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ABSTRACT
Three approaches are proposed in this study for detecting or estimating linkage disequilibrium between

a polymorphic marker locus and a locus affecting quantitative genetic variation using the sample from
random mating populations. It is shown that the disequilibrium over a wide range of circumstances may
be detected with a power of 80% by using phenotypic records and marker genotypes of a few hundred
individuals. Comparison of ANOVA and regression methods in this article to the transmission disequilib-
rium test (TDT) shows that, given the genetic variance explained by the trait locus, the power of TDT
depends on the trait allele frequency, whereas the power of ANOVA and regression analyses is relatively
independent from the allelic frequency. The TDT method is more powerful when the trait allele frequency
is low, but much less powerful when it is high. The likelihood analysis provides reliable estimation of the
model parameters when the QTL variance is at least 10% of the phenotypic variance and the sample size
of a few hundred is used. Potential use of these estimates in mapping the trait locus is also discussed.

LINKAGE disequilibrium between pairs of loci may be share a common disease-causing mutation that is inher-
created by a variety of population genetic processes. ited by descent, and utility of the methods is limited to

When a new mutant occurs, it has a strong positive the circumstances where gametic or genotypic data are
disequilibrium with the carrier haplotype and negative available at the involved loci.
disequilibria with other haplotypes in the population. There has been a significant shift in human disease
Genetic drift, population subdivision or admixture, as- gene mapping in recent years, from simple Mendelian
sortative mating, and selection can also introduce dis- diseases to complex diseases (Lander and Schork
equilibria between different loci. Genetic linkage gener- 1994; Fulker et al. 1995; Risch and Zhang 1996; Alli-
ally serves as a major mechanism that maintains the son 1997; Luo 1998; Allison et al. 1999; Service et al.
disequilibrium in a population over a long period of 1999). Many complex diseases are affected by multiple
time, regardless of how the disequilibrium was intro- genes, which sometimes are called quantitative trait loci
duced into the population (Hill and Robertson 1968; (QTL). A major challenge in analyzing the genetic basis
Luo et al. 1997). The relationship between the recombi- of complex diseases is to uncover the genotypic informa-
nation rate and the rate of dissipation in the disequilib- tion at the QTL. Neimann-Sorenson and Robertson
rium supports the use of population-based linkage dis- (1961) were probably the first to attempt to formulate
equilibrium analysis for fine-scale mapping of disease quantitative genetic variation associated with molecular
genes (Chakraborty and Weiss 1988; Spileman et al. DNA markers in segregating populations. A theoretical
1993; Hill and Weir 1994; Jorde 1995; Collins and analysis by Luo et al. (1997) showed that the key compo-
Morton 1998; de la Chapelle and Wright 1998; nent of the marker-associated polygenic variance can
Laan and Paabo 1998; George et al. 1999). This popula- be parameterized in term of the linkage disequilibrium
tion-based linkage disequilibrium analysis has been used between marker gene and QTL in populations with
to map mutant genes that cause a number of human various genetic structures. Spileman et al. (1993) devel-
inherited disorders, such as myotonic dystrophy (Har- oped the transmission disequilibrium test (TDT) for
ley et al. 1991), diastrophic dysplasia (Hastbacka et al. detecting compound association between a genetic
1992), adenomatous polyposis coli (Jorde 1995), and

marker and disease susceptibility due to genetic linkage
inclusion body myopathy (Eisenberg et al. 1999). A

and linkage disequilibrium between the marker andcommon assumption made in these theoretical and ex-
disease loci. The TDT is for analyzing transmission ofperimental studies is that all affected individuals must
marker alleles from parents to affected offspring for
those markers that are heterozygotes. Allison (1997)
extended the TDT approach to analyze the association

Corresponding author: Z. W. Luo, Laboratory of Population and Quan- between a trait locus and a marker locus. A more generaltitative Genetics, Institute of Genetics, Fudan University, Shanghai
200433, People’s Republic of China. E-mail: zwluo@fudan.edu.cn model was proposed in Luo (1998) to detect linkage

Genetics 156: 457–467 (September 2000)

D
ow

nloaded from
 https://academ

ic.oup.com
/genetics/article/156/1/457/6051869 by guest on 25 M

ay 2023
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disequilibrium between a polymorphic marker locus denoted by M and m at the marker locus and by A and
a at the QTL. The three genotypes at the QTL, say, AA,and a trait locus from a natural population. The popula-

tion-based method has certain advantages over the fam- Aa, and aa, are assumed to have the genotypic values
ily-based method, as the use of recombination events

GAA 5 m 1 a 2 d/2,that accumulated during the evolutionary history of a
population may improve resolution of gene mapping, GAa 5 m 1 d/2,
and the feasibility in collecting a much larger sample

Gaa 5 m 2 a 2 d/2, (1)size can improve the statistical power to detect the link-
age disequilibrium. However, it must be pointed out where a and d are the additive and dominance effects
that there could be some uncertainty involved in the of QTL, respectively. The association between the two
population-based analysis without taking the appro- loci in a natural population is quantified by linkage
priate evolutionary process into account. Luo and disequilibrium with D, the coefficient of the disequilib-
Suhai (1999) recently proposed a likelihood approach rium, defined as D 5 fMA 2 pq, where fMA is the frequency
to estimate the coefficient of linkage disequilibrium on of the MA haplotype and p and q denote frequencies
the basis of reparameterization of the disequilibrium of alleles M and A accordingly. With the assumption of
coefficient. The method may provide accurate estima- random mating, the joint distribution of genotypes at
tion of the genetic parameters where the trait locus the marker locus and QTL can be expressed as a func-
explains at least 25% of phenotypic variation of the trait tion of D, p, and q and is shown in Table 1. For example,
and a sample size .500 is required. frequency of genotype MMAA is calculated as f 2

