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Abstract
As a dense map of single nucleotide polymorphism (SNP)
markers are available, population-based linkage disequi-
librium (LD) mapping or association study is becoming
one of the major tools for identifying quantitative trait loci
(QTL) and for fine gene mapping. However, in many
cases, LD between the marker and trait locus is not very
strong. Approaches that maximize the potential of detect-
ing LD will be essential for the success of LD mapping of
QTL. In this paper, we propose two strategies for increas-
ing the probability of detecting LD: (1) phenotypic selec-
tion and (2) haplotype LD mapping. To provide the foun-
dations for LD mapping of QTL under selection, we devel-
op analytic tools for assessing the impact of phenotypic
selection on allele and haplotype frequencies, and LD
under three trait models: single trait locus, two unlinked
trait loci, and two linked trait loci with or without epista-
sis. In addition to a traditional ̄ 2 test, which compares the
difference in allele or haplotype frequencies in the select-
ed sample and population sample, we present multiple
regression methods for LD mapping of QTL, and investi-
gate which methods are effective in employing phenotyp-
ic selection for QTL mapping. We also develop a statisti-

cal framework for investigating and comparing the power
of the single marker and multilocus haplotype test for LD
mapping of QTL. Finally, the proposed methods are
applied to mapping QTL influencing variation in systolic
blood pressure in an isolated Chinese population.

Copyright © 2002 S. Karger AG, Basel

Introduction

Understanding the genetic basis of quantitative trait
variation within and between populations entails identi-
fying the number of trait loci and their locations in the
genome, estimating the genetic effects of the individual
trait locus, and linking genotypes to phenotypes. The
most widely used method for mapping quantitative trait
loci (QTL) in humans is linkage analysis [Haseman and
Elston, 1972; Amos et al., 1989; Schork, 1993; Blangero
and Almasy, 1997; Blangero et al., 2000; Wu et al., 1994].
Linkage analysis, the most reliable of gene mapping meth-
ods when applied to Mendelian traits or to quantitative
trait loci with high heritability, has proven to be a much
less reliable tool for mapping QTL with small effects
[Risch, 2000]. The lack of success of linkage analysis for
mapping complex traits, including quantitative trait loci,
with small effects coupled with great progress in the devel-
opment of dense single nucleotide polymorphism (SNP)
maps of the human genome [Gray et al., 2000; Horikawa



Linkage Disequilibrium Mapping of QTL Hum Hered 2002;53:158–172 159

et al., 2000; The International SNP Map Working Group,
2001; Wang et al., 1998] has led to a novel approach of
linkage disequilibrium (LD) mapping [Kaplan and Mor-
ris, 2001]. Genome-wide direct association studies [Risch
and Merikangas, 1996] and indirect association studies
[Collins et al., 1997] have been proposed.

In contrast to linkage analysis, which requires pedi-
grees, association studies or LD mapping of genetic traits
use both pedigree and population data. Population-based
case-control designs compare allele frequencies in cases
with those in controls, and are relatively straightforward
to implement. One way of adapting population-based
case-control studies for quantitative traits is to use se-
lective genotyping [Slatkin, 1999]. The selected sample
corresponds to the cases, and the population sample cor-
responds to the controls. Simple ¯2 and t tests were pro-
posed to detect a rare allele of large effect at a QTL by
contrasting allele frequencies in the selected sample ver-
sus population sample or comparing the mean of individ-
uals with two different genotypes in the selected sample.
Selected genotyping has also been applied to detection of
QTL for multiple traits [Bovenhuis and Spelman, 2000]
and to mapping QTLs with epistasis in rats with hyper-
tension [Ohno et al., 2000].

Maximizing the potential of detecting LD is funda-
mental to the success of LD mapping of QTL. In this
paper, we propose two strategies for increasing the ob-
served LD signal: (1) phenotypic selection and (2) haplo-
type LD mapping. Selective genotyping is an efficient way
to increase LD. To facilitate LD mapping of QTL, we first
develop analytic tools for investigating the change in allele
and haplotype frequencies and LD under truncation se-
lection. Most of the previous work has focused on one
locus (a trait locus or a marker locus) [Narain, 1990;
Lynch and Walsh, 1998; Slatkin, 1999]. Theoretic analy-
sis for selection on multiple loci was investigated by Tu-
relli and Barton [1994], which involved sophisticated
mathematics. In this paper, we consider both one locus
and two linked or unlinked locus models with or without
epistasis. These analytic formulas will reveal the depen-
dency of allele and haplotype frequencies, and LD on the
selection intensity, the allele and haplotype frequencies
before selection, the genetic additive and dominance
effects, additive ! additive, additive ! dominance,
dominance ! additive, and dominance ! dominance
epistatic effects. These theoretical results will provide the
foundation for evaluating the power of statistical methods
for mapping QTL in the selected sample. We demonstrate
that the regression model for mapping QTL has higher
power than the most commonly used ¯2 test, which sug-

gests that the regression model is a powerful population-
based method for QTL analysis. Finally, the proposed
methods and strategies are applied to the mapping of a
QTL influencing variation in systolic blood pressure in an
isolated Chinese population.

LD under Truncation Selection

Single Locus
We consider a trait locus with two alleles Q and q and a

marker locus with two alleles M and m. let PQ and P)Q (or
Pq and P)q) be the frequency of trait allele Q (or alelle q) in
the population and the selected sample, respectively. Let
PM and P)M (or Pm and P)M) be the frequency of alelle M (or
allele M) in the population and selected sample, respec-
tively. Let D) and D be the measure of LD between the
marker and disease loci in the selected sample and popu-
lation, respectively. Suppose that a phenotypic value y in
a population is normally distributed, and is influenced by
the trait locus Q and environmental factors. We assume
that the phenotypic means of genotypes QQ, Qq, and qq
are Ì + a, Ì + d, and Ì – a, respectively. The environmen-
tal effect is normally distributed N(0, Ûe

2). Truncation
selection is defined as including individuals in the sample
if their phenotypic values exceed a truncation point T.
Truncation selection produces a selected sample with dif-
ferent gene frequencies at the trait locus from the overall
population. Let I be a measure of the intensity of selection
and ·Q be the average effect of the gene substitution.

