test this null hypothesis. Let
F, be the empirical distribution function of the P-
values Pi,..., Pp and F be the uniform distribu-
tion function. The test statistic of the Kolmorgorov
test is M(h) = max,|F,(x) — F(x)|, where the test
statistic depends on h, and we reject the null
hypothesis when M(h) is large. We propose to
choose h* that minimizes the test statistic, i.e.,

h* = argmhinM(h). (11)

This procedure also provides a statistical test for
the effect of population stratification using the set
of independent markers. If the P-value of the test
statistic M(h*) is greater than a specified signifi-
cance level, e.g., 0.05, we may consider that the
population stratification has been well controlled-
for. For the 0.05 significance level, the test statistic
is not significant if /nM(h*) < 1.36 [Nguyan and
Roger, 1989, p. 373].

SIMULATION MODELS

Here, we discuss the simulation models used to
assess whether SPTA is robust to population
stratification and to compare its power with other
association tests. In our simulation studies, we
either generate the data through discrete subpo-
pulation models or continuous admixture popula-
tion models, and we vary genetic models in our
simulations.

Discrete subpopulation models. Under dis-
crete subpopulation models, we either generate
data through coalescent models or through em-
pirical population genetics data [Zhang and Zhao,
2001; Zhang et al., 2002].

For coalescent models, we consider three popu-
lation divergence times between the two subpo-
pulations: 1) T =500 generations, 2) T = 1,500
generations, and 3) T =4,500 generations. The
sample consists of 25 individuals from the first
subpopulation and 125 individuals from the
second subpopulation. Based on the genotype at
the candidate locus, the trait values are generated
according to the following model:

Yij = 1 + OCiAij + ﬂiDl']' =+ éij, (12)

where u; = g0 X Ri, o = f; = o X R;, and ¢;; is a
normal random variable or a log-normal variable
with mean 0 and variance 1. In our simulations,
we set R; =1 for individuals from the first
subpopulation, R, = 1/4 for individuals from the
second subpopulation, and yy, = 2. Furthermore,
we set pig = 0 and py = 2 for type I error examina-
tion and power comparison, respectively.

For simulations based on empirical population
genetics data, we extract the allele frequencies of
20 SNPs across four populations, including Danes,
San Francisco Chinese, Biaka, and Maya, from a
population genetics database ALFRED [Cheung
et al., 2000; http://info.med.yale.edu/genetics/
kkidd] that provides allele frequencies for both
SNPs and microsatellite markers in different
populations. We consider different numbers of
markers by using the 20 markers multiple times to
infer the genetic background variable. We also
assume different trait value distributions and
different schemes to assign alleles conferring high
trait values. We generate 250 replications, with
each replication consisting of the genotype of a
total of n individuals at 20 markers. Other
parameters are the same as those in Zhang and
Zhao [2001].

Continuous admixture population models. Un-
der these models, we assume that the population
under study is a continuous admixture of two
ancestral populations. In our simulations, we use
Danes and Biaka as the two ancestral populations,
and extract the allele frequencies of 20 SNPs from
ALFRED and repeat these 20 SNPs 2,3, 4,...
times as if we had 40, 60, 80,... SNPs. Let P;
represent the probability that allele M of the ith
individual is from Biaka and assume P; is
uniformly distributed. Therefore, the allele fre-
quency of allele M at locus I can be written as
Pipn + (1 — Pi)pp, where p;; and pp, are the allele
frequencies of allele M at the /th marker in Biaka
and Danes, respectively. The trait values are
generated according to the following model:

vi = pi +0Ai + BiDi + e,

where u; = gy X Pi, o = p; = pg x P;, and e; is a
normal random variable or a log-normal variable
with mean 0 and variance 1. In our simulations,
we set gy = 2. Furthermore, we set py =0 and
Ko =2 for type I error examination and power
comparison, respectively. Most genetic studies
define ethnic background with five groups:
Africans (or African-Americans), Europeans,
Asians, Hispanic-Latinos, and American Indians.
Empirical population genetics studies suggest that
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populations within each group, with the exception
of Africans, are more homogeneous than across
these broadly defined groups. Moreover, Hispa-
nic-Latinos are a culturally defined, rather than
genetically defined, group. Therefore, we have not
considered more than four populations in our
simulation studies.