MA 5
In this study, a theoretical model is developed to for- (D 1 pq)2.

mulate joint distribution of marker and QTL genotypes Maximum-likelihood analysis: Consider a random
in a natural population with random mating, which is sample of size n from the population defined above and
a function of the frequencies of genes at the two loci let zj and xj be the phenotypic value and marker geno-
and the disequilibrium coefficient. This allows a closed type of the jth individual in the sample. Under the above
form of maximum-likelihood estimation of genetic pa- model, the likelihood of the observed trait data (Z) and
rameters that define the model. We study various statisti- the marker genotypic data (X), given the population
cal properties of this method and compare it with the genetic parameters V 5 (p, q, D, m, a, d, v), can be
analysis of variance and regression on markers on the written as
statistical power to detect the linkage disequilibrium.
We also compare the power of the analysis of variance L(V, Z, X) 5 p

n

j51

Pr{zj|xj, V}Pr{xj|V},
and regression with the family-based TDT analysis.

where Pr{zj|xj, V} is the conditional probability of zj given
the marker genotype xj and the parameters V, andTHEORY AND METHODS
Pr{xj|V} the probability of the marker genotype xj given

A quantitative genetic model is usually defined on the parameters. Let yij be the phenotypic value of the
the basis of the least-squares principle that specifies jth individual with the ith marker genotype (i 5 1, 2,
genetic effects as a deviation from the population mean and 3 corresponding to MM, Mm, and mm, respectively)
and other lower-order genetic effects (Weir and Cock- and assume yij follows a normal distribution with mean
erham 1977). Applying the model to association studies mk and variance v; the log-likelihood can be simplified
between a marker and a trait, Nielsen and Weir (1999) into a form given by
showed that there is a simple relationship between the
marker being examined and the trait loci. Additive ef- log[L(V, Y, X)] 5 o

3

i51
o
ni

j51

log3o
3

k51

hikeijk4 2
n
2

log(2pv),
fects of the marker alleles are functions of the additive
effects of the trait loci and the disequilibria between (2)
the marker and the trait loci, and dominance effects of
the marker genotypes are functions of the dominance where eijk 5 exp[2(yij 2 mk)2/2v], mk 5 m 1 (2 2 k)a 1

(21)kd/2 being the phenotypic mean for the individualseffects of the trait loci and the disequilibria between the
marker and trait loci. This model is a very appropriate with the kth QTL genotype (k 5 1, 2, and 3 correspond-

ing to AA, Aa, and aa, respectively), and n 5 n1 1 n2 1framework to specify the structure of the associations
between loci and to examine the genetic context of n3 with ni being the number of the ith marker genotype

in the sample. Note that hik is the joint frequency of themany marker-based statistical tests. Here, however, our
purpose is to directly estimate the genetic parameters ith marker genotype and the kth QTL genotype (Table

1). To obtain the maximum-likelihood estimates of theof QTL and the linkage disequilibrium through the
marker information. unknown parameters, we use the expectation-maximiza-

tion (EM) algorithm. It should be noted that data forConsider two autosomal loci: one affects a quantita-
tive trait and the other is a codominant marker locus estimating marker allele frequency contain no missing

information, and the estimate of p is calculated directlythat is devoid of effect on the trait. The two alleles are
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459Inferring Linkage Disequilibrium

from marker genotype frequencies as p 5 (n1 1 n2/2)/n.
The algorithm involves the iteration of the following two
steps.

E-step: Calculate the posterior probability of the jth
individual having the kth QTL genotype given its pheno-
typic value yij, the marker genotype i, and the values of
the parameters at the tth iteration V(t) 5 (p, q(t), D(t),
m(t), a(t), d(t), v(t)) as

wijk 5
hikexp[2(yij 2 m(t)

k )2/2v(t)]
R3

l51 hilexp[2(yij 2 m(t)
l )2/2v(t)]

. (3)

M-step: Substitute wijk and V(t) into the following equa-
tions. The updated estimates, D(t 1 1) and q(t 1 1), can be
obtained numerically (e.g., Press et al. 1992) by solving

o
3

i51
o
ni

j51
o
3

k51

wijk
]

]D
[log hik] 5 o

3

i51
o
3

k51

ŵik
]

]D
[log hik] 5

2ŵ11

D 1 pq

1
[2D 2 p(1 2 2q)]ŵ12

(D 1 pq) [D 2 p(1 2 q)]
1

2ŵ13

D 2 p(1 2 q)

1
[2D 2 (1 2 2p)q]ŵ21

(D 1 pq)[D 2 (1 2 p)q]

1
[4D 1 (1 2 2p)(1 2 2q)]ŵ22

2D2 1 (1 2 2p)(1 2 2q)D 1 2pq(1 2 p)(1 2 q)

1
[2D 1 (1 2 2p)(1 2 2q)]ŵ23

[D 1 (1 2 p)(1 2 q)][D 2 p(1 2 q)]

1
2ŵ31

D 2 (1 2 p)q

1
[2D 1 (1 2 p)(1 2 2q)]ŵ32

[D 1 (1 2 p)(1 2 q)][D 2 (1 2 p)q]

1
2ŵ33

D 1 (1 2 p)(1 2 q)

5 0

and

o
3

i51
o
ni

j51
o
3

k51

wijk
]

]D
[log hik] 5 o

3

i51
o
3

k51

ŵik
]

]D
[log hik] 5

2pŵ11

D 1 pq

1
p[2D 2 p(1 2 2q)]ŵ12

(D 1 pq) [D 2 p(1 2 q)]
1

2pŵ13

D 2 p(1 2 q)

