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Abstract Four-way crosses (4WC) involving four dif-

ferent inbred lines often appear in plant and animal com-

mercial breeding programs. Direct mapping of quantitative

trait loci (QTL) in these commercial populations is both

economical and practical. However, the existing statistical

methods for mapping QTL in a 4WC population are built

on the single-QTL genetic model. This simple genetic

model fails to take into account QTL interactions, which

play an important role in the genetic architecture of com-

plex traits. In this paper, therefore, we attempted to develop

a statistical method to detect epistatic QTL in 4WC pop-

ulation. Conditional probabilities of QTL genotypes,

computed by the multi-point single locus method, were

used to sample the genotypes of all putative QTL in the

entire genome. The sampled genotypes were used to

construct the design matrix for QTL effects. All QTL

effects, including main and epistatic effects, were simul-

taneously estimated by the penalized maximum likelihood

method. The proposed method was confirmed by a series of

Monte Carlo simulation studies and real data analysis of

cotton. The new method will provide novel tools for the

genetic dissection of complex traits, construction of QTL

networks, and analysis of heterosis.

Introduction

Since the 1980s, quantitative trait locus (QTL) mapping

has been increasingly used to understand the genetic

architecture of quantitative traits. In plants and laboratory

animals, most QTL mapping strategies focus on segregat-

ing populations derived from an initial cross between two

inbred lines. However, this biparental-based population

mapping strategy has several shortcomings. First, this

simple cross is rarely used alone in commercial breeding,

and therefore the results from these single-cross experi-

ments have limited roles in breeding practice (Liu and

Zeng 2000; Blanc et al. 2006; Verhoeven et al. 2006).

Second, the statistical inference space is limited to the two

inbred lines, and the results from the line cross cannot be

generalized to other line crosses. If the two lines being

crossed do not segregate at particular QTL, no matter how

many offspring are sampled in the mapping population, the

QTL cannot be detected and type II error is occurred (Xu

1996). Finally, for most outbred species, such as most trees

and livestock, inbred lines could not be developed, making

the biparental-based mapping strategy impractical. To

overcome these issues, four-way cross (4WC) strategy was

developed. It is often used in the commercial breeding of

animals and plants. Direct mapping of QTL in a 4WC

Communicated by F. van Eeuwijk.

X.-H. He � Y.-M. Zhang (&)

Section on Statistical Genomics, State Key Laboratory of Crop

Genetics and Germplasm Enhancement, Nanjing Agricultural

University, Nanjing 210095, People’s Republic of China

e-mail: soyzhang@njau.edu.cn

X.-H. He � Y.-M. Zhang

Chinese National Center for Soybean Improvement,

Nanjing Agricultural University, Nanjing 210095,

People’s Republic of China

H. Qin � T. Zhang

Cotton Research Institute, State Key Laboratory of Crop

Genetics and Germplasm Enhancement, College of Agriculture,

Nanjing Agricultural University, Nanjing 210095,

People’s Republic of China

Z. Hu

Key Lab of the Ministry of Education for Plant Developmental

Biology, College of Life Science, Wuhan University,

Wuhan 430072, People’s Republic of China

123

Theor Appl Genet (2011) 122:33–48

DOI 10.1007/s00122-010-1420-8



population is both economical and practical because the

population being mapped is readily available and the

identified QTL are directly applicable (Rao and Xu 1998;

Harmegnies et al. 2006; Qin et al. 2008). Due to its multi-

parent cross characteristic, more QTL can be detected with

4WC than with simple crosses and the type II error, caused

by random sampling of parents, can be reduced (Xu 1996).

Therefore, the 4WC is more valuable than the biparental

cross for analyzing the inheritance of complex traits.

Moreover, methods of QTL mapping in a 4WC population

can be easily adopted in outbred populations, where inbred

lines are not available (Groover et al. 1994; Haley et al.

1994; Knott et al. 1997, 1998; Rao and Xu 1998; Xu 1998).

The advantages of detecting QTL from 4WC justify

seeking improvements to the QTL mapping methodology.

Statistical methods for QTL mapping are well estab-

lished. These methods can be classified based on parameter

estimation into linear regression (Haley and Knott 1992;

Martı́nez and Curnow 1992), maximum likelihood (Lander

and Botstein 1989; Jansen and Stam 1994; Zeng 1994; Kao

et al. 1999; Zhang and Xu 2005), Bayesian (Hoeschele and

Vanranden 1993a, b; Satagopan et al. 1996; Sillanpää and

Arjas 1998; Wang et al. 2005), empirical Bayesian (Xu

2007; Xu and Jia 2007), Bayesian LASSO (Yi and Xu

2008; Park and Casella 2008), the hierarchical generalized

linear model (Yi and Banerjee 2009), and nonparametric

methods (Kruglyak and Lander 1995). However, all of

these approaches focus on segregating populations derived

from an initial cross between two inbred lines rather than

on the 4WC.

To date, several theoretical studies on the mapping of

4WC have been carried out. In the early 1990s, the analysis

of variance technique was first applied to identify QTL

influencing wood specific gravity in an outbred pedigree of

loblolly pine (Groover et al. 1994). Haley et al. (1994) and

Xu (1996) extended the simple linear regression (Haley

and Knott 1992) to the 4WC. However, estimation of the

residual variance with the simple regression method of

Haley and Knott (1992) is confounded by part of the QTL

variance (Xu 1995). To overcome the deficiency, Xu

(1998) proposed the use of iteratively reweighted least

squares (IRWLS) under a heterogeneous variance model

for QTL mapping in 4WC. Thereafter, dominant and

missing markers were incorporated into this model (Xie

and Xu 1999). Apart from the ordinary quantitative traits,

Rao and Xu (1998) developed a generalized linear model

approach (GLM) to map QTL for ordered categorical traits

in 4WC, and Luo and Xu (2003) suggested a maximum

likelihood (ML) method for viability loci mapping in 4WC.