It can be shown that the difference in the frequency of
the trait allele Q, in the population and the selected sam-
ple is given by

P)Q – PQ = PQPq·QI/ÛP,

where Û2
P is the total variance of the phenotypic value y

[Bulner, 1980; Falconer and Mackay, 1996; Hartl and
Clark, 1989, p. 456; Turelli and Barton, 1994]. We show
that the difference in the marker allele frequency is given
by (Appendix A)

P)M – PM = 
D·QI

ÛP
. (1)

The above equation demonstrates that the change in the
marker allele frequency due to truncation selection de-
pends on the intensity of selection, the strength of LD
between the marker and trait loci, the average effect of the
gene substitution, and the standard deviation of the phe-
notypic values. In the absence of LD, selection will not
cause a change in the marker allele frequencies. Let P)MQ

and PMQ be the frequency of haplotype MQ, in the select-



160 Hum Hered 2002;53:158–172 Xiong/Fan/Jin

ed sample and population, respectively. Similarly, we can
show that (Appendix A)

P)MQ – PMQ = 
PMQPq·QI

ÛP
. (2)

Let the heritability be denoted by h2. Using equations (1)
and (2), we can obtain

D) = D �1 + 
(Pq –PQ)·QI

ÛP
– 

h2

2
I2� . (3)

It is interesting to note that when Pq ! PQ, the level of the
linkage disequilibrium may be reduced in the selected
sample.

Two Trait Loci
Consider two trait loci with alleles A and a at the first

locus, and alleles B and b at the second locus. Let DAB be
the measure of the LD between these two loci in the popu-
lation. The additive ! additive, additive ! dominance,
dominance ! additive, and dominance ! dominance
effects are denoted by eAA, eAD, eDA, and eDD, respectively.
Let Pa, PA, Pb, and PB be the frequencies of the alleles a, A,
b and B, respectively. Denote the average effects of the
gene subsitution at the first and second locus by ·A and ·B,
respectively. Let P)AB, P)Ab, P)aB and P)ab, and PAB, PAb, PaB and
Pab be the frequencies of the haplotypes AB, Ab, aB and ab
in the selected sample and population sample, respective-
ly. We obtain the following equations in Appendix B:

P)AB – PAB = 
PABI
ÛP

[Pa·A + Pb·B + eAB],

P)Ab – PAb = 
PAbI
ÛP

[Pa·A – PB·B + eAb],

P)aB – PaB = 
PaBI
ÛP

[–PA·A + Pb·B + eaB],

P)ab – Pab = 
PabI
ÛP

[–PA·A – PB·B + eab], (4)

where the formulas for eAB, eAb, eaB and eab are given in
Appendix B. The above equations show that the change in
haplotype frequencies depends upon the average effects of
the gene substitution at the individual trait locus and epi-
static effects between the trait loci. From equation (4), we
can obtain the change in allele frequency for trait A in
selected and population samples:

P)A – PA = 
I

ÛP
{PAPa·A + DAB·B + PA Pa (PB – Pb)eAA

+ 2(PAPaPBPb – D2
AB)eAD

+ (PA – Pa)[Pa PA (Pb – PB) + DAB (PA – Pa)]eDA

+ (Pa – PA)[2Pa PA Pb PB + (PB – Pb)(PA– Pa)DAB + 2D2
AB]eDD} .

Statistical Models

Frequency-Based Test Statistics
In the preceding section we demonstrated that trunca-

tion selection, or selective genotyping, will cause a change
in the trait allele frequencies or marker allele frequencies
in the presence of LD between the marker and trait loci.
Intuitively, the differences in allele frequencies in the
selected sample and population can be used for testing the
existence of QTL. For single locus analyses, Slatkin [1999]
assumed that the frequency of the trait allele is small and
used a ¯2 test based on the differences in the numbers of
individuals with a heterozygous genotype in the selected
sample and population for QTL mapping. In this section,
we consider a ̄ 2 test based on the differences in allele fre-
quency between the selected sample and population sam-
ple, and extend this ̄ 2 test to multiple loci.

For simplicity of presentation, we begin with a single
locus. Suppose that the selected sample corresponds to the
case, and the population sample corresponds to the con-
trol. Clearly, this fits the design of case-control studies.
We may consider a marker locus M which is linked to trait
locus Q. Let nsM and nsm be the numbers of marker alleles
M and m in the selected sample, respectively, and npM and
npm be the numbers of alleles M and m in the population
sample, respectively. Denote nM = nsM + npM, nm = nsm +
npm, and ns = nsM + nsm, np = npM + npm. Let n = nM + nm be
the total number of alleles in the total samples (selected
sample and population sample), and EsM = nsnM/n, Esm =
nsnm/n, EpM = npnM/n, and Epm = npnm/n. We assume that
sample sizes are large enough to allow asymptotic theory
to apply. The statistic

TM = 
(nsM – EsM)2

EsM
+ 

(nsm – Esm)2

Esm
+ 

(npM – EpM)2

EpM
+ 

(npm – Epm)2

Epm

is asymptotically distributed as a ¯2
(1) distribution under

the null hypothesis of no LD between the marker and trait
loci. If the marker locus is the trait locus itself, the above
test statistic, in which the number of marker alleles is
replaced by the corresponding number of trait alleles, can
be used for testing the null hypothesis of the absence of
QTLs in the region being tested and is denoted by TQ.

The rationale for extending a single locus ¯2 test to
multiple loci is twofold. First, a quantitative trait is con-
trolled by multiple loci, which may be linked or unlinked
and interact. Therefore, simultaneously considering mul-
tiple loci may increase power. Second, when the number
of SNP markers rapidly increases, there may exist a num-
ber of SNP markers within a gene influencing the pheno-
type of interest. The joint use of several SNP markers is
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efficient for QTL analysis. Therefore, it is clear that we
need to simultaneously consider multiple loci. A straight-
forward extension of the classic ̄ 2 test of equality of allele
frequencies for a single locus is to consider the difference
in haplotype frequencies in the selected sample and popu-
lation sample for multiple loci.