2
[(1 2 2p)D 1 2p(1 2 p)q]ŵ21

(D 1 pq) [D 2 (1 2 p)q]

2
2[(1 2 2p)D 2 p(1 2 p)(1 2 2q)]ŵ22

2D2 1 (1 2 2p)(1 2 2q)D 1 2pq(1 2 p)(1 2 q)

2
[(1 2 2p)D 2 2p(1 2 p)(1 2 q)]ŵ23

[D 1 (1 2 p)(1 2 q)][D 2 p(1 2 q)]

1
2(1 2 p)ŵ31

D 2 (1 2 p)q

2
(1 2 p)[2D 1 (1 2 p)(1 2 2q)]ŵ32

[D 1 (1 2 p)(1 2 q)][D 2 (1 2 p)q]

1
2(1 2 p)ŵ33

D 1 (1 2 p)(1 2 q)

5 0,
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where ŵik 5 Rni
j51 wijk.
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The updated estimates of the parameters m, a, d, and Mm, and mm, and j 5 1, 2, 3 to the QTL genotypes AA,
Aa, and aa, respectively. Individuals in a sample of sizev are
n are classified into three subgroups according to their
marker genotypes. In the above model, m is the popula-m(t11) 5

1
n 3o

3

i51
o
ni

j51

yij 1 o
3

i51
o
ni

j51

(wij3 2 wij1)a(t)

tion mean, bi is the QTL effect associated with marker
genotype i, vijk is the residual QTL effect in the nested

1
1
2 o

3

i51
o
ni

j51

(wij1 2 wij2 1 wij3)d(t)4 (4) model, and εij is the environmental effect that is assumed
to be normal distributed with mean zero and variance v.

Expressed in terms of parameters in model 1, it hasa(t11) 5
1

o3
i51oni

j51(wij1 1 wij3) been shown (Luo 1998) that

3 o
3

i51
o
ni

j51

(wij1 2 wij3)(yij 2 m(t11) 1 d(t)/2) (5) b1 5
2D[pa 2 (D 2 p 1 2pq)d]

p2

d(t11) 5
2
n 3o

3

i51
o
ni

j51

(wij2 2 wij1 2 wij3)(yij 2 m(t11)) b2 5
D{(1 2 2p)a 1 [2D 1 (1 2 2p)(1 2 2q)]d}

p(1 2 p)

1 o
3

i51
o
ni

j51

(wij1 2 wij3)a(t11)4 (6) b3 5 2
2D{(1 2 p)a 1 [D 1 (1 2 p)(1 2 2q)]d}

(1 2 p)2
.

(10)v(t11) 5
1
n o

3

i51
o
ni

j51
o
3

k51

[wij1(yij 2 m(t11)
k )2], (7)

The values of vij (i, j 5 1, 2, 3) have been given in
Luo (1998). Taking into account that hijn is the expectedwhere m(t11)

k 5 m(t 1 1) 1 (2 2 k)a(t 1 1) 1 (21)kd(t11)/2.
value of nij in an unbalanced nested model (SearleThe maximum-likelihood estimate of p is (n1 1 n2/2)/n.
1987, p. 111ff), the expected mean square (EMS) be-The E and M steps are iterated until a convergence
tween the marker genotypes iscriterion is satisfied. The converged values are the maxi-

mum-likelihood estimates of the parameters. The test EMSb 5
1
2 5o

3

i51

hinb2
i 2 3o

3

i51

hi[1 1 (n 2 1)hi]b2
i 1 2(n 2 1) o

i,j#3

hihjbibj4
for the null hypothesis, H0, D 5 0 vs. the alternative
hypothesis, H1, D ? 0 is performed through a likelihood

1 o
3

i51

1
hi
3o

3

j51

hij[1 1(n 2 1)hij]v2
ij 1 2(n 2 1) o

j,k#3

hijhikvijvik4ratio,

LR 5 2[L(V̂, Y) 2 L(V̂, Y)|D 5 0], (8) 2 3o
3

i51
o
3

j51

hij[1 1 (n 2 1)hij]v2
ij 1 2(n 2 1) o

j,k#3
o

j,k#3

hijhikvijvkl46
where L(V̂, Y) is the maximum log-likelihood under the

1 v (11)full model (the alternative hypothesis) and L(V̂, Y)|d 5 0

is that under the reduced model with D constrained to and the expected mean square within the marker geno-
zero (the null hypothesis). types is

Analysis of variance under an unbalanced nested de-
sign: The likelihood analysis has an advantage in that EMSv 5

1
n 2 3 5o

3

i51
o
3

j51

hijv
3
ij 2 o

3

i51

1
hiit provides not only a test for the linkage disequilibrium,

D, but also direct estimates of the genetic parameters
3 3o

3

j51

hij[1 1 (n 2 1)hij]v2
ijsuch as D, q, a, and d. There are also many other methods

that have been used for testing the linkage disequilib-
rium, notably the analysis of variance and regression 1 2(n 2 1) o

j,k#3

hijhikvijvik46 1 v.
analysis on a marker (Martin et al. 1997; Excoffier
and Slatkin 1998; Fulker et al. 1999; George et al. (12)
1999; Service et al. 1999). Here we compare the statisti-