However, these methods were all based on the single-QTL

genetic model. Estimates of the effects and the positions

of QTL will be biased in the presence of more than one

QTL in any given linkage group or when epistatic QTL are

present (Lander and Botstein 1989; Haley and Knott 1992;

Jansen and Stam 1994; Zeng 1994; Kao et al. 1999; Zhang

2006).

Epistasis, the interaction between genes, is a common,

key concept for understanding the adaptation and evolution

of natural populations, response to selection in breeding

programs, and determination of complex disease (Carlborg

and Haley 2004). Epistasis is related to canalization and

stabilizing selection and may act as a genetic buffer, cre-

ating interdependency of genes in the network (Moore

2005). Epistasis can lead to heterosis (Yu et al. 1997;

Lynch and Walsh 1998; Lippman and Zamir 2006;

Melchinger et al. 2007), which is very important in the

hybrid breeding of rice, corn and rapeseed. In addition,

epistatic variance may reduce the resemblance of offspring

to their parents (Lynch and Walsh 1998). Although Hanlon

and Lorenz (2005) proposed a random walk-based method

to detect multi-locus QTL interaction and Hanlon et al.

(2006) adopted this method to identify the three- and four-

locus interactions responsible for mouse insulin-like

growth factor-I in one 4WC population, this method did not

fully explore the space of epistasis and could not guarantee

that the corresponding estimates be the global optimum

values. To overcome this issue, several methods are

available, i.e., penalized maximum likelihood (PML)

(Zhang and Xu 2005). The PML method assumes that there

is one putative QTL residing on each marker in the entire

genome, considers all main and epistatic effects in one

model, adopts a penalty that depends on the values of the

parameters, and allows spurious QTL effects to be shrunk

towards zero and large QTL effects to be estimated without

shrinkage. In the PML marker genotypes are assumed to be

known unambiguously. However, in real data analysis

marker genotype information is sometimes incomplete. In

this situation, multiple imputations for incomplete marker

genotypes are generally adopted (Sen and Churchill 2001).

In this study, we calculated multi-point single locus con-

ditional QTL probabilities for additive and dominant

effects and then took the products of the single locus

conditional QTL probabilities as joint conditional QTL

probabilities that form the basis for constructing regressors

for pairwise epistatic interactions. Therefore, a current

focal point is to incorporate epistatic QTL mapping into the

4WC under the framework of full genetic model using the

PML approach.

The purpose of this research was to develop a statistical

method for systematic and genome-wide mapping of epi-

static QTL in 4WC. Detailed genetic and statistical models

of QTL mapping using all markers simultaneously have

been described. All parameters were estimated by the PML

method of Zhang and Xu (2005). Our proposed method
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was tested via systemic Monte Carlo simulations and real

data analysis in cotton.

Theory and method

Genetic design and data collection

In animal and plant breeding, four inbred lines (GP1, GP2,

GP3, and GP4) are often selected to serve as grandparents.

The four lines are used to construct two crosses. One is

derived from GP1 and GP2 (F1 = GP1 9 GP2) and another

is from GP3 and GP4 (F01 = GP3 9 GP4). Then, the F1 and

F01 are crossed to form a 4WC population (GP1/GP2)//(GP3/

GP4). Phenotypic values of the quantitative trait of interest

and information on polymorphic markers, based on pre-

designed primers from four grandparents and/or two parents

using polymerase chain reaction (PCR) or other techniques,

were measured for each individual in the 4WC population.

Genetic model

If a quantitative trait is controlled by a single QTL and the

genotypes for the four grandparents are denoted by Q1Q1,

Q2Q2, Q3Q3 and Q4Q4, respectively, the 4WC population

produces four possible genotypes, i.e., Q1Q3, Q1Q4, Q2Q3,

and Q2Q4. The phenotypic value of individual i in the 4WC

can be described as

yi ¼ lþ xi1a1 þ xi2a2 þ zid þ ei ði ¼ 1; 2; . . .; nÞ ð1Þ

where l is the population mean; a1 (a2) is the first (second)

additive effect, measuring the average allele substitution

effect of Q2 by Q1 (Q4 by Q3); d is the dominance effect;

ei�Nð0; r2
eÞ is random error; and xi1, xi2 and zi are

indicator variables, depending on the genotype of

individual i (Gi), which can be defined as

xi1 ¼

þ1 if Gi ¼ Q1Q3

þ1 if Gi ¼ Q1Q4

�1 if Gi ¼ Q2Q3

�1 if Gi ¼ Q2Q4

8
>>><

>>>:

;

xi2 ¼

þ1 if Gi ¼ Q1Q3

�1 if Gi ¼ Q1Q4

þ1 if Gi ¼ Q2Q3

�1 if Gi ¼ Q2Q4

8
>>><

>>>:

and

zi ¼

þ1 if Gi ¼ Q1Q3

�1 if Gi ¼ Q1Q4

�1 if Gi ¼ Q2Q3

þ1 if Gi ¼ Q2Q4

8
>>><

>>>:

If we assume that there is one QTL residing on each marker

in the entire genome and all pair-wise epistatic QTL are

considered, model (1) should be extended as

yi¼lþ
Xq

j¼1

ðxij1aj1þxij2aj2þzijdjÞ

þ
Xq�1

r¼1

Xq

s¼rþ1

½ðxir1xis1Þiar1as1
þðxir1xis2Þiar1as2

þðxir1zisÞiar1ds

þðxir2xis1Þiar2as1
þðxir2xis2Þiar2as2

þðxir2zisÞiar2ds

þðzirxis1Þidras1
þðzirxis2Þidras2

þðzirzisÞidrds
�þei ð2Þ

where q equals the number of markers on the genome;

iar1as1
, iar1as2

, iar1ds
, iar2as1

, iar2as2
, iar2ds

, idras1
, idras2

, and idrds
are

epistatic effects between the rth and sth QTL

(r ¼ 1; . . .; q� 1; s ¼ r þ 1;. . .; q); and the other parame-

ters are the same as those in model (1).