Suppose that there are t haplotypes among k loci. The
number of haplotypes in the selected sample and popula-
tion sample can be arranged into a 2 ! t contingency table
where 2 is the number of rows (selected sample and popu-
lation sample) and t is the number of columns (haplo-
types). The expected count Ei for each cell in the table is
calculated as the row total multiplied by the column total
divided by the table total. Then the test statistic is given
by

TH = 
2t

™
i = 1

(Oi – Ei)2/Ei,

where Oi is the observed number of the haplotypes in the
cell. Equation (4) shows that for two loci the null hypothe-
sis of no difference in haplotype frequencies between the
selected sample and the population sample is equivalent
to the null hypothesis of the absence of any QTLs (or func-
tional sites in the region of interests). Standard statistical
theory shows that under the null hypothesis TH follows a
¯2 distribution with t – 1 degrees of freedom.

Selection of markers in an analysis is an important
issue in the application of TH statistics. On one hand,
using more markers will provide more information. On
the other hand, it will also increase the degrees of freedom
of the test statistic. In practice, the balance between the
gain in more information and increase of the degrees of
freedom will determine the appropriate number of mark-
ers to be considered.

Regression Methods
Frequency-based tests ignore phenotypic value infor-

mation of individuals. To employ phenotypic value infor-
mation of individuals we present regression methods.
Regression methods have been widely applied to mapping
QTLs in plants and animals. In human genetics, the popu-
lar methods for mapping QTLs are to use family structure
and pedigree data to perform linkage analysis or associa-
tion studies. In the presence of linkage between the mark-
er and trait loci, population-based LD methods are useful
for fine mapping. In the following, we present regression
methods that can be applied to a selected sample or a non-
selected population sample for QTL analysis in humans.

Here, we consider multiple loci with epistasis. Assume
k loci, M1, M2, ... and Mk, in which there are two alleles Mj

and mj, each with frequencies PMj and Pmj, respectively.
Let yi be the trait value of the i-th individual in the select-
ed sample (i = 1, ..., n). Let Gij be the genotype of the i-th
individual at the j-th marker locus Mj. Let xij and zij be the
indicator variables at the j-th locus, depending on the
genotype of the i-th individual as follows

xij = � 1
0

–1

if Gij = MjMj

if Gij = Mjmj

if Gij = mjmj

and

zij = � 0
1
0

if Gij = MjMj

if Gij = Mjmj

if Gij = mjmj

If only digenic epistasis is considered, the relation be-
tween the trait value of individual i, and the genetic
parameters can be expressed by the following equation

yi = Ì + wiÁ + 
k

™
j = 1

xij·j + 
k

™
j = 1

zij‰j + 
k

™
j = 1

k

™
l = j + 1

(xijxil)ejl
AA

+ 
k

™
j = 1

k

™
l = j + 1

(xijzil)ejl
AD + 

k

™
j = 1

k

™
l = j + 1

(zijxil)ejl
DA

+ 
k

™
j = 1

k

™
l = j + 1

(zijzil)ejl
DD + ei,

where Ì is the overall mean, wi is a p-dimensional vector
of covariate observations such as age, sex, or other obser-
vations, Á is a p-dimensional vector of regression coeffi-
cients associated with wi, ·j is the additive genotypic value
at the j-th locus, ‰j is the dominance genotype value at the
j-th locus, ejl

AA, ejl
AD, ejl

DA and ejl
DD are additive ! additive,

additive ! dominance, dominance ! additive, domi-
nance ! dominance epistatic values between the j-th
locus and the l-th locus, and ei is an error term with E[ei] =
0 and Var(ei) = Ûe

2. To test the existence of the j-th QTL,
one simply fits the model with and without the terms cor-
responding to the j-th QTL in the model. The improve-
ment in the residual sum of squares (the extra sum of
squares) is compared to the residual sum of squares for
the full model via the F-ratio.

Power Calculation and Comparison

To evaluate the performance of the proposed test sta-
tistics for mapping QTL using selected samples we calcu-
late the power of these statistics to detect QTL. For the
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convenience of presentation, throughout this section we
assume that the sample size is large enough that asymptot-
ic theory can be applied. To apply large sample theory, we
assume that the ratio of population sample size over
selected sample size is a constant, denoted as r = np/ns.
Recall that n = ns + np. Consider a marker locus. It can be
shown from standard statistical theory that TM is asymp-
totically distributed as a noncentral ̄ 2

(1) distribution under
the alternative hypothesis that LD exists between the
marker and trait loci. Some calculations show that its non-
centrality parameter is given by

ÏM = 
nr

1 + r
�(P)M – PM)2

P)M + rPM
+ 

(P)m – Pm)2

P)m – rPm
�

= 
nr

1 + r
D2h2I2

2PQPq � 1

(1 + r) PM + 
D·QI

ÛP

+ 
1

(1 + r) Pm – 
D·QI

ÛP

� ,

where h2 is the heritability. This demonstrates that at the
marker locus the noncentrality parameter ÏM depends on
the square of the measure of the LD, D2. In the absence of
LD, or the presence of weak LD between the marker and
trait loci, selective genotyping design has little power to
detect QTL at the marker locus. If the marker locus is the
trait locus itself, then D = PQPq and ÏM is reduced to

ÏQ = 
nr

1 + r
h2I2

2 � Pq

1 + r + 
Pq·QI

ÛP

+ 
PQ

1 + r – 
PQ·QI

ÛP

� .

Next we discuss the test statistic TH. For the simplicity
of presentation, we consider two trait loci. The extension
to multiple loci is straightforward, but the notation is
more complicated. We assume that each trait locus has
two alleles. The first locus has alleles A and a and the sec-
ond locus has alleles B and b. The total sample size, n, and
the ratio of the sample sizes, r, are defined as before. Fol-
lowing the arguments similar to that for the single locus,
we can show that the statistic TH follows a noncentral ¯2

(3)
distribution under the alternative hypothesis of the pres-
ence of QTLs and that the noncentrality parameter TH is
given by

ÏH = 
nr

1 + r
�(P)AB – PAB)2

P)AB – rPAB
+ 

(P)Ab – PAb)2

P)Ab + rPAb
+ 

(P)aB – PaB)2

P)aB + rPaB
+ 

(P)ab – Pab)2

P)ab + rPab
�

= 
nrI2

(1 + r) Û2
P
� PAB (Pa·A + Pb·B + eAB)2

1 + r + I (Pa·A + Pb·B + eAB)/ÛP

+ 
PAb (Pa·A + PB·B + eAb)2

1 + r + I (Pa·A + PB·B + eAb)/ÛP

+ 
PaB (Pa·A + Pb·B + eaB)2

1 + r + I (Pa·A + Pb·B + eaB)/ÛP

+ 
Pab (–PA·A + Pb·B + eab)2

1 + r + I (–PA·A + Pb·B + eab)/ÛP
� .