Other association tests considered. In addition
to SPTA, we also consider three other association
tests in our simulations. The first test, denoted by
Ty, ignores potential population stratification. The
difference between this test and SPTA is that we
always treat the sampled individuals as if they
were from a homogeneous population. The
second test is the QSAT proposed by Zhang and
Zhao [2001]. Using either discrete subpopulation
models or continuous admixture population mod-
els, we also simulate a set of family triads and
apply a family-based association test proposed by
Monks and Kaplan [2000] and Sun et al. [2000] to
determine whether there is an association between
the marker and the trait. We denote this test by
TDTpk. In power comparisons, we simulate 71/3,
2n/3, and n trios, respectively, in the family-based
association design, where 7 is the total number of
individuals in the sample of unrelated indivi-
duals. We cover a range of sample sizes in the
power comparisons because the amount of phe-
notyping and genotyping is different between the
two designs for the same number of individuals.
Therefore, it is difficult to select a fixed sample
size to make the comparison fair. For each
simulation model, we first generate 2n/3, 4n/3,
and 2n individuals, respectively, in the total
population as parents, and generate the children’s
genotypes according to their parent’s genotypes.
The P-values of TDTgy, are also evaluated by the
simulations. We have not compared our approach
to that of Pritchard et al. [2000b], because their
proposed test only applies to qualitative traits.

RESULTS

THE GENETIC BACKGROUND VARIABLE

The genetic background variable estimated by
the first principal component is a key component
in our method. Our simulations based on the
empirical population genetics data (results not
shown) show that the first principal component
can be used to well separate the subpopulations of
Chinese, Danes, and Biaka, but some of the
Chinese and Mayas cannot be separated, and the
first principal components provide a good estima-

tion of the genetic background varible (the
probability that one of the two alleles at each
marker is from Biaka) under the continuous
admixture model. Although there may be an
inaccurate subpopulation assignment for a few
individuals in each simulated sample, the simula-
tion results showed that our method still has a
correct type I error rate.

Test whether population stratification is reason-
ably controlled for. The first step in SPTA is to
evaluate whether the population stratification can
be well controlled-for with the given set of
genomic markers. Our simulation results based
on the empirical population genetics data showed
that, for both normal and log-normal distribu-
tions, the distribution of P-values of SPTA at the
independent markers is not significantly different
from the wuniform distribution, provided the
number of markers is 120 or more. This observa-
tion is consistent with the results given in Figures
1 and 2, where we compare the type I error rates of
various statistical tests. These results suggest that
the Kolmorgorov test described above has good
utility in the determination of whether the set of
genomic markers can control for population
stratification.

Type I error rates. Figures 1-3 summarize the
type I error rates for the four test statistics by
using different numbers of markers in simulations
through the coalescent models, empirical popula-
tion genetics data, and continuous admixture
models, respectively. The results are based on
5,000 replications (250 replications for each of 20
markers, as if there were 250 x 20=5,000 replica-
tions), with each replication consisting of n=150
randomly sampled individuals for all four tests
(n/3 triads for TDTuk type tests). The 95%
confidence interval of the type I error is (0.0438,
0.0562). It is apparent from the figures that the
estimated type I error rates of TDTyx are not
statistically significant from the nominal levels in
all the cases considered. In contrast, association
tests based on T}, which ignores potential popula-
tion stratification, may have a type I error rate that
is substantially higher than the nominal level in
the presence of population stratification (in all the
cases considered here). If there are enough
genomic markers, the type I errors of both SPTA
and QSAT are within the 95% confidence interval
of the nominal type I error rate. However, in order
to control the false-positives, the number of
markers needed by QSAT is much larger than
that needed by SPTA. It suggests that the first
principal component method can extract more
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relevant information from the genotypes at a set of
markers than the method that is used in QSAT.
Power comparisons. The results of our power
comparisons under coalescent models are sum-
marized in Table I. The results are based on 5,000
replications, with each replication consisting of
n=150 individuals for SPTA and QSAT and n/3,
2n/3, and n triads for TDTpk. Totals of 200
markers and 1,000 markers are used by SPTA
and QSAT, respectively. We use different numbers
of markers, because the false-positives can be
controlled for by these numbers of markers by
SPTA and QSAT, respectively. Both SPTA and
QSAT are more powerful than TDT,k for all three
different sample sizes (1/3, 2n/3, and n triads),
and the powers of SPTA and QSAT are almost the
same. We can also see that when the population
divergence increases, the power of statistical tests
decreases. In addition, the trait distribution and
genetic models also affect the power of these tests.
Using empirical population genetics data,
power comparisons are performed under several
conditions, including schemes in the assignment
of alleles conferring high trait values, different
genetic models, different distributions of trait
values, and different sample sizes for TDTx.
We use 10 x 20=200 markers to infer the genetic
background variable for SPTA and 50 x 20=1,000