Because both main and epistatic effects are treated in the

same way under the PML, for the sake of clarification,

model (2) can be rewritten as

yi ¼ b0 þ
Xp

k¼1

bkxik þ ei ð3Þ

where p ¼ 3
2

qð3q� 1Þ is the total number of genetic

effects, b ¼ b1; b2; . . .; bp

� �T¼ a11; a12;f d1; . . .;aq1;aq2;

dq; ia11a21
; ia11a22

; ia11d2
; ia12a21

; ia12a22
; ia12d2

; id1a21
; id1a22

; id1d2
; . . .;

iaðq�1Þ1aq1
; iaðq�1Þ1aq2

; iaðq�1Þ1dq
; iaðq�1Þ2aq1

;iaðq�1Þ2aq2
; iaðq�1Þ2dq

; idðq�1Þaq1
;

idðq�1Þaq2
; idðq�1Þdq

gT; x0k ¼ fx01k; . . .;x
0
nkg

T
is an n� 1 incidence

vector, corresponding to the effect bk (k¼ 1; . . .;p), b0 ¼ l;
and ei are defined the same way as in model (1).

Multi-point single locus approach for determining

the conditional probabilities of QTL genotypes

QTL genotypes were assumed to be known unambigu-

ously in model (2). In real data analysis, however, QTL

genotypes were unobservable if complete marker infor-

mation was not available. Therefore, we first used mar-

ker data from an entire linkage group to calculate the

conditional probability of each QTL (marker) genotype

using a multi-point single locus approach (Lander and

Green 1987; Jiang and Zeng 1997; Rao and Xu 1998);

and we then imputed complete marker information using

these conditional probabilities (Sen and Churchill 2001).

The sampled genotypes were used to assign values for

indicator variables of QTL additive and dominant effects

and these values were further cross multiplied to assign

coefficients for pairwise epistatic effects in model

(2). Thus, the design matrix for all QTL effects was

constructed.

Consider m ordered marker loci on a chromosome of

interest with a known linkage relationship. Let fQt1Qt3

Qt1Qt4 Qt2Qt3 Qt2Qt4g be the four possible genotypes of

the tth locus (marker or QTL) and rtðtþ1Þ be the
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recombination fractions between the tth and (t ? 1)th loci.

The conditional probability of the tth QTL genotype for

individual i, Prob(Git ¼ GhjMÞ (h ¼ 1; . . .; 4), would be

computed by

where 10 ¼ ½1 1 1 1 �, Dt¼ diag ProbðQt1Qt3Þ Prob½
ðQt1Qt4Þ ProbðQt2Qt3Þ ProbðQt2Qt4Þ� is determined by the

phenotype (or genotype) of the tth marker (or QTL). For

the tth marker, Dt values are shown in Table 1, as the

JoinMap formatted marker data (Van Ooijen and Voorrips

2001); for the tth QTL, DGit¼Qt1Qt3
¼ diag 1 0 0 0½ � for

h¼ 1, DGit¼Qt1Qt4
¼ diag 0 1 0 0½ � for h¼ 2, DGit¼Qt2Qt3

¼
diag 0 0 1 0½ � for h¼ 3, and DGit¼Qt2Qt4

¼ diag 0 0 0 1½ �
for h¼ 4; M represents marker information; and

is the transition probability matrix from the tth locus to the

(t ? 1)th locus.

Parameter estimation

Several methods exist to estimate the parameters in model

(3), e.g., PML (Zhang and Xu 2005), Bayesian LASSO (Yi

and Xu 2008; Park and Casella 2008) and hierarchical

generalized linear model (Yi and Banerjee 2009). Here, we

adopt the PML.

Let h ¼ ðb0; b1; b2; . . .; bp; r2Þ be the vector of parame-

ters of interest. The likelihood function is

LðhjY;MÞ ¼
Yn

i¼1

uðyi; mi; r
2Þ ð6Þ

where Y ¼ ðy1; y2; . . .; ynÞT; and uðyi; mi;r2Þ is a normal

probability density function with mean mi ¼ b0 þPp
k¼1 bkxik and variance r2.

In the PML, many spurious QTL effects in model (3)