The above equation demonstrates that the noncentrali-
ty parameter (and hence power to detect QTL) depends
on the intensity of selection, the additive and dominance
effects, and epistasis effects as well.

Now we discuss the asymptotic distribution of the test
statistic in regression methods under the alternative hy-
pothesis. We first consider a single trait locus and a mark-
er locus. For the convenience of presentation, throughout
this section, we assume no covariates in the model. The
null hypothesis H0: · = ‰ = 0 can be expressed in matrix
form Hß = 0, where H = ( 0 1 0

0 0 1 ) and ß = (Ì, ·, ‰)r. Let S2
F

and S2
R be the residual variances estimated from the full

model and the reduced model (· = 0 and ‰ = 0), respec-
tively. The test statistic is given by TR = n – p – 3

2 (S2
R – S2

F)/
S2

F. Standard linear model theory shows that [Graybill,
1976] TR follows a noncentral F2, n– 3 distribution. At the
trait locus, ÏR = ÏRQ and Ï)R = Ï)RQ are given by (Appendix
C)

ÏRQ " 
n
Ûe

2
[2PQPq · 2

Q + (2dPQPq)2],

ÏRQ " 
n
Ûe

2
[2P)QP)q· 2

Q + (2dP)QP)q)2] .

At the marker locus, ÏR = ÏRM and ÏR = Ï)RM are given by
(Appendix C)

ÏRM " 
n
Ûe

2 �2PQPq · 2
Q

D2

PQPqPM Pm
+ (2dPQPq)2 D4

P2
QP2

qP2
MP2

m
�

Ï )RM " 
n
Ûe

2
[2P)QP)q ·)2

Q
D)2

P)QP)qP)MP)m
+ (2dP)QP)q)2 D)4

P)Q2 P)q2P)M2 P)m2� , (5)

where ·)Q = a + (P)q – P)Q)d. Next we consider two trait loci
with or without epistasis. The formula for calculating the
noncentrality parameter is complicated and summarized
in Appendix D.

To evaluate the performance of the test statistics, we
compare their power in the population and selected sam-
ples. Figures 1 and 2 show the power of the test statistic
TQ (comparing difference in allele frequencies between
the selected sample and population sample) and TR

(based on regression) for recessive and dominant traits,
respectively as a function of allele frequency. Figures 1
and 2 demonstrate that, in general, TR has higher power
compared to that of TQ. For recessive disease, in most
cases TR in the selected sample has less power than that of
TR in the population. For dominant diseases, TR in the
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Fig. 1. Power of the ̄ 2 test TQ and regression
based test TR as a function of frequency of a
trait allele in the population sample and
selected sample, assuming a = 0.5, d = –0.5,
h2 = 0.05, I2 = 1.74, r = 0.5 and n = 100.

Fig. 2. Power of the ̄ 2 test TQ and regression
based test TR with a significance level · =
0.05 as a function of frequency of a trait
allele in the population sample and selected
sample, assuming a = 0.5, d = 0.5. Other
parameters are assumed the same as that of
figure 1.

selected sample has higher power than that of TR in the
population. These results tell us that the power of TR in
the selected sample may not always be higher than that in
the population samples. Further investigation shows that
the power of TR in both selected and population samples

depends on d, the dominance quantity. Thus, d deter-
mines whether power of the TR in the selected samples is
higher than that in population (data not shown).

When the markers are far away from the trait locus, the
impact of the selection intensity on the power of the
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Fig. 3. Power of the ¯2 test TM and regres-
sion based test TR with a significance level
· = 0.05 as a function of genetic distance
between the marker and trait loci in the pop-
ulation sample and selected sample, assum-
ing a = 0.5, d = –0.5, h2 = 0.5, I2 = 1.74, r =
0.5, D0 = 0.25, PM = 0.1, t = 20 and n = 100.

Fig. 4. Power of the ¯2 test TM and regres-
sion based test TR with a significance level
· = 0.05 as a function of genetic distance
between the marker and trait loci in the pop-
ulation sample and selected sample, the pa-
rameters are assumed the same as that of fig-
ure 3 except that PM = 0.5.

regression based test TR is dramatically reduced. For the
convenience of presentation, the average level of the LD
between the marker and trait loci, D(t) is expressed as
D(t) = D0e– t, where D0 is the level of the initial LD when
the trait mutation is introduced into the population,   is

the recombination fraction between the marker and trait
loci, and t is the time in elapsed generations since the
introduction of the trait mutation into the population
[Ewens, 1979]. Figures 3 and 4 show the power of the ¯2

test TM and regression based test TR as a function of the
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Fig. 5. Power of the ̄ 2 test TH and regression
based test for two unlinked trait loci with a
significance level · = 0.05 as a function of
frequency of trait allele in the population
sample and selected sample, assuming aA =
aB = 0.5, dA = dB = –0.5, eAA = eAD = eDA = eDD

= 0, h2 = 0.05, r = 0.5, DAB = 0 and n = 100.
The frequencies of the trait alleles at two loci
are assumed to be equal.

Fig. 6. Power of the ̄ 2 test TH and regression
based test for two unlinked loci with a signif-
icance level · = 0.05 as a function of frequen-
cies of trait alleles in the population sample
and selected sample, assuming equal allele
frequencies at two trait loci, aA = 0.5, aB =
0.5, dA = dB = –0.5, eAA = –0.53, eAD = 0.64,
eDA = –0.53, eDD = 1.18, h2 = 0.05, r = 0.5,
DAB = 0 and n = 100.

genetic distance between the marker and trait loci. The
genetic distance is transformed to recombination fraction
via Haldane’s mapping function.