markers to infer the relationship between each
pair of individuals for QSAT. The results are
summarized in Table II. Similar to the simulation
results based on coalescent models, both SPTA
and QSAT are more powerful than TDTy,x for all
three different sample sizes, and the powers of
SPTA and QSAT are almost the same.

The results of power comparisons under con-
tinuous admixture population models are sum-
marized in Table III. The sample and the number
of markers used are the same as those used in the
power comparison, using empirical population
genetics data. In this case, SPTA is more powerful
than QSAT and TDTpk for all three different
sample sizes. For power comparisons between
QSAT and TDTyk, for dominant and additive
models, the power of QSAT with sample size 150
is approximately the same as that of TDTyx with
100 triads. However, for recessive models, the
power of QSAT with sample size 150 is approxi-
mately the same as that of TDTx with 150 triads.
QSAT is less powerful than SPTA, because the
admixture population may be divided into too
many subpopulations in QSAT under continuous
admixture population models.

Although the simulation results given in this
article are based on random samples of the
individuals, we have also investigated selective
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TABLE I. Power comparisons of three tests (SPTA, QSAT, and TDTy,x) under coalescent models for different trait value
distributions (normal or log-normal)®

Significance level P=0.05 Significance level P=0.01
TDTmk TDTmk

Trait pdf T Model SPTA QSAT 4 z n SPTA QSAT 4 u n
Normal 500 Dom. 0.99 0.99 0.60 0.81 0.85 0.97 0.97 0.39 0.67 0.78
Add. 0.99 0.99 0.63 0.84 0.95 0.99 0.99 0.38 0.75 0.90
Rec. 0.99 0.99 0.55 0.80 0.87 0.97 0.97 0.30 0.60 0.75
1,500 Dom. 0.99 0.99 0.50 0.72 0.82 0.98 0.97 0.30 0.55 0.69
Add. 0.98 0.97 0.47 0.80 0.90 0.93 0.94 0.30 0.58 0.79
Rec. 0.98 0.97 0.42 0.72 0.82 0.95 0.95 0.25 0.55 0.65
4,500 Dom. 0.98 0.97 0.43 0.66 0.76 0.93 0.92 0.25 0.45 0.60
Add. 0.93 0.91 0.39 0.60 0.75 0.80 0.81 0.20 0.37 0.54
Rec. 0.90 0.91 0.33 0.54 0.66 0.80 0.82 0.18 0.32 0.43
Log-N 500 Dom. 0.99 0.99 0.63 0.81 0.86 0.97 0.97 0.43 0.66 0.77
Add. 0.99 0.99 0.72 0.89 0.96 0.98 0.98 0.53 0.77 0.91
Rec. 0.99 0.99 0.60 0.84 0.92 0.97 0.96 0.40 0.68 0.80
1,500 Dom. 0.97 0.98 0.58 0.73 0.84 0.94 0.94 0.31 0.56 0.69
Add. 0.97 0.96 0.64 0.80 0.89 0.93 0.92 0.41 0.68 0.78
Rec. 0.97 0.97 0.56 0.74 0.86 0.93 0.93 0.32 0.60 0.72
4,500 Dom. 0.96 0.94 0.37 0.63 0.78 0.89 0.88 0.24 0.48 0.63
Add. 0.89 0.89 0.51 0.63 0.76 0.75 0.77 0.31 0.48 0.63
Rec. 0.87 0.87 0.41 0.56 0.69 0.76 0.76 0.23 0.42 0.55

“Sample size is =150 for the SPTA and QSAT, and 50, 100, and 150 triads for the TDT .
Dom., dominant models; Add., additive models; Rec., receiving models.