should be minimized to zero, whereas QTL with large

effects are estimated with virtually no reduction. Therefore,

the objective function that should be maximized is penal-

ized likelihood, which is the product of likelihood function

and penalty function. As suggested by Zhang and Xu

(2005), the penalty function is

Pðh; nÞ ¼
Yp

l¼1

uðbl; ll; r
2
l Þuðll; 0; r2

l

�
gÞ

� �
; ð7Þ

where n ¼ ðl1; l2; . . .; lp; r
2
1; r

2
2; . . .; r2

pÞ is the vector of

hyperparameters and g[ 0 is the prior sample size for

accessing lk. Therefore, the penalized likelihood is defined as

wðh; nÞ ¼ LðhjY;MÞPðh; nÞ: ð8Þ

The penalized maximum likelihood estimates (PMLE) of

model parameter h and the nuisance parameter n can be

obtained by maximizing ln wðh; nÞ. Thus, the PMLE for the

above parameters are

b0 ¼
1

n

Xn

i¼1

ðyi �
Xp

l¼1

xilblÞ

bl ¼
Xn

i¼1

x2
il þ r2=r2

l

" #�1

�
Xn

i¼1

xilðyi � b0 �
Xp

t 6¼l

xitbtÞ þ llr
2=r2

l

" #

r2 ¼ 1

n

Xn

i¼1

ðyi � b0 �
Xp

l¼1

xilblÞ2 ð9Þ

ll ¼ bl=ðgþ 1Þ

Prob(Git ¼ GhjMÞ ¼
10D1T12D2T23. . .DtTtQt

DGit¼Gh
TQtðtþ1ÞDðtþ1ÞTðtþ1Þðtþ2Þ. . .Dm�1Tðm�1ÞmDm1

P4

o¼1

10D1T12D2T23. . .DtTtQt
DGit¼Go

TQtðtþ1ÞDðtþ1ÞTðtþ1Þðtþ2Þ. . .Dm�1Tðm�1ÞmDm1

ð4Þ

Ttðtþ1Þ ¼

ð1� rtðtþ1ÞÞ2 rtðtþ1Þð1� rtðtþ1ÞÞ rtðtþ1Þð1� rtðtþ1ÞÞ r2
tðtþ1Þ

rtðtþ1Þð1� rtðtþ1ÞÞ ð1� rtðtþ1ÞÞ2 r2
tðtþ1Þ rtðtþ1Þð1� rtðtþ1ÞÞ

ð1� rtðtþ1ÞÞrtðtþ1Þ r2
tðtþ1Þ ð1� rtðtþ1ÞÞ2 ð1� rtðtþ1ÞÞrtðtþ1Þ

r2
tðtþ1Þ rtðtþ1Þð1� rtðtþ1ÞÞ ð1� rtðtþ1ÞÞrtðtþ1Þ ð1� rtðtþ1ÞÞ2

2

6
6
6
6
4

3

7
7
7
7
5

ð5Þ
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r2
l ¼

1

2
½ðbl � llÞ

2 þ gl2
l �;

where l ¼ 1; 2; . . .; p, and g ¼ 5 (Zhang and Xu 2005). The

prior sample size g does not have a major influence on

the result as long as g\1 (Zhang and Xu 2005).

The initial values hð0Þ ¼ fbð0Þ0 ; b
ð0Þ
1 ; b

ð0Þ
2 ; . . .; b

ð0Þ
p ; r2ð0Þg ¼

f�y; 0; . . .; 0; s2
yg: are suggested for h, where �y and s2

y are the

sample mean and variance of the phenotypic values. The

initial values nð0Þ¼ lð0Þ1 ;lð0Þ2 ;...;
n

lð0Þp ;r2ð0Þ
1 ;r2ð0Þ

2 ;...;r2ð0Þ
p

o
¼

0;0;...;0;0:5;0:5;...;0:5f g for n. Iteration is then performed

using Eq. (9) and terminated when a predetermined con-

vergence criterion, i.e., 10�15, is satisfied.

Statistical test

As described by Zhang and Xu (2005), the usual likelihood

ratio test (LRT) cannot be carried out with the PML

method owing to oversaturated epistatic genetic model. We

proposed the following two-stage selection process to

screen the markers (Zhang and Xu 2005). In the first stage,

all markers with b̂k

�
r̂

�
�

�
�[ 10�6 are picked up. In the

second stage, the epistatic genetic model is modified so that

only effects past the first round of selection are included in

the model. Owing to the smaller dimensionality of the

reduced model, we can use the maximum likelihood

method to reanalyze the data and perform the LRT. The

procedure for the LRT is as follows.

The overall null hypothesis is no effect of the QTL at

the locus of interest, denoted by H0 : a1 ¼ a2 ¼ d ¼ 0

or H0 : Lu ¼ 0, where L ¼ 1 0 0; 0 1 0; 0 0 1f g and

u ¼ a1 a2 df gT
. If we solve the maximum likelihood esti-

mates of the parameters under the restriction of Lu ¼ 0 and

calculate the log-likelihood value using the solutions with

this restriction, we obtain LðĥjLu ¼ 0Þ. Meanwhile, we can

also evaluate the log-likelihood value of the solutions

without restriction and obtain LðĥÞ. Therefore, the LR test

statistic is

LR ¼ �2 LðĥjLu ¼ 0Þ � LðĥÞ
h i

: ð10Þ

Various other test statistics can be used by redefining the

L matrix. To test the hypothesis of H1 : a1 ¼ 0, for

example, we define L1 ¼ 1 0 0f g. The LR test statistic is

LR1 ¼ �2 LðĥjL1u ¼ 0Þ � LðĥÞ
h i

.

Table 1 Diag(Dt) values, determined by segregation type, phase type and offspring marker phenotypes (JoinMap data format)

Segregation type Offspring marker phenotype Phase

{00} {01} {10} {11}

ab 9 cd ac [1 0 0 0] [0 1 0 0] [0 0 1 0] [0 0 0 1]

ad [0 1 0 0] [1 0 0 0] [0 0 0 1] [0 0 1 0]

bc [0 0 1 0] [0 0 0 1] [1 0 0 0] [0 1 0 0]

bd [0 0 0 1] [0 0 1 0] [0 1 0 0] [1 0 0 0]

ef 9 eg ee [1 0 0 0] [0 1 0 0] [0 0 1 0] [0 0 0 1]

ef [0 0 1 0] [0 0 0 1] [1 0 0 0] [0 1 0 0]

eg [0 1 0 0] [1 0 0 0] [0 0 0 1] [0 0 1 0]

fg [0 0 0 1] [0 0 1 0] [0 1 0 0] [1 0 0 0]

hk9hk hh [1 0 0 0] [0 1 0 0] [0 0 1 0] [0 0 0 1]

hk [0 1/2 1/2 0] [1/2 0 0 1/2] [1/2 0 0 1/2] [0 1/2 1/2 0]

kk [0 0 0 1] [0 0 1 0] [0 1 0 0] [1 0 0 0]

h- [1/3 1/3 1/3 0] [1/3 1/3 0 1/3] [1/3 0 1/3 1/3] [0 1/3 1/3 1/3]

k- [0 1/3 1/3 1/3] [1/3 0 1/3 1/3] [1/3 1/3 0 1/3] [1/3 1/3 1/3 0]

{0-} {1-}

lm 9 ll ll [1/2 1/2 0 0] [0 0 1/2 1/2]

lm [0 0 1/2 1/2] [1/2 1/2 0 0]