The method can be found in Searle (1987) for numeri-cal power of the likelihood analysis with ANOVA and
cal calculation of the mean squares in the ANOVA un-regression analysis in testing the linkage disequilibrium.
der an unbalanced nested design. The ANOVA test sta-In ANOVA based on a marker, we compare the vari-
tistic for the between-marker variance component isances between and within the marker classes. For that,
expected to follow a central F distribution under thewe consider the following nested statistical model and
null hypothesis D 5 0. The power of the statistical testdefine the phenotypic value of individual k that has
at a significance level a is thenmarker genotype i and the underlying QTL genotype

j as
hF 5 Pr{Fv1,v2 (lF) . Fa;v1, v2}, (13)

yijk 5 m 1 bi 1 vij 1 εijk, (9)
where Fa;v1,v2 is the (1 2 a) 100th percentile of the central
F statistic with v1 and v2 d.f. In this case, v1 5 2 andwhere i 5 1, 2, 3 refers to the marker genotypes MM,
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461Inferring Linkage Disequilibrium

v2 5 n 2 3. Fv1,v2(lF) is a noncentral F statistic with the regression model has a mean deviation given by
the noncentral parameter, lF, that can be calculated √vG[(v 2 1)/2]/[√pG(v/2)] and variance given by
(Johnson and Kotz 1970, p. 189) as v/(v 2 2) (Johnson and Kotz 1970, p. 96). The percen-

tiles can be obtained from the corresponding F or t
lF 5 3EMSb

EMSv
4 v1(v2 2 1)

v2

2 v1. (14) distributions.
It is not clear what the distribution of the likelihood-

ratio test statistic is under the null hypothesis. ManyRegression analysis: If we regress the trait value of
individual k, yk, against the number of marker alleles M, likelihood-ratio test statistics under a null hypothesis
xk, we have the regression model might be asymptotically x2 distributed. However, our

simulation clearly shows that this, in the present context,yk 5 m 1 bxk 1 ek (15)
may not be the case.

with the regression coefficient Table 3 illustrates the expected and simulated values
of mean, variance, and 95th percentile of the test statis-
tics under the null hypothesis, D 5 0, for the 13 configu-b 5

D[a 1 (1 2 2q)d]
p(1 2 p)

. (16)
rations of simulation parameters listed in Table 2. For
the likelihood-ratio test, we list here the mean, variance,A test for b is essentially a test for D. The power of such
and 95th percentile of the x2 distribution with 1 d.f. fora test is provided by
comparison, which are 1, 2, and 3.84, respectively. The

ht 5 Pr{tn(lt) . ta/2;n} 1 Pr{tn(lt) , t1 2 a/2;n}, simulated values were obtained on the basis of 500 simu-
lation runs. The table shows that the simulated values(17)
for the F- and t -tests were in good agreement with their

where ta/2;n and t1 2 a/2;n are the upper and lower a/2 corresponding theoretical expectations. However, the
points of a central t-statistic with n 5 n 2 2 d.f. tn(lt) is simulated values of mean, variance, and 95th percentile
a noncentral t-statistic with the noncentral parameter of the likelihood-ratio test statistic differ significantly

from the x2 distribution values, particularly when the
lt 5

G[n/2]b

√n/2G[(n 2 1)/2]sb

(18) sample size was small. Because of this, we suggest using
the permutation test, which is regularly used for map-
ping QTL in planned experiments (Churchill and(Johnson and Kotz 1970, p. 201), where G() is a
Doerge 1994), to empirically estimate the thresholdgamma function and s2

b 5 [(1 2 r2)s2
y]/ns2

x is the sam-
from the data.pling variance of the regression coefficient, r 5 2D[a 1

Power calculation for the statistical tests: Power of(1 2 2q)d]/sxsy is the correlation coefficient between
the statistical tests was evaluated both theoretically andy and x, and s2

y 5 2q(12 q)[a2 1 2(1 2 q)ad 1 (1 2
numerically. Theoretical predictions of the power for2q 1 2q2)d2] 1 v and s2

x 5 2p(1 2 p) are the pheno-
the F and t tests were evaluated according to Equationstypic and additive marker variances.
13 and 17. The numerical evaluation was based on the
frequency of the significant tests in 200 simulation trials.

SIMULATION STUDY AND NUMERICAL ANALYSES For the likelihood-ratio test, the critical value used for
the power evaluation was obtained from 300 permuta-Simulation model: The strategy has been described
tions at the null hypothesis.elsewhere (Luo 1998) for simulating the linkage dis-

Table 2 gives the theoretically predicted and numeri-equilibrium between a polymorphic marker locus and
cally observed power of the unbalanced nested modela QTL in natural populations. The simulation programs
(hFT and hFS) and the regression model (hRT and hRS),allow simulation parameters, n, p, q, D, m, a, d, and v to
as well as the empirical power for the likelihood-ratiobe varied readily. For the purpose of comparing the
test (hLR), for detecting the linkage disequilibrium be-three different approaches presented here, 13 sets of
tween a polymorphic marker locus and a QTL whoseparameters were considered in the simulation study and
segregation explains 10 or 20% phenotypic variation ofare listed in Table 2. The number of simulation repli-
the trait. The power was evaluated at the significantcates varied from 200 to 500 depending on the purpose
level a 5 5%. In the table, nF and nR represent sampleof a specific analysis.
size required for 80% power at the same significant levelBehavior of the test statistics under the null hypothe-
under the unbalanced nested model and the regressionsis: We first compare the theoretical and simulated dis-
model, respectively.tributions of the test statistics under the null hypothesis

Table 2 shows a good agreement between the theoret-for the determination of critical values. Under the null
ical prediction and the simulated observation of thehypothesis, the test statistic of the unbalanced nested
power for the first two models. Comparison of the threemodel for ANOVA is F distributed with mean v2/(v2 2
approaches suggests that the regression model is proba-2) and variance 2v2

2(v1 1 v2 2 2)/[v1(v2 2 2)2(v2 2 4)]
(Johnson and Kotz 1970, p. 78). The test statistic of bly the preferred test as far as the power is concerned,
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TABLE 2