Two features emerge from figures 3 and 4. First, the
power of the regression-based test TR in the selected sam-

ple is highest among the three tests. Second, whether the
power of TM is higher than that of TR in the population
samples depends on the frequency of the marker allele.
When the marker allele frequency is equal to PM = 0.5, the
power of TM is always higher than that of TR in the popu-
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Fig. 7. Power of the ̄ 2 test TH and regression
based test for two loci with a significance lev-
el · = 0.05 as a function of trait allele fre-
quency in the population sample and select-
ed sample. The parameters are assumed to
be the same as that in figure 5 except that the
measure of LD DAB is equal to 0.3 and aA =
aB = 1.5.

Fig. 8. Power of the ̄ 2 test TH and regression
based test for two loci with a significance lev-
el · = 0.05 as a function of trait allele fre-
quency in the population sample and select-
ed sample. The parameters are assumed to
be the same as that in figure 6 except that
DAB = 0.3 and aA = aB = 1.5.

lation samples. However, when the marker allele frequen-
cy is equal to PM = 0.1, then the power of TM is higher than
that of TR in the population samples for high trait allele
frequencies, but lower than that of TR in the population
for low trait allele frequencies.

Now we discuss two trait loci. First, we consider two
trait loci without LD. Figure 5 shows the power of the TH

test and the regression based tests for two loci as a func-
tion of allele frequency, assuming equal allele frequencies
at two loci. It demonstrates that the power of the regres-
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Table 1. Results of association study and regression analysis performed for three SNPs: GH1-4886, GH1-5107 and
GH1-5158 in GH1 in an isolated Chinese population

a Association studies

GH1-5158

¯2 p value

GH1-4886

¯2 p value

GH1-5107

¯2 p value

Case 1160 (46, 21.9%) 0.0807 0.7764 0.3609 0.5480 0.8012 0.3737
Control !120 (41, 19.5%)

b Regression analysis

F p value F p value F p value

Population sample (211) 2.5940 0.0772 3.5310 0.034 4.2425 0.0157
Selected population 1120 (145, 69%) 10.0878 0.0001 8.2076 0.0004 6.6392 0.0018

F = F statistic.

sion based test with and without selection is higher than
that of the TH test. The power of TR in selected samples is
higher than that in the population samples for low trait
allele frequencies, but somewhat lower than that in the
population samples for high trait allele frequencies. Fig-
ure 6 shows the power of these three tests in the presence
of epistasis. In general, the pattern of figure 6 is similar to
that of figure 5. However, when the trait allele frequencies
are higher than 0.7, the power of TR in both selected sam-
ples and population samples are a little lower than that of
TH.

Finally, we investigate two linked loci. Figures 7 and 8
show the power of the ¯2 test TH and the regression based
tests for two linked trait loci with DAB = 0.3 (DAB is a mea-
sure of the LD between two linked trait loci). It is clear
that in the presence of LD the power of the TR in both
selected samples and population samples is higher than
that of TH test.

Examples
To illustrate the performance of the proposed methods for identi-

fication of QTL, we present applications to detect genes influencing
variation in systolic blood pressure (SBP) in an isolated Chinese pop-
ulation, Xiangchang. Two groups, 210 and 244 unrelated individuals
who were over 50 years old, were randomly sampled from Xiang-
chang, Yuexi County, Anhui province in China.

Each subject was visited at his/her home and systolic blood pres-
sure was measured twice at least 20 min apart using a random zero
sphygmomanometer. The average of the two readings was used for
the analyses reported here. Individuals who were presently taking or
had taken antihypertensive medications were not included in the
study. Growth hormone 1 (GH1), which provides the signal to
express insulin-like growth factor 1 (IGF1), was investigated as a can-

didate gene influencing systolic blood pressure. Previously, it was
reported that IGF1 could stimulate cell proliferation in vascular
smooth muscle [Andronico et al., 1996]. Three SNPs, GH1 5158,
GH1 4886 and GH1 5107 in the promoter region of GH1 were geno-
typed for both 210 and 297 samples [Jiang et al., 2001]. To perform
an association study, individuals with systolic blood pressure greater
than a prespecified value were taken as a group of cases and individu-
als with systolic blood pressure less than a prespecified value were
taken as a group of controls. Individuals with systolic blood pressure
1120 mm Hg were taken as selected samples. The regression was
performed on both population samples (210 samples from Xiang-
chang) and the selected samples, and the results are summarized in
table 1. It can be seen from table 1 that although association studies
showed no evidence of association of GH1 with blood pressure,
regression analysis suggested some relationship between these three
SNP markers in GH1 and blood pressure variation. Specifically,
table 1 demonstrates that the regression analysis in the selected sam-
ple has higher power to identify trait loci than association studies and
regression analysis in the population sample. Recent studies have
suggested that IGF1 plays a role in the cardiovascular complication
of hypertension [Andronico et al., 1996].

Furthermore, we studied the ß2-adrenergic receptor (ADRB2)
gene and endothelin-1 (EDN1) genes, which have been reported to be
associated with blood pressure variation [Rosmond et al., 2000;
Morita et al., 1999]. Table 2 shows the results of regression analysis
testing the hypothesis of interaction between ADRB2 and EDN1 in
affecting systolic blood pressure variation in the sample of 244 unre-
lated individuals. Regression analysis has shown no evidence that
both genes ADRB2 and EDN1 influence systolic blood pressure vari-
ation in the population sample. However, regression analysis did
show significant evidence that ADRB2 plays a role in explaining sys-
tolic blood pressure variation in the selected sample. In the popula-
tion sample, the regression analysis did not detect interaction
between gene ADRB2 and gene EDN1, but in the selected sample, it
did reveal an interactive effect between ADRB2 and EDN1 in
influencing systolic blood pressure variation.
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Table 2. Results of regression analysis for
detection of interaction between the genes
ADRB2 and EDN1 in an isolated Chinese
population

ADRB2-565

F p value

EDN1-2657

F p value

Population sample (244) 0.3557 0.7011 0.3539 0.7023
Selected population 1140 (153, 62.7%) 7.9542 0.0007 0.7066 0.4061
Selected population 1150 (181, 74%) 14.9634 6.5629 !10–11 2.1516 0.1252

ADRB2-565, EDN1-2657

F p value

Population sample (244) 0.3213 0.5713
Selected sample 1140 (153, 62.7%) 7.4223 0.0078
Selected sample 1150 (181, 74%) 8.1549 0.0060

F = F statistic.