{-0} {-1}

nn 9 np nn [1/2 0 1/2 0] [0 1/2 0 1/2]

np [0 1/2 0 1/2] [1/2 0 1/2 0]

all

all – [1/4 1/4 1/4 1/4]

Diag(Dt)=[Pt1(Mt1Mt3) Pt2(Mt1Mt4) Pt3(Mt2Mt3) Pt4(Mt2Mt4)]. Phase {0} denotes that the grandparental origin is consistent with the segregation

type. Phase {1} denotes that the grandparental origin is switched. In two-digit phase type code, the first is related to F1 derived from P1 and P2,

whereas the second is related to F1 derived from P3 and P4. h- and k- are dominant phenotypes; and ‘–’ denotes missing phenotype
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For epistatic QTL, we may define L ¼ diag 1 1 1 1f
1 1 1 1 1 1 1 1 1 1 1g15� 15 and u ¼ a11 a12f d1 a21 a22 d2

ia11a21
ia11a22

ia11d2
ia12a21

ia12a22
ia12d2

id1a21
id1a22

id1d2
gT

. In the

same way, the significance of epistatic effects can be

tested. The significance threshold of the LOD score is set at

2.0 for our simulated data and at 3.0 for our real data,

where LOD ¼ LR=4:605.

Monte Carlo simulation studies

Simulation design

We conducted four simulation experiments to evaluate the

performance of the proposed method. In the first simulation

experiment, three chromosomes, each with eight equally

spaced markers (15 cM apart), were simulated. Three QTL

were located 60.0, 45.0 and 60.0 cM, respectively, from

the left-hand end of each chromosome. Genetic effects for

the three QTL were: a11 = 2.0 (marginal variance com-

ponent: 4.00, see Appendix 1), a12 = 1.5 (2.25) and

d1 = 1.0 (1.00) for the first QTL (partial dominance);

a21 = -1.5 (2.25), a22 = -1.0 (1.00) and d2 = 2.0 (4.00)

for the second QTL (overdominance); and a31 = a32 =

0.00 (0.00) and d3 = -1.5 (2.25) for the third QTL

(complete dominance). In addition, there was an additive-

by-additive interaction between the second and third QTL,

and its epistatic effect ia21a32
was assumed to be 1.50 (2.25).

The marginal genetic variances explained by the three

main-effect QTL were 7.25, 7.25 and 2.25, respectively.

The total genetic variance of the trait (r2
g) was 19.00.

The environmental variance was calculated by r2
e ¼

ð1� h2Þr2
g

.
h2, where h2 was the heritability. The sample

size was set at 300. Each case was replicated 100 times. For

each simulated QTL, we counted the samples in which the

LOD statistic was greater than 2.0 and the identified QTL

was within 30 cM of the simulated QTL. The estimate for

QTL parameter was the average of the corresponding

estimates in the counted samples. The ratio of the number

of such samples to the total number of replicates repre-

sented the empirical power of this QTL. The false-positive

rate (FPR) was the ratio of the number of false-positive

effects to the total number of zero effects considered in

model (3). The other three simulation experiments were

carried out similarly and detailed simulation parameters are

presented in Table 2.

Effect of QTL heritability on QTL mapping

The first simulation experiment was designed to investigate

the effect of heritability on mapping of QTL in a 4WC

population with a sample size of 300. Changing the value of

the residual variance resulted in the total heritability of the T
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three main-effect QTL and one epistatic QTL for a quan-

titative trait to be set at four levels: 0.20, 0.40, 0.60 and

0.80. Table 3 shows the effect of QTL heritability on QTL

mapping. The effects and positions for main and epistatic

QTL could be estimated without bias in all simulated her-

itability situations. As expected, the accuracy of the esti-

mates of the effects and positions of the QTL, as well as the

empirical power, increased with heritability. Most coeffi-

cients of variance (CV) were less than 30%, and the CV fell

below *10% when the marginal variance of a genetic

effect accounted for[10% of the total phenotypic variance.

For an effect that accounted for \2.5% of the phenotypic

variation, e.g., d1 and a22 in the case of the second herita-

bility level and a21, d3 and ia21a32
in the first heritability

level, the empirical power was approximately 60%. When

the marginal heritability of a QTL was more than 3%, the

empirical power was generally greater than 90%. The FPR

in the detection of QTL was relatively low, demonstrating a

trend that decreased as heritability increased.

Effect of sample size on QTL mapping

In the second simulation experiment, we evaluated the

effect of sample size on mapping of QTL by setting the

number of individuals in the 4WC population to 250, 300,

400, 500, 600 and 1,000. The results from the simulated

experiment in Table 4 show the general behavior of QTL

mapping, i.e., as sample size increases the result becomes

better (judged by the decrease in the standard deviation and

FPR, and by the increase in empirical power). For an effect

that accounted for about 5.0% of the phenotypic variation

(e.g., a12, a21, d3 and ia21a32
), the power was more than 95%

and the CV was less than 30.0% for a sample size of 250,

the power increased to 100% and the CV decreased to

about 15% when the sample size was increased to 500. For

our general purposes, a sample size of 500 was used.

Effect of missing and dominant markers on QTL

mapping

This simulation experiment was intended to evaluate the

effect of incomplete marker information, i.e., missing and

dominant markers, on mapping QTL in a 4WC population.

Three levels of marker information content were simulated

and compared: (1) all markers were codominant with no

missing marker data; (2) all markers were codominant with

5, 10 and 20% random missing marker data; and (3)

markers were codominant and dominant, with dominant

proportions of 12.5% (the 5th marker on chromosomes 1

and 3, and the 4th marker on chromosome 2), 25.0% (the

4th and 5th markers on chromosomes 1 and 3, and the 3rd

and 4th markers on chromosome 2) and 37.5% (the 4th to

6th markers on chromosomes 1 and 3, and the 3rd to 5th T
a
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markers on chromosome 2). The results in Table 5 show

that the accuracy of the estimates of QTL positions, as well

as the empirical power, decreased as the rate of the missing

marker and the dominant marker increased. The accuracy

of the estimates of QTL effects showed little sensitivity to

dominant and missing markers. The QTL effect was esti-

mated without bias in the missing marker information sit-

uation and was underestimated in dominant marker

situations. The effect of the dominant marker seemed

greater than that of missing marker. The possible expla-

nation is as below. Although missing marker provides no

information at all and dominant marker may provide some

information, the proportion of missing marker on the

simulated QTL position is small and the proportion of

dominant marker on the simulated QTL position is 100%.