TABLE II. Power comparisons of three tests (SPTA, QSAT, and TDT)x) through empirical population genetics data-
based simulations under the random sampling scheme®

Significance level P=0.05 Significance level P=0.01
TDTwvk TDTwmk
High-risk
allele Trait pdf  Trait model SPTA QSAT 2 z n SPTA QSAT 2 u n
Fixed Normal Dom. 0.98 0.98 0.61 0.77 0.84 0.96 0.97 0.38 0.65 0.75
Add. 0.99 0.98 0.55 0.79 0.91 0.96 0.96 0.30 0.57 0.76
Rec. 0.91 0.90 0.40 0.56 0.64 0.86 0.84 0.19 0.37 0.49
Log-N Dom. 0.97 0.98 0.64 0.79 0.85 0.94 0.95 0.45 0.67 0.77
Add. 0.98 0.98 0.66 0.82 0.90 0.90 0.92 0.42 0.67 0.79
Rec. 0.90 0.87 0.43 0.59 0.69 0.83 0.82 0.25 0.41 0.53
Random Normal Dom. 0.90 0.89 0.29 0.43 0.55 0.81 0.82 0.17 0.27 0.39
Add. 0.91 0.91 0.31 0.61 0.80 0.82 0.83 0.20 0.44 0.64
Rec. 0.96 0.94 0.41 0.71 0.84 091 0.93 0.29 0.61 0.75
Log-N Dom. 0.86 0.87 0.33 0.47 0.56 0.78 0.80 0.19 0.33 0.42
Add. 0.85 0.84 0.41 0.68 0.80 0.80 0.84 0.22 0.54 0.69
Rec. 0.95 0.94 0.50 0.70 0.85 0.90 0.89 0.30 0.60 0.77

“Sample size is n=150 for the SPTA and QSAT, and 50, 100, and 150 triads for the TDT k.
Dom., dominant models; Add., additive models; Rec., receiving models.

samplings, e.g., only sample top 10% and bottom DISCUSSION

10% of the total population with respect to the

trait of interest. The simulation results show a In this article, we have developed a semipara-
similar pattern to that of the random sampling metric test of association, SPTA, to detect associa-

approach. tions between candidate markers and quantitative



54

Zhang et al.

TABLE III. Power comparisons of three tests (SPTA, QSAT, and TDT),x) through empirical population genetics data

based on continuous admixture models?

Significance level P=0.05

Significance level P=0.01

TDTyux TDTyx

Trait pdf Disease model SPTA QSAT 1 u n SPTA QSAT 4 z n

Normal Dom. 0.96 0.70 0.53 0.75 0.81 0.94 0.60 0.31 0.66 0.73
Add. 0.99 0.83 0.48 0.82 0.97 0.98 0.80 0.34 0.68 0.90
Rec. 0.91 0.67 0.40 0.64 0.68 0.85 0.56 0.32 0.51 0.59

Log-N Dom. 0.98 0.70 0.57 0.72 0.80 0.96 0.60 0.41 0.67 0.72
Add. 0.99 0.87 0.60 0.88 0.95 0.94 0.83 0.46 0.78 0.91
Rec. 0.89 0.79 0.43 0.64 0.70 0.81 0.71 0.34 0.54 0.60

“Sample size is n=150 for the SPTA and QSAT, and 50, 100, and 150 triads for the TDTsx.
Dom., dominant models; Add., additive models; Rec., receiving models.

traits using population-based data. Our simula-
tion results show that SPTA has a correct type I
error rate under both discrete subpopulation
models and continuous admixture population
models. It is more powerful than family-based
association tests in all the cases considered, and it
is more powerful than QSAT under continuous
admixture population models and requires far
fewer genomic markers to control for population
stratification. Furthermore, SPTA allows us to
assess whether we can control for population
stratification using a set of genomic markers.
Moreover, it is straightforward to include covari-
ates, and it is computationally much more
efficient than structured association tests. In
contrast, other several statistical methods recently
proposed may have lower power to detect a true
association for an admixture population, due to a
potentially large number of inferred subpopula-
tions. To evaluate the number of subpopulations
inferred by these methods in the continuous
admixture model (two ancestral populations)
described in this article, we chose four data sets
with 160 independent SNPs each and four data
sets with 300 independent SNPs each from our
simulations. Note that for the SPTA, the number of
independent SNPs needed to control for popula-
tion stratification is about 120. We ran the
clustering program Structure developed by
Pritchard et al. [2000a] with burnin=10,000 and
numreps=10,000 for each of the eight data sets. For
the four data sets with 160 SNPs, the estimated
number of subpopulations is five for
three data sets, and four for the other data set.
For the four data sets with 300 SNPs, the
estimated number of subpopulations is five for

two data sets and four for the other two data sets.
More simulations conducted by Zhu et al. [2002]
led to consistent results. These results suggest
that the method developed by Pritchard et al.
[2000a] may be suboptimal for admixed
populations.