Discussion

Having the complete sequence of the human genome
will have a great impact on genetic studies of complex
traits and will lead to new approaches in mapping and
identifying complex trait loci. Furthermore, identifying
and cataloging sequence variation in populations will pro-
vide valuable tools for investigating the effect of function-
al variants on phenotypes. Positional cloning of a gene
showing association with type 2 diabetes is an encourag-
ing example of successful applications of SNPs and LD
mapping [Horikawa et al., 2000; Altshuler et al., 2000].
Population-based case-control association studies or LD
mapping may emerge as a powerful and efficient ap-
proach for gene mapping [Risch, 2000; Chakravarti,
2001] although some pessimism has been voiced [Weiss
and Terwilliger, 2000]. In contrast to family-based meth-
ods for mapping QTL, which have been the major tools
for QTL analysis, in this paper we investigated popula-
tion-based methods for mapping QTL.

Kaplan and Morris [2201] discussed several issues con-
cerning population-based association studies of qualita-
tive traits by studying the joint behavior of the noncen-
trality parameters of the test statistic as a function of the
frequency of the disease allele. Correspondingly, in this
paper, we addressed several issues concerning association
studies of quantitative trait under selection by investigat-
ing the impact of selection on allele and haplotype fre-
quencies by analyzing the joint behavior of noncentrality
parameters of the test statistics as a function of the fre-
quency of the trait allele and genetic distance between the
marker and trait locus.

Selective genotyping plays a central role in our analy-
sis. It serves either to generate case samples or to increase
the available LD information. To provide the conceptual
framework for LD mapping of QTL under selection, we
developed analytic tools for assessing the impact of phe-
notypic selection on LD, allele and haplotype frequencies
under three trait models: single trait locus, two unlinked
trait loci, and two linked trait loci with or without epista-
sis. These tools are useful not only for LD mapping of
QTL, but also for evolution and population genetic stud-
ies.

One of the many benefits of the human genome
sequence will be the identification of multiple polymor-
phic sites within a gene, which occur naturally in the
human population. We face a new challenge of simulta-
neously using linked polymorphic sites. Therefore, in this
paper, we considered models for investigating the joint
impact of phenotypic selection on allele and haplotype
frequencies at linked loci.

To design efficient population-based studies for QTL
mapping, we need to evaluate the power of the proposed
methods for detecting QTLs and investigating the impact
of various factors such as selection intensity, allele and
haplotype frequencies before selection (or in the popula-
tion sample), and the ages of trait mutations on the power
to detect QTL. Most existing methods for evaluating the
power to detect QTL using selective genotyping are based
on simulation. Some analytic methods for evaluating the
power of the test statistics for mapping QTL consider sim-
ple genetic models [Van Gestel et al., 2000]. In this paper,
we developed analytic formulas for calculating the power
of population-based association studies for QTL mapping
under selection.
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The choice of statistical methods for population-based
LD mapping of QTL is an important problem in QTL
analysis. The developed analytic formulas for power cal-
culation provide tools for comparing the power of differ-
ent methods. The natural and traditional methods for
population-based QTL mapping is to extend the popula-
tion-based case-control studies used for qualitative traits
to quantitative traits. As we showed in this paper, com-
paring the difference in allele frequencies between the
selected sample and population sample is not an efficient
method for mapping QTL. As an alternative approach, in
this paper we presented multiple regression models for
mapping QTL. The multiple regression models for map-
ping QTL have several advantages. First, the multiple
regression model can explicitly model covariates such as
age, sex, and epistatic effects. Second, in most cases, mul-
tiple regression models using selected samples have higher
power to detect QTL than the population-based case-con-
trol studies. Third, multiple regression models can be
directly applied to the population even with no selection.
Our preliminary results showed that selection, in most
cases, increased the power of TR at the marker locus.
However, at the trait locus, selection, in some cases, might
not always increase the power of TR. Moreover, we also
demonstrated that the impact of selection on the power to
detect QTL depends on the parameters of population
genetic models such as allele frequencies, genetic vari-
ances, and the age of the trait mutation.

To illustrate the performance of the proposed methods
for mapping QTL, we presented practical applications to
detect genes influencing variation in SBP in an isolated
Chinese population. We successfully identified GHI,
ADRB2, and EDN1 genes showing evidence of associa-
tion with SBP variations as well as interaction between
ADRB2 and EDN1.

A problem with a population-based case-control design
is its sensitivity to population substructure. Population
substructure can create a spurious association between
markers and disease [Spielman et al., 1993]. To overcome
this problem, statistical methods such as genomic control
and structured association have recently been proposed to
use genomic information in the samples to adjust for pop-
ulation stratification [Devlin et al., 2001]. The impact of
selection on these methods will be investigated in the
future. The extension of the results to more than two loci
is straightforward, but complicated in notation. Further
investigation for selection of functional variants which
make major contributions to the trait variation is impor-
tant for QTL analysis and will be pursued in the future.
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Appendix A

Let PMQ, PMq, PmQ, Pmq and P)MQ, P)Mq, P)mQ, P)mq be the frequencies
of the haplotypes MQ, Mq, mQ, and mq before and after selection.
The frequencies of the marker genotypes MM and Mm before and
after selection are denoted by PMM, PMm, P)MM and P)Mm, respectively.
It is well known that

PMQ = PM PQ + D, PMq = PM Pq – D, PmQ = Pm PQ – D,

Pmq = Pm Pq + D. (6)

The change in genotype frequency at the marker locus is caused by
the changes in the trait allele frequencies due to truncation selection.
Let W11, W12, and W22 be the fitness of the genotypes QQ, Qq, and
qq, i.e., the proportions of individuals with genotypes QQ, Qq, and qq
being selected, respectively. Thus, we have (assuming Hardy-Wein-
berg equilibrium)

P)MM = 
P2

MQW11 + PMQPMqW12 + P2
MqW22

WP

P)Mm = 
2PMQPmQW11 +2(PMQ Pmq + PMq PmQ)W12 +2PMqPmqW22

WP
,

where WP = P2
QW11 +2PQ PqW12 + P2

qW22 is the average fitness. Using
relations in (6), we obtain

P)M = P)MM + P)Mm/2 = PM + 
D (P)Q – PQ)

PQPq
.