Parameter values for the 13 populations considered in the numerical analyses

Population n p q D m a d v bFT bFS bRT bRS bLR nF nR

1 200 0.5 0.5 0.10 0.0 0.47 0.00 1.0 0.33 0.25 0.43 0.37 0.30 586 475
2 200 0.5 0.5 0.10 0.0 0.71 0.00 1.0 0.62 0.61 0.72 0.71 0.64 291 235
3 500 0.5 0.5 0.10 0.0 0.47 0.00 1.0 0.71 0.69 0.81 0.79 0.65 586 495
4 500 0.5 0.5 0.00 0.0 0.71 0.00 1.0 0.05 0.06 0.05 0.04 0.05 — —
5 500 0.5 0.5 0.20 0.0 0.47 0.00 1.0 1.00 1.00 1.00 1.00 1.00 184 170
6 500 0.5 0.5 0.10 0.0 0.44 0.22 1.0 0.67 0.65 0.76 0.78 0.65 645 534
7 500 0.5 0.5 0.10 0.0 0.38 0.38 1.0 0.56 0.54 0.64 0.65 0.55 814 714
8 500 0.3 0.3 0.09 0.0 0.51 0.00 1.0 0.86 0.85 0.92 0.94 0.82 410 334
9 500 0.7 0.7 0.09 0.0 0.51 0.00 1.0 0.87 0.85 0.92 0.93 0.82 410 334
10 500 0.3 0.5 0.10 0.0 0.47 0.00 1.0 0.70 0.67 0.87 0.80 0.67 492 398
11 500 0.3 0.5 0.10 0.0 0.38 0.38 1.0 0.80 0.65 0.87 0.74 0.64 491 398
12 500 0.5 0.3 0.10 0.0 0.51 0.00 1.0 0.64 0.72 0.76 0.82 0.76 678 599
13 500 0.5 0.3 0.10 0.0 0.33 0.33 1.0 0.72 0.70 0.83 0.80 0.71 575 484

n, the sample size; p and q, the frequencies of alleles M and A; D, the coefficient of linkage disequilibrium between the marker
locus and QTL; a and d, the additive and dominant effects of QTL; m and v, the mean and residual variances for the trait; bFT

and bFS, the theoretically predicted and empirically observed powers for ANOVA; bRT and bRS, the theoretically predicted and
empirically observed powers for the regression analysis; bLR, the empirically observed power for the likelihood ratio test; nF and
nR, the sample sizes required to obtain a statistical power of 80% at a 5 0.05 for ANOVA and regression analysis.

and the remaining two tests are almost equally efficient regression of zk on xk. It is generally known (e.g., Kendall
and Stuart 1961, pp. 296–300) that the regression testin detecting the disequilibrium under the circumstances

considered here. From a statistical point of view, the has higher power than the correlation ratio test (i.e.,
the test of the ANOVA). Less efficiency of the likelihood-test statistic in the ANOVA essentially tests the signifi-

cance of the correlation ratio of a continuous quantita- ratio test is hard to explain but may be partially because
the EM algorithm is not guaranteed to converge to thetive variate (zk in the present context) on a discrete

variate (xk in the present study), whereas the test statistic global maxima of the likelihood function (Meng and
van Dyke 1997). The likelihood-analysis method wasin the regression analysis virtually tests linearity of the

TABLE 3

Theoretical and simulated distribution characteristics of the three test statistics under
the null hypothesis (D 5 0) for the 13 populations considered

F-test t-test Likelihood ratio

Population E(F) Var(F) 95% E[|t|] Var(t) 95% Mean Variance 95%

Expectation 1.00 1.04 3.04 0.80 1.01 1.97 1.00a 2.00a 3.84a

1 0.97 1.06 2.85 0.75 1.10 2.01 2.05 4.36 6.06
2 0.91 0.94 2.74 0.76 1.01 2.00 1.72 3.10 5.09

Expectation 1.00 1.02 3.01 0.80 1.00 1.96 1.00a 2.00a 3.84a

3 1.00 0.89 2.86 0.78 1.14 1.95 1.57 4.57 5.72
4 1.10 1.11 3.25 0.84 1.01 1.75 1.77 4.77 6.18
5 1.08 1.19 3.22 0.76 1.13 2.01 1.64 7.12 6.74
6 0.97 1.18 2.82 0.79 1.03 1.85 2.00 6.13 6.84
7 0.98 1.03 3.28 0.80 1.10 1.90 2.07 4.99 6.32
8 1.03 1.01 3.29 0.76 1.09 1.79 1.44 4.80 4.62
9 0.94 0.97 2.77 0.73 1.02 1.76 1.60 4.09 5.91
10 0.99 0.95 2.66 0.88 1.04 1.98 1.92 4.08 5.60
11 1.05 1.10 2.94 0.84 1.12 1.89 2.11 5.88 6.81
12 1.08 1.15 2.99 0.85 0.94 1.87 1.73 4.95 6.67
13 1.00 1.05 3.00 0.85 0.96 2.01 2.08 5.88 6.74

For the likelihood ratio, the distribution values of x2
1 are given for comparison. E(F) and Var(F), the mean

and variance of the F-test statistic; E[|t|] and Var(t), the mean deviation and variance of the t -test statistic;
95%, the 95th percentile of a distribution.