Effect of QTL position on mapping of epistatic

QTL in 4WC

In the above simulation experiments, all QTL overlapped

with markers. In reality, this is not practical. Therefore, the

purpose of this simulation experiment was to investigate

the effect of the QTL position on mapping of QTL in 4WC.

Three simulated QTL were placed to the left, middle and

right of one marker interval, respectively. The results are

shown in Table 6. The accuracy of the effects and positions

of QTL, as well as the empirical power, were satisfied, but

were lower than those presented in Table 3; the estimate of

QTL effects incorporated a smaller bias when the QTL

were not situated exactly on the markers. The FPR of QTL

detection was equivalent to previous results (data not

shown). It should be noted that the bias in the QTL effect

increased as the distance between the QTL and marker

increased, and the bias was larger for the dominant effect

than for additive effects. These results are explained in

Appendix 2.

Real data analysis in cotton

Qin et al. (2008) published results of interval mapping for

eight yield traits and five fiber quality traits in a 4WC

population from (Simian3/Sumian12)//(Zhong4133/8891)

crosses in cotton. The authors genotyped 286 molecular

markers from 280 samples in 2004. These markers covered

2,113.3 cM of the entire genome, with an average marker

interval of 9.2 cM. A total of four QTL were identified

from four linkages groups [D2(1), D2(2), D4(2) and D9]

over a 2.5% fiber span length (FL, mm). The sizes of the

identified QTL ranged from 2.83 to 11.07% of the phe-

notypic variance (Qin et al. 2008). The overall contribution

of the four QTL to the phenotypic variance was 27.40%.

This dataset for the FL in 2004 was reanalyzed in this

study. Due to missing quantitative trait phenotypes, only T
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262 individuals were included in the analysis. The number

of markers was reduced to 184 to avoid the high degree of

multicollinearity that could be caused by very tightly

linked markers. Because of incomplete marker genotypic

information, multiple imputations for incomplete marker

genotypes (Sen and Churchill 2001) were adopted here to

simulate complete information marker genotypes. This

requires multiple analyses of the data, each for one imputed

data set. Although 10–20 imputed data sets may suffice

(Sen and Churchill 2001), we imputed 50 samples in this

paper. The critical LOD for declaring a QTL was set at 3.0.

The ratio of the number of a QTL detected to the total

number of imputed samples represented the relative fre-

quency of this QTL. The phenotype distribution for the FL

is depicted in Fig. 1. The FL ranged from 26.57 to

33.27 mm, with a mean of 29.24 mm and a standard

deviation of 1.13 mm. The skewness and kurtosis were

0.29 and 0.17, respectively. The results for QTL mapping

of the FL are listed in Table 7 for main-effect QTL and in

Table 8 for epistatic QTL. In total, 13 main-effect QTL and

5 epistatic QTL were detected. The four main-effect QTL

that were originally identified by Qin et al. (2008) using

MapQTL 5.0 were all detected by the new method. The

relative frequency of the QTL for linkage group D2(2) was

very low, in agreement with the low LOD (LOD = 2.1,

less than critical LOD of 2.7) described in the study by Qin

et al. (2008). The nine additional main-effect QTL mapped

in the analysis demonstrated that the new method seemed

to be more powerful, even for the detection of main-effect

QTL, compared with the interval mapping described by

Qin et al. (2008). More importantly, five epistatic QTL

were detected using our proposed method. The graphical

representation of the phenotypic effects of identified epi-

static QTL in Fig. 2 would be helpful to understand the five

interactions, because all the paired lines in Fig. 2 were not

parallel. It should be noted that all the five epistatic QTL
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Fig. 1 Phenotypic distribution of 2.5% fiber span length in cotton in

2004. The data were derived from Qin et al. (2008)
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belonged to additive-by-additive. Furthermore, for each

interaction, one QTL in one of the linkage groups, D1(3),

D2(1), D3 and D4(2), had a main effect, but the other, in

one of the linkage groups A10, A13, D5(2) and D13(1), did

not. The heritability for a single QTL varied from 0.88 to

6.81%, and the total heritability of the detected main-effect

and epistatic QTL was 47.74%. Obvious differences

between the new method and interval mapping were that

Table 8 Epistatic QTL controlling 2.5% fiber span length

QTL1 QTL2 Type Effecta LODa Relative

frequency

Heritability

(%)
Linkage

group

Linked

marker

Position Linkage

group

Linked

marker

Position

A10 NAU2532 62.890 D1(3) NAU3736 34.200 ia11a22
-0.134 (0.040) 8.553 (4.390) 0.36 1.41

A10 NAU2542 82.461 D4(2) JESPR220 29.200 ia11a22
-0.106 (0.018) 5.345 (1.727) 0.22 0.88

A13 NAU1522 24.429 D2(1) NAU4024 1.100 ia11a21
0.129 (0.033) 8.293 (4.216) 0.44 1.31

D2(1) NAU4024 0.000 D13(1) BNL3558 31.603 ia11a22
0.136 (0.035) 8.521 (4.491) 0.20 1.45

D3 NAU2761 9.455 D5(2) NAU2126 7.807 ia11a21
-0.140 (0.040) 9.654 (5.194) 0.20 1.54

a The numbers in parentheses are standard deviations for the 50 imputed samples

Fig. 2 The graphical

representation of the phenotypic

effects of identified epistatic

QTL responsible for 2.5% fiber

span length in cotton. The

segregation type and phase were

\lm� ll[and {0-} for markers

NAU2532, NAU2542 and

NAU4024; \lm� ll[ and {1-}

for markers NAU1522 and

NAU2126;\nn� np[and {-0}

for markers NAU3736 and

JESPR220; \hk� hk[ and

{00} for marker BNL3558; and

\hk� hk[ and {01} for

marker NAU2761. P was

P value for two-way interaction

between paired markers under

F test using ANOVA method
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the new method (1) could detect epistatic QTL and (2)

seemed to be more powerful in the detection of main-effect

QTL than interval mapping.