Since P)Q – PQ = PQ Pq·QI/ÛP, it follows that P)M – PM = DI·Q/ÛP. From
Hartl and Clark [1989, p. 456], we have W11 – W12 " Z (a – d) and
W12 – W22 " Z (a + d). Here Z represents the height of the normal
density at the point T where one truncates the trait values. Thus

P)MQ – PMQ = 
PMQPQW11 + PMQ PqW12

WP
– PMQ

= 
PMQPq

WP
[PQ (W11 – W12) + Pq (W12 – W22)]

= 
PMQPq·QZ

WP
= 

PMQPq·QI
ÛP

.

In the last equation in the above calculations, we use the facts that the
average fitness WP can be interpreted as the proportion of the popula-
tion selected, i.e., WP = B, and Z/B = I/ÛP [Falconer and Mackay,
1996; Hartl and Clark, 1989].
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Appendix B

Consider two trait loci A and B. Let PAB, PAb, PaB, and Pab be the
frequencies of the haplotypes AB, Ab, aB and ab, respectively. Let WP
be the average fitness at two trait loci which is defined by

WP = P2
ABWAABB + 2PABPAbWAABb + P2

AbWAAbb + 2PABPaBWAaBB

+ 2PABPabWAaBb + 2PAb PaBWAaBb + 2PAbPabWAabb + P2
aBWaaBB

+ 2PaB PabWaaBb + P2
abWaabb ,

where WAABB is the fitness of individuals with the genotype AABB
and fitness for the individuals with the other genotypes is similarly
defined. Thus,

P)AB – PAB = 
PAB

WP
{PAB [PAb (WAABB – WAABb)

+ PaB (WAABB – WAaBB) + Pab (WAABB – WAaBb)]

+ PAb [PAb (WAABb – WAAbb) + PaB (WAABb – WAaBb)

+ Pab (WAABb – WAabb)] + PaB [PAb (WAaBB – WAaBb)

+ PaB (WAaBB – WaaBB) + Pab (WAaBB – WaaBb)]

+  Pab [PAb (WAaBb – WAabb) + PaB (WAaBb – WaaBb)

+ Pab (WAaBb – Waabb)]} . (7)

Let GAABB be the genotypic value of the individual with genotypes AA
and BB at the loci A and B, respectively. Other genotypic values can
similarly be defined. The two-locus genotypic values can be ex-
pressed as a function of their additive, dominance, and epistatic
genotypic values [Cheverud and Routman, 1996]:

GAABB = Ì + aA + aB + eAA,

GAABb = Ì + aA + dB + eAD,

GAAbb = Ì + aA – aB – eAA,

GAaBB = Ì + dA + aB + eDA,

GAaBb = Ì + dA + dB + eDD,

GAabb = Ì + dA – aB – eDA,

GaaBB = Ì – aA + aB – eAA,

GaaBb = Ì – aA + dB – eAD,

Gaabb = Ì – aA – aB + eAA, (8)

where Ì is overall mean, aA and aB are additive effects at the loci A
and B, respectively; dA and dB are dominant effects at the loci A and
B, respectively; eAA, eAD, eDA and eDD are additive ! additive, addi-
tive ! dominance, dominance ! additive and dominance ! domi-
nance epistatic genotypic values, respectively. Following the same
argument as that in Hartl and Clark [1989, pp 454–456], we obtain

WAABB – WAABb = 
Z
ÛP

(aB – dB + eAA – eAD),

WAABB – WAaBB = 
Z
ÛP

(aA – dA + eAA – eDA),

WAABB – WAaBb = 
Z
ÛP

(aA + aB – dA – dB + eAA – eDD),

WAABb – WAAbb = 
Z
ÛP

(aB + dB + eAA + eAD),

WAABb – WAaBb = 
Z
ÛP

(aA – dA + eAD – eDD),

WAABb – WAabb = 
Z
ÛP

(aA + aB – dA + dB + eAD + eDA),

WAaBB – WAaBb = 
Z
ÛP

(aB – dB + eDA – eDD),

WAaBB – WaaBB = 
Z
ÛP

(aA + dA + eDA + eAA),

WAaBB – WaaBb = 
Z
ÛP

(aA + aB + dA – dB + eAD + eDA),

WAaBb – WAabb = 
Z
ÛP

(aB + dB + eDA + eDD),

WAaBb – WaaBb = 
Z
ÛP

(aA + dA + eAD + eDD),

WAaBb – Waabb = 
Z
ÛP

(aA + aB + dA + dB – eAA + eDD). (9)

Substituting the fitness in equations (9) into equation (7) yields

P)AB – PAB = 
ZPAB

WPÛP
{PAB [PaaA + PbaB – PadA – PadB + (Pb + PaB)eAA

– PAbeAD – PaBeDA – PabeDD] + PAb [PaaA + PbaB – PadA – PbdB

+ PAbeAA + (PAb + Pa)eAD + PabeDA – PaBeDD] + PaB [PaaA + PbaB

+ PadA – PbdB + PaBeAA + PabeAD + (PAb + Pa)eAD – PAbeDD]

+ Pab [PaaA + PbaB + PadA + PbdB – PabeAA + PaBeAD + PAbeDA

+ (PAb + Pa)eDD]}

= 
PABI
ÛP

{Pa·A + Pb·B + [(PA – Pa)Pb + Pa PB – DAB]eAA

+ [Pb PA (Pb – PB) + 2Pa Pb PB + (PB – 3Pb)DAB]eAD

+ [Pa PB (Pa – PA) + 2Pb Pa PA + (PA – 3Pa)DAB]eDA

+ [Pa Pb (1 – 4PAPB) + [1 + 2(Pa – PA) (PB – Pb)]DAB – 4D2
AB]eDD}

= 
PABI
ÛP

[Pa·A + Pb·B + eAB] .

Similarly, we can derive other equations in (4).