a x2
1 distribution values.
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also observed to be less powerful than analysis of vari- frequency. At a low frequency (e.g., 0.1 or 0.3), an in-
ance in detecting linkage between marker and QTL in crease in QTL dominance (comparing f 5 1.0 with f 5
Le Roy and Nelen (1995). When the marker and QTL 0.0) tends to slightly increase the power. However, at
are in linkage equilibrium (population 4), all three tests a high frequency (e.g., 0.5), dominance decreases the
show a significance frequency that approximately equals power significantly, thus increasing the sample size re-
the given significant level a, indicating a well-controlled quirement. In a sharp contrast, the power of the ANOVA
type I error for the tests. In addition to the major influ- model is independent of both allelic frequency and
ence due to the sample size and the level of the disequi- dominance. However, for the regression analysis, the
librium on the power, the dominance effect of QTL QTL dominance decreases the power, particularly with
also has some effect on the power, decreasing the power a high allelic frequency. The results generally show that
(populations 3, 6, and 7). The effect of allelic frequen- a sample of 500 individuals from a natural population
cies of the marker and QTL on the power is difficult might be sufficient to detect a QTL explaining 5% of
to interpret because they are compounded with other the phenotypic variance with 80% power at a 5 0.0001
parameters, such as the disequilibrium and additive ef- significance level by using the ANOVA and regression
fect of QTL. However, Table 2 clearly shows that for a analyses. When the marker locus is the trait locus itself
wide spectrum of inheritance models, there is a very as assumed here, the variance between the marker geno-
good chance of detecting a QTL, explaining 10% of types is equivalent to the proportion (say, h2) of the trait
phenotypic variation with a sample size of a few hun- phenotypic variance explained by the QTL. Thus, the
dred. test power of the ANOVA is determined by h2 and inde-

Relative efficiency of the transmission disequilibrium pendent of the gene frequency and the dominance level
test: Allison (1997) extended the TDT, originally de- at the trait locus. Moreover, it can be seen from Equation
veloped by Spileman et al. (1993), to QTL analysis and 18 that with d 5 0 (i.e., absence of dominance at the
demonstrated that the linkage disequilibrium between QTL) and Dip(1 2 p) 5 q(1 2 q), the noncentral param-
a polymorphic marker locus and a QTL can be detected eter lt can be simplified into a form of {G[v/2]/
by using data of family trios consisting of parents, at √v/2G[(v 2 1)/2]}√nh2/(1 2 h2). This indicates that
least one of them being heterozygous at the marker

the power of the regression analysis is entirely deter-
locus, and their child. The analysis of Allison (1997)

mined by h2 and independent of allelic frequency whenis, however, basically a marker analysis and was not devel-
there is no dominance at the QTL.oped to estimate the disequilibrium. Here we compare

Table 4 also shows the observed power of the ANOVAthe statistical power of the TDT procedure with the
and regression analyses by using the predicted sampleunbalanced nested model and the regression model
size for simulation. A consistent agreement between thediscussed in this article. For the purpose of comparison,
simulated observations and the expected value (80%)we simulate the data on the basis of the models defined
confirms the reliability of the power prediction for thein this article with equal frequency for the marker and
two analyses in the extreme case of complete linkageQTL alleles (i.e., p 5 q) and the maximum disequilib-
disequilibrium considered here.rium for the given allelic frequency, that is, p(1 2 p)

Maximum-likelihood estimates of the model parame-or q(1 2 q) (Weir 1995).
ters: Table 5 shows the observed mean and standardTable 4 gives the theoretical prediction of sample size
error for the maximum-likelihood estimates of the ge-requirement by the three approaches with 80% power at
netic parameters from 100 replicates of simulation. Thea 5 0.0001 and the observed power from 500 simulation
parameter values are given in Table 2.runs using the predicted sample size. It must be noted

All parameters except the residual variance seem tothat the sample size required for the TDT analysis is
be well estimated by maximum likelihood when thethe number of the trio families, but for the ANOVA
sample size is 500 and the QTL variance is at least 10%and regression analyses the size is the number of individ-
of the phenotypic variance. The residual variance isuals. It can be seen that the power of TDT decreases as
generally underestimated, particularly when the samplethe allelic frequency increases, whereas the power of
size or QTL variance is small. However, when the samplethe ANOVA and regression analyses is basically unaf-
size and QTL variance are large, the bias tends to befected by the allelic frequency given that the QTL effect
minor. The bias may be explained by slow convergenceis additive ( f 5 0.0). At a low frequency (e.g., p 5 q 5
in estimating the variance parameter and by a low stabil-0.1), the TDT approach requires a smaller number of
ity in the derivative of the likelihood function with re-trios than the number of individuals required by the
gard to this parameter as pointed out in Meng and vanother two approaches for achieving the same power.
Dyke (1997). Moreover, it should be noted that theHowever, when the allelic frequency is high (e.g., p 5
standard errors represented here were calculated onq 5 0.5), the ANOVA and regression analyses require
the basis of repeated simulation trials. In practice, thea sample size that is about half of the number of trio
standard deviation of the maximum-likelihood esti-families needed by the TDT. The effect of QTL domi-

nance on the power for TDT depends on the allelic mates may be obtained by bootstrapping, as proposed
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TABLE 4

Theoretically predicted sample size required for 80% power at a 5 0.0001 and
empirical power observed using the predicted sample size

Sample size Empirical power

Parameters TDT ANOVA Regression ANOVA Regression

h2 5 0.05 f 5 0.0
p 5 q 5 0.10 308 485 429 0.754 0.778
p 5 q 5 0.30 727 485 429 0.796 0.770
p 5 q 5 0.50 873 485 429 0.802 0.782

h2 5 0.10 f 5 0.0
p 5 q 5 0.10 147 214 208 0.728 0.800
p 5 q 5 0.30 351 214 208 0.778 0.780
p 5 q 5 0.50 426 214 208 0.780 0.796

h2 5 0.15 f 5 0.0
p 5 q 5 0.10 93 156 134 0.744 0.768
p 5 q 5 0.30 225 156 134 0.822 0.802
p 5 q 5 0.50 277 156 134 0.840 0.774

h2 5 0.05 f 5 1.0
p 5 q 5 0.10 269 485 443 0.800 0.796
p 5 q 5 0.30 604 485 511 0.796 0.790
p 5 q 5 0.50 1,321 485 634 0.796 0.778

h2 5 0.10 f 5 1.0
p 5 q 5 0.10 128 214 221 0.826 0.784
p 5 q 5 0.30 291 214 256 0.836 0.814
p 5 q 5 0.50 649 214 319 0.782 0.778

h2 5 0.15 f 5 1.0
p 5 q 5 0.10 81 156 143 0.838 0.780
p 5 q 5 0.30 186 156 166 0.804 0.782
p 5 q 5 0.50 426 156 208 0.778 0.794