Although we have compared the power of SPTA
with that of TDTyx with three different sample
sizes, the comparisons are based on the assump-
tion that a set of independent markers is available
for a genetic background variable value. If there is
only one candidate locus, SPTA may require
substantially more genotyping efforts. However,
given the low prior probability for a specific
gene to be involved for a given trait and the
ever-decreasing genotyping cost, it may be more
cost-effective to perform a population-based
study.

Although we only use the first principal
component in our simulations, multiple compo-
nents (corresponding to multiple genetic back-
groud variables) can be used in our method. This
leads to the question of how many principal
components we should use for a given data set.
Our suggestion is that we first use the first
principal component. If the Kolmorgorov test
indicates that it cannot control for the population
stratification, we will use the first two or three
principal components. In general, for most of the
population genetics data we have analyzed,
the first three principal components account for
the majority of genetic variations observed in the
data.

In the case that multiallelic markers are used in
an association study, we outline one approach to
extending SPTA to a multiallelic trait locus.
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Suppose that there are m alleles at the trait locus;
hence, there are m(m +1)/2 genotypes. We can
use m(m +1)/2 — 1 numerical variables to denote
all the possible genotypic scores. Thus, the similar
model can apply (more independent variables) to
the multiallelc marker.

The SPTA proposed in this article is also
applicable to qualitative traits. For example,
we can let y =1 for cases and y = 0 for controls
in a case-control study. However, in this case,
other models (e.g., semiparametric logistic mod-
els) may be more appropriate. Estimation methods
and the performance of the test based on
semiparametric logistic models need further in-
vestigation.
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APPENDIX: EXPECTATIONS OF o
AND p UNDER MODEL (5)

~Let B T (A1,A2,...,A )T, XQI(D1,
Dy,..., D,), =, Yy Yoro o yn) = (X1, X2),
and 1 = (a, [3) Then, 7 = (X'X)~ XTy Further-

more, we make the following assumptions:

1
(S1) lim — XTX = lim — ]f{ . =1 )
n—oon n—oomn Z A D Z D

=V>0,

where V>0 means that V is a positive definite
matrix.
(S2) u(t) is a continuous function.

Note that the adjusted additive and dominant
genotypic scores A; and D; are the values of the
additive and dominant genotypic scores minus
their local means, respectively. Therefore, we may
expect that E(A;) ~ 0 and E(D;) ~ 0. So, XTX/n is
approximately the sample variance-covariance
matrix. Intuitively, the assumption V>0 means
that both additive and dominant genotypic scores
vary among individuals, i.e., they are not constant.

PROPOSITION

Under model (5) and assumptions (S1) and
(52), 1 is an asymptotically unbiased estimator of
n, ie.,

lim E(n) =n.

n—o0,h—0

PROOF
Let :a (lala /127 s lan)/ where rai = M(ti)_
Z] qwi(u(t).  We  first  prove  limy_.
=0(i=1,...,n). From assumption (52), we

know that for any e>0, there exists a constant h
such that [u(t;) — u(t;)| < e when |t; — t;| < hg. Note
that if w]'(i) #0,1i.e., K((ti — t]‘)/h) #0, then |ti — t]'| <
h (see definition of the kernel function K(-) in
Methods). So, for any e>0, when h <hy, we
have

= i) tts — plty)
j=1
< Z w;(1)|u(t;) — u(t)|
j=1
<> i) =
j=1

ie, limjg=0fori=1,2,...,n
h—o0

(A1)

Further, we have hmh_)o S l,ul =0 and
limy, oL Y7 Dify; = 0, and so
T~
}gr(}nX a=0 (A2)

by noting that |A;| < 1and |D;| <1, and so |A;] <2
and |D;| < 2.
Next, note that

=VYi— Zw] ]/1: 105+Dﬁ+:uz

Therefore, y = Xr/ + i, and we have
(XTX) "Xy =(X"X) 7 X" (Xn + )

- (A3)
=n+ <1XTX) 1XT:
n n

and the proposition follows from (A3), (A2), and
assumption (S1).
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