Appendix C

Let ß = (Ì, ·, ‰)Ù, Ri = (1, xi, zi)Ù, R = (R1, R2, ..., Rn)Ù, and H =
( 0 1 0

0 0 1 ). The estimator of ß is given by ß̂ = (RÙR)–1 RÙY, where Y = (y1,
..., yn)Ù. Assume that there are no covariates in the regression model.
Taking expectation on both sides of R1y1 = R1(RÙ

1y1 + e1), we have
E(R1y1) = E(R1RÙ

1)ß. Therefore, we have ß = (ER1RÙ
1)–1E(R1y1).

Notice that

E[RÙ
1R1] = � 1

PM – Pm

2PMPm

PM – Pm

P2
M + P2

m
0

2PMPm

0
2PMPm

�
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and its inverse

(E[RÙ
1R1])–1 =

1
4P2

M P
2
m
� P2

M + P2
m

–(PM – Pm)
–P2

M – P2
m

–(PM – Pm)
1 – 2PMPm

PM – Pm

–P2
M – P2

m
PM – Pm

1
� .

Moreover, it can be shown that

Ey1 = a (PQ – Pq) + 2dPQPq

E(x1y1) = a [P2
MQ – P2

mq] +2d [PMQPMq – PmQPmq] – a [P2
Mq – P2

mq]

= 2D·Q + (PQ – Pq) (PM – Pm)a + 2d (PM – Pm)PQPq

E(z1y1) = 2aPMQPmQ + 2d [PMQ Pmq + PMqPmQ] – 2aPMqPmq

= –2D (PM – Pm)·Q + 2PM Pm [a (PQ – Pq) + 2dPQPq] + 4dD2.

Some calculations show that

· " 
D·Q

PM Pm
+ 

d (PM – Pm)D2

P2
MP2

m
and

‰ " 
D2d

P2
MP2

m

.

Standard statistical theory shows [Graybill, 1976] that under the
alternative hypothesis the test statistic TR follows a noncentral F2, n – 3
distribution with the noncentrality parameter ÏR given by

ÏR = (Hß)Ù [H (RÙR)–1HÙ]–1Hß/Û2
P . (10)

It can be shown that 1
n RÙR a.s.

h E(R1RÙ
1) asymptotically by the

strong law of large number. Notice that

H (RÙR)–1HÙ " H [n E(R1RÙ
1)]–1HÙ

= 
1

4nP2
MP2

m
� 1 – 2PMPm

PM – Pm

PM – Pm

1 �

[H (RÙR)–1HÙ]–1 " 2nPM Pm � 1
Pm – PM

Pm – PM

1 – 2PMPm
� .

Some algebra will show that ÏR = ÏRM is approximated by

ÏRM " 
n
Ûe

2 �Ûa
2 D2

PM Pm PQPq
+ Û2

d 
D4

P2
MP2

m P2
QP2

q
� .

If the marker locus M coincides with the trait locus Q, then PM = PQ,
Pm = Pq and D = PQ Pq. Hence ÏRQ " n

Ûe
2 [Ûa

2 + Û2
d]. In the selected sam-

ple, plugging the corresponding allele frequencies for the selected
sample into above equation, we may get Ï)RQ. Using equations (1), (3)
and (10), we obtain Ï)RM in equation (5).

Appendix D

Let ß = (Ì, ·1, ‰1, ·2, ‰2, eAA, eAD, eDA, eDD),

H = � 0
0
0
0
0
0
0
0

1
0
0
0
0
0
0
0

0
1
0
0
0
0
0
0

0
0
1
0
0
0
0
0

0
0
0
1
0
0
0
0

0
0
0
0
1
0
0
0

0
0
0
0
0
1
0
0

0
0
0
0
0
0
1
0

0
0
0
0
0
0
0
1

� ,

Ri = (1, xi1, zi1, xi2, zi2, xi1xi2, xi1zi2, xi2zi1, zi1zi2)Ù, and R = (R1, R2, ...,
Rn)Ù.

Asymptotically, 1
n RÙR → E(RÙ

1R1). Let W = E[R1RÙ
1]. W is a

square matrix with dimension, 9. Denote the element of the matrix
W by Wij. Some calculations yield

W11 = 1, W12 = PA – Pa, W13 = 2PA Pa, W14 = PB – Pb,

W15 = 2PBPb, W16 = PA (PAB – PAb) + Pa (Pab – PaB),

W17 = 2(PABPAb – PaB Pab), W18 = 2(PAB PaB – PAb Pab),

W19 = 2(PABPab + PAbPaB), W22 = P2
A + Pa

2, W23 = 0,

W24 = PA (PAB – PAb) + Pa (Pab – PaB), W25 = W17,

W26 = PA (PAB – PAb) + Pa (PaB – Pab), W27 = 2(PABPAb + PaBPab),

W28 = 0, W29 = 0, W33 = 2PA Pa, W34 = W18, W35 = W19, W36 = 0,

W37 = 0, W38 = W18, W39 = W19, W44 = P2
B + P2

b, W45 = 0,

W46 = PB (PAB – PaB) + Pb (PAb – Pab), W47 = 0,

W48 = 2(PABPaB + PAbPab), W49 = 0, W55 = 2PBPb, W56 = 0,

W57 = W17, W58 = 0, W59 = W19, W66 = P2
AB + P2

Ab + P2
aB + P2

ab,

W67 = 0, W68 = 0, W69 = 0, W77 = W27, W78 = W79 = 0,

W88 = 2(PABPaB + PAbPab), W89 = 0, W99 = W19.

The matrix W is a symmetric matrix. Therefore, we have Wij = Wji.
The statistics for simultaneously testing the existence of two loci in
the population (without selection) under the alternative hypothesis of
the presence of two loci with epistasis follows a noncentral F8, n – 9
distribution with noncentrality parameter

ÏAB = 
(Hß)Ù [H (RÙR)–1HÙ]–1Hß

Ûe
2

.

Asymptotically,

ÏAB " 
n (Hß)Ù [HW–1HÙ]–1Hß

Ûe
2

.

Substituting the allele and haplotype frequencies by the correspond-
ing frequencies in the selected sample yields the noncentrality
parameter of the F distribution of the test statistic in the selected
sample.
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