The comparison was made between ANOVA, regression, and the transmission disequilibrium test by Allison
(1997).

for mapping QTL in planned experiments (Visscher through a founder effect, propagated in the population,
the marker alleles on the original mutant haplotypeet al. 1996).
may still be in linkage disequilibrium with the mutant
allele in the current population, and the level of the

DISCUSSION
disequilibrium is likely to be proportional to the number
of generations since the mutation occurred and to thePositional cloning efforts have been very successful

in isolating mutant genes for many rare monogenic genetic distance between the marker and QTL alleles.
Given that a significant disequilibrium is detected indiseases. The success of gene cloning depends critically

on the mapping of a gene in high resolution. Recent the current population, a longer generation number
may imply a closer linkage between the marker andtheoretical and experimental studies have shown that

linkage disequilibrium analysis between DNA molecular mutant alleles.
However, most genetic diseases, such as idiopathicpolymorphism and disease susceptibility from geneti-

cally isolated populations can provide an effective way epilepsy, essential hypertension, atopic diathesis, and
coronary artery disease, are quantitative traits. Success-to map disease susceptibility genes into a ,1-cM genome

interval in the best cases (see de la Chapelle and ful extrapolation of the positional cloning methodology
to genes affecting complex traits depends critically onWright 1998 for a review on the topic). Given the high-

throughput identification and genotyping of polymor- careful study design and application of sophisticated
analytical and computational tools (Ghosh and Col-phisms, whole-genome linkage disequilibrium studies

have recently been proposed as a powerful approach lins 1996). Our study addresses statistical issues on de-
tecting and estimating linkage disequilibrium betweenfor detecting many subtle genetic effects that underlie

susceptibility to common diseases (Kruglyak 1999). a polymorphic genetic marker and a trait locus from
natural populations. The results show that, with a sam-The basic idea behind linkage disequilibrium analysis

for gene mapping has been demonstrated in Kaplan ple size of a few hundred, the statistical power to detect
the disequilibrium seems to be reasonably high for aand Weir (1997). With the assumption that the disease

mutation occurred many years ago and, perhaps wide parameter region. We also presented a likelihood
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TABLE 5

Mean and standard error (in parentheses) of the maximum-likelihood estimates of the genetic
parameters for the 13 populations of Table 2 from 100 simulation replicates

Population p̂ q̂ D̂ m̂ â d̂ v̂

1 0.4946 0.5055 0.1003 20.1081 0.5042 20.0074 0.8381
(0.0027) (0.0118) (0.0039) (0.0193) (0.0319) (0.0699) (0.0169)

2 0.5022 0.4828 0.1085 0.0210 0.7040 0.0585 0.8488
(0.0022) (0.0097) (0.0043) (0.0160) (0.0314) (0.0622) (0.0221)

3 0.5017 0.4896 0.1083 0.0245 0.4485 0.0486 0.9288
(0.0017) (0.0106) (0.0039) (0.0109) (0.0219) (0.0455) (0.0137)

4 0.4985 0.4995 20.0004 0.0088 0.7367 0.0152 0.9311
(0.0015) (0.0076) (0.0043) (0.0104) (0.0239) (0.0449) (0.0150)

5 0.4986 0.4927 0.1973 0.0144 0.5080 0.0186 0.9441
(0.0015) (0.0061) (0.0037) (0.0100) (0.0172) (0.0200) (0.0135)

6 0.5001 0.5053 0.0992 20.0240 0.4851 0.2502 0.9047
(0.0041) (0.0122) (0.0037) (0.0149) (0.0295) (0.0445) (0.0136)

7 0.4991 0.5188 0.1045 20.0143 0.4263 0.4115 0.9255
(0.0015) (0.0110) (0.0037) (0.0116) (0.0211) (0.0425) (0.0127)

8 0.3000 0.3245 0.1030 20.0195 0.4989 0.0956 0.9363
(0.0015) (0.0104) (0.0032) (0.0146) (0.0217) (0.0453) (0.0121)

9 0.6963 0.6957 0.1022 0.0017 0.5094 20.0676 0.9453
(0.0016) (0.0085) (0.0034) (0.0137) (0.0242) (0.0418) (0.0119)

10 0.2996 0.4783 0.0976 0.0247 0.4627 0.0604 0.9210
(0.0015) (0.0098) (0.0028) (0.0145) (0.0228) (0.0489) (0.0132)

11 0.3000 0.4616 0.0976 0.0166 0.3878 0.4207 0.9226
(0.0015) (0.0102) (0.0025) (0.0104) (0.0234) (0.0385) (0.0143)

12 0.4997 0.3504 0.0992 20.0587 0.5063 0.0198 0.9215
(0.0015) (0.0103) (0.0031) (0.0143) (0.0234) (0.0457) (0.0149)

13 0.4991 0.3537 0.0981 20.0370 0.3670 0.3372 0.9162
(0.0017) (0.0104) (0.0032) (0.0125) (0.0276) (0.0487) (0.0145)

p̂ and q̂, the estimates of the allelic frequency of M and A; D̂, the linkage disequilibrium; m̂, the population
mean; â and d̂, the additive and dominance effects of QTL; v̂, the residual variance.

analysis to directly estimate the QTL parameters, such but much less powerful when it is high. It is worthwhile
to note that samples of individuals under the presentas the frequency and effects of QTL alleles and the

linkage disequilibrium between the marker and QTL. study are assumed genetically unrelated. If some individ-
uals in the sample are genetically related, the power ofThese estimates may be useful in interpreting the demo-

graphic history of the natural populations under ques- the methods could be reduced.
There have been many studies on detecting and/ortion (Thompson and Neel 1997) and, in turn, in infer-

ring the mapping information of the trait locus on the estimating linkage disequilibrium between marker and
trait loci using either nuclear families (Spileman et al.basis of the disequilibrium analysis (Devlin et al. 1996).