Discussion

Most economically important traits are quantitative. The

genetic architecture of quantitative traits of interest is the

keystone for genetic improvement of animals and plants. In

the inheritance analysis of complex traits, a 4WC popula-

tion is more valuable than a segregating population derived

from crosses between two inbred lines because the com-

bination of QTL studies and breeding practices can ensure

an expected selection response in the breeding program.

Therefore, it is important to detect epistatic QTL in a 4WC

population. The new approach is also applicable to human,

tree and animal genetics.

For the current study it is assumed that complete marker

information is available. However, the model (2) is only

‘‘approximative’’ for the incidence matrix of epistatic

effects while there are consecutive markers on the genetic

map for missing or ambiguous QTL genotypes. This is

because that we take the products of the single locus

conditional QTL probabilities as joint conditional QTL

probabilities and the products of conditional QTL proba-

bilities are probably a reasonable approximation for epi-

static regressors for pairs of loci that are far apart, but less

for close pairs of loci. In this study the consecutive

markers, with incomplete information and marker interval

length of 15 cM, had been created while the proportion of

dominant marker was set at 25 and 37.5% in Table 5.

Results showed that the proposed method here works fine

for loci at a distance. In my opinion, the new approach

works well if the marker interval length is about 5 cM.

However, we need to delete some closely linked markers if

the interval length is less than 1 cM.

There are two types of errors in QTL mapping practice:

type I and type II errors. If a QTL is identified at a location

with no actual QTL, the first type appears. If an existing

QTL is not detected, the second type occurs (Jansen 1994).

Although we cannot avoid the two errors in real data

analysis, there are ways to reduce them. First, the 4WC

design can reduce or potentially eliminate the type II error

caused by genetic drift because the probability that drift

error is prevented in the 4WC design is larger than that in a

backcross design (Xu 1996). Second, the correct genetic

model is very important in reducing the probability of both

type I and type II errors (Jansen 1994). Our multi-QTL

genetic method described in Table 7 seemed to be more

powerful (less type II error) than the single-QTL genetic

model presented in Table 5 (Qin et al. 2008) for mapping

main-effect QTL. The theoretical explanation was that

multi-QTL genetic method could effectively reduce the

residual variance (Zeng 1994; Jansen and Stam 1994;

Jansen 1994; Kao et al. 1999). More importantly, a full

model including epistatic effects is very important for

reducing type II errors (see Table 8). Third, the 4WC

effectively reduces the FPR by means of the estimation

method, i.e., the PML method (Zhang and Xu 2005; He and

Zhang 2008; Lü et al. 2009). Fourth, techniques for

decreasing the probability of type I error, i.e., increasing the

sample size (Table 4), using codominant markers, avoiding

missing markers (Table 5) and enhancing the heritability of

individual QTL (Table 3), are available. Finally, it is fea-

sible to implement imputation experiments. In real data

analysis, we can generate 20–50 imputed data sets (Sen and

Churchill 2001; Zhang and Xu 2005), run mapping pro-

grams for each to summarize their results, and report only

those QTL with high relative frequency. Thus, the true QTL

can be identified because it frequently appears at a fixed

location. As a result, the genome-wide FPR or empirical

probability of type I error, computed from our simulation

experiments (Tables 3, 4, 5), was generally less than 0.3%.

In addition, it should be noted that the empirical probability

of type I errors, reported in our previous work on mapping

epistatic QTL for endosperm traits (He and Zhang 2008),

was less than that in the present paper. This is probably

because average family data were used in our previous work

and individual plant data were used in the present study.

The PML analysis was multi-marker-based, and the fine

positions of the inferred QTL were not estimated. The QTL

effects were slightly underestimated when the QTL was not

close to the marker’s position (Table 6, Appendix 2).

However, this shortcoming was not detrimental. With new

techniques for screening molecular markers, saturated link-

age maps (e.g., average interval length 5 or 10 cM) can be

easily obtained, and the accuracy was adequate for breeding

purposes. Furthermore, we may use the two-stage method to

map epistatic QTL. In the first stage, the PML was used to

capture the correct genetic model (QTL number and their

marker intervals). In the second stage, the effects and posi-

tions of QTL were refined. The one-by-one method (only one

QTL per interval was moving at any given time; all other

QTL were fixed at their current positions), e.g., the MIM

(Kao et al. 1999), or a synchronization method (the positions

of all QTL were updated at the same time), e.g., Bayesian

shrinkage estimation (Wang et al. 2005), may be used.

Epistatic effects are difficult to detect because an epi-

static genetic model potentially contains a large number of

model effects (Cheverud and Routman 1995; Zhang and

Xu 2005). The variable selection technique, which exclu-

ded interactions with negligible effects, may overlook

some important interaction effects due to incomplete

exploration of the extremely large parameter space of some

models (Zhang and Xu 2005). The PML, which was
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adopted in this paper, can simultaneously fit all potential

main and epistatic QTL on the whole genome, such that

spurious QTL effects would be reduced toward zero and

QTL with large effects could be estimated without signif-

icant reductions. Therefore, all important interaction

effects can be identified. Another advantage of the PML is

its time-saving characteristics, which are very important for

real data analysis. The time cost of our real data (262

individuals and 184 markers) was *28 h/imputed sample

on our personal computer (CPU: Core2 DUO 3.0; Memory:

2 M), which is acceptable for most practical research

purposes compared with *135 days to run the Bayesian

shrinkage estimation (Wang et al. 2005).