Allison (1997) extended the TDT method to detect 1993; Terwilliger 1995; Martin et al. 1997; Excoffier
and Slatkin 1998) or samples from natural populationsassociation between the marker locus and a trait locus

using family data. Allison’s method is designed to detect (Hill and Robertson 1968; Hill 1974; Chakraborty
and Weiss 1988; Hastbacka et al. 1992; Xiong andlinkage between a marker locus in the presence of link-

age disequilibrium from nuclear families. We also com- Guo 1997). Many of these studies directly analyze
marker effects through designed experiments or choos-pared the statistical power in detecting the trait locus

between our methods and the TDT method. It must be ing appropriate family data for analysis. In this article,
we outlined several methods for testing the linkage dis-pointed out that the sample size presented in Table 4

for the TDT analysis is the number of trio families, equilibrium between a polymorphic marker and a trait
locus from a natural population. More importantly, wewhereas for the ANOVA and regression analyses it is

the number of individuals. The results show that, given presented a likelihood analysis to directly estimate the
trait locus parameters and the linkage disequilibriumthe genetic variance explained by a trait locus, the power

of TDT depends on the trait allele frequency, whereas with the marker. This study gives some insight into the
feasibility of extending the principle of linkage disequi-the power of ANOVA and regression is relatively inde-

pendent from the allelic frequency. The TDT method librium-based mapping to complex disease traits.
The major difficulty in linkage disequilibrium-basedis more powerful when the trait allele frequency is low,
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mapping is to quantify the relationship between recom- the most frequent marker allele as the allele M consid-
ered in our model on the basis of the intuition that thebination fraction and linkage disequilibrium measure.
higher frequent allele tends to have a higher chance toSince recombinant events are not observed, the recom-
be in linkage disequilibrium with its tightly linked loci.bination fraction between the marker and trait locus

The model discussed in our study is still too simplisticmust be estimated on the basis of a population genetic
for complex traits that may be affected by multiplemodel. Several methods have been suggested to address
genes. We recognize that there are several multilocusthis problem. One of these has attempted to search
linkage disequilibrium mapping methods. Some offor the reparameterization by which the disequilibrium
them are based on comparison of pairwise linkage dis-measure can be directly related to the recombination
equilibria between the single disease locus and a setfraction. For instance, Devlin and Risch (1995) found
of marker polymorphisms and use the peak value ofthat, in the present notations, the measure of the dis-
disequilibrium measured over several marker loci asequilibrium
evidence for location of the hypothesized QTL (e.g.,
Terwilliger 1995; Rannala and Slatkin 1998; Slat-d 5

D
q[(1 2 p)(1 2 q) 1 D] kin 1999). In addition, some theoretical effort has been

made to combine the pairwise disequilibrium between
has some interesting properties. In certain situations, the disease locus and each of a set of marker loci by
the disequilibrium measure is related to the recombina- use of the composite likelihood principle (Devlin et al.
tion fraction r as d 5 (1 2 r)T, where T represents 1996; Collins and Morton 1998). Our study provides
the generation number since the creation of the initial statistical inference of linkage disequilibrium between
disequilibrium and may be estimated either from an a single marker locus and a locus affecting complex
epidemiological survey (i.e., in Hastbacka et al. 1992) genetic variation; hence, the multiple-locus analysis
or directly from the sampled data (i.e., Kaplan et al. could be built upon the two-locus model. However,
1995; Thompson and Neel 1996). Kaplan and Weir more work is needed to extend the method to appropri-
(1997) proposed a simulation-based approach, which ately take multiple marker information into account
allows the maximum-likelihood estimate of the recombi- and to analyze multiple trait loci. Such an extension
nation fraction and its confidence interval to be esti- would certainly need to take into account the complex
mated entirely on the basis of the observation of linkage structure of the disequilibria among multiple loci (Weir
disequilibrium between a polymorphic marker locus 1979) or at least a major part of it. With the availability
and a simple monogenic disease locus. These analyses of many densely distributed molecular markers, such as
were confined to the circumstances where the genotypes SNP, the opportunity is there to uncover the genetic
at the trait locus can be observed. However, the basic architecture of complex traits in natural populations.
idea may be extended to the case where the genotypes

We are indebted to two anonymous reviewers and Dr. Y. X. Fu for
at the trait locus are not observed as considered in our their constructive comments and criticisms that have been helpful in
study. In fact, the information can be, at least partially, improving presentation and clarifying several ambiguities in an earlier

version of this article. Z.W.L. is grateful for discussion with Dr. X. L.uncovered for the joint distribution of genotypes at both
Meng on the EM algorithm. Z.W.L. was supported by China’s Basicthe marker and trait loci using the maximum-likelihood
Research Program “973,” the National Science Foundation, the Qiu-estimates of the parameters p, q, and D. It can be antici-
Shi Foundation, and the Changjiang Scholarship; and Z-B.Z. by U.S.

pated that the predicted recombination fraction will Public Health Service grant GM-45344.
bear a larger sampling variation since q and D have to
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