The proposed method differs from the random walk-

based method proposed by Hanlon and Lorenz (2005) in

several ways. First, the epistatic effect was defined as the

difference between the theoretical and observed effects of

genotypes at two or more markers in Hanlon and Lorenz

(2005) while in the new method the interaction effect was

partitioned into additive-by-additive, additive-by-domi-

nant, dominant-by-additive and dominant-by-dominant

effects according to Fisher’s (1918) definition. Second, the

ANOVA test in the second step in Hanlon et al. (2006) was

not built on a full model that includes all main and epistatic

effects while in the proposed method the full genetic model

was considered and the corresponding estimates were

unbiased (Table 3, 4, 5). Finally, the space of sums of

epistatic effects was not fully explored in the ‘random

walk’ step in Hanlon and Lorenz’s (2005) approach and

some important epistatic effects might be missing under the

situations that the noise level was high and epistatic effects

were overlapping (shared markers). Our new approach

fully explored the extremely large parameter space, and all

important epistatic effects could be captured, even with

low heritability (Tables 3, 4, 5, 6). Although the three- or

four-way interactions might be incorporated into the full

model in the new method, the model including all the

potential interaction effects is saturated quickly as the

number of loci increases. To solve this issue, one way is to

develop new algorithm and one way is to increase sample

size and to decrease the number of parameters.

In the real data analysis in cotton, the five epistatic QTL

responsible for 2.5% fiber span length shared several com-

mon phenomena. First, in the epistatic QTL pair, one QTL

had main effects and another QTL did not. This phenome-

non was often found in other experiments. In the three-

locus epistatic combination (D5Mit95p, D17Mit185m, and

D18Mit55p) responsible for mouse insulin-like growth

factor-I, only the one linked to D17Mit185m had main effect

(Hanlon et al. 2006). Of five epistatic QTL pairs for the trait

HED, there was only one significant main effect for one

epistatic QTL pair and there were no main effects for the

remaining four epistatic QTL pairs (Xu and Jia 2007). This

increases the difficulty for the detection of epistasis.

However, the new method does not depend on whether or

not the two loci both have main effects. Second, the two

epistatic QTL pairs, NAU1522-NAU4024 and NAU4024-

BNL3558, shared common locus NAU4024 (Table 8). We

deduce that the above three loci may construct a QTL

network. And NAU4024 might be linked to a downstream

gene, regulated by the genes close to NAU1522 and

BNL3558, according to the results in Gjuvsland et al.

(2007). However, the true metabolic pathway among these

genes will be further studied. Finally, additive-by-additive

interaction was the most frequently significant type of

interaction (Table 8). This phenomenon is similar to that in

Gjuvsland et al. (2007).
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Appendix 1. The genetic variance components

for a four-way cross population

For simplicity, assume that a quantitative trait was con-

trolled by two QTL, Q1 and Q2, and the recombination

Table 9 Genotypic probability

for two linked loci in a four-way

cross population

Genotype for Q1 locus Genotype for Q2 locus Marginal

probability
Q21Q23 Q21Q24 Q22Q23 Q22Q24

Q11Q13
1
4
ð1� rÞ2 1

4
rð1� rÞ 1

4
rð1� rÞ 1

4
r2 1

4

Q11Q14
1
4

rð1� rÞ 1
4
ð1� rÞ2 1

4
r2 1

4
rð1� rÞ 1

4

Q12Q13
1
4

rð1� rÞ 1
4

r2 1
4
ð1� rÞ2 1

4
rð1� rÞ 1

4

Q12Q14
1
4

r2 1
4

rð1� rÞ 1
4

rð1� rÞ 1
4
ð1� rÞ2 1

4

Marginal probability 1
4

1
4

1
4

1
4

1
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fraction between them was r. For locus Q1, there were four

genotypes: Q11Q13, Q11Q14, Q12Q13, and Q12Q14. For locus

Q2, there were four genotypes: Q21Q23, Q21Q24, Q22Q23,

and Q22Q24. Thus, there were 4 9 4 = 16 genotypes in the

population. The probability for each genotype is listed in

Table 9.

The population mean is l ¼
P

figi ¼ ð1� 2rÞðia11a21
þ

ia12a22
Þ þ ð1� 2rÞ2id1d2

, where fi and gi (i ¼ 1; 2; . . .; 16)

are genotypic probability (Table 9) and genotypic value

[Model (1) and (2)] for the 16 two loci genotypes. If the

two QTL are unlinked, l ¼ 0. The genetic variance com-

ponents for a 4WC population are

r2
g¼
X

fig
2
i �

X
figi

� 	2

¼a2
11þa2

12þd2
1þa2

21þa2
22þd2

2

þ4rð1�rÞi2
a11a21
þi2

a11a22
þi2a11d2

þi2a12a21
þ4rð1�rÞi2

a12a22

þi2a12d2
þi2

d1a21
þi2

d1a22
þ8rð1�rÞ½r2þð1�rÞ2�i2

d1d2

þ2ð1�2rÞ½a11a21þa12a22þa11id1a22
þa12id1a21

þa21ia12d2
þa22ia11d2

þðd1þd2Þðia11a22
þia12a21

Þ
þia11d2

id1a21
þia12d2

id1a22
�þ2ð1�2rÞ2ðd1d2þa11ia12d2

þa12ia11d2
þa21id1a22

þa22id1a21
þia11a22

ia12a21
Þ

þ8rð1�rÞð1�2rÞðia11a21
id1d2
þia12a22

id1d2
Þ

If the two QTL are unlinked, the genetic variance is

r2
g ¼ a2

11 þ a2
12 þ d2

1 þ a2
21 þ a2

22 þ d2
2 þ i2a11a21

þ i2
a11a22

þ i2
a11d2
þ i2

a12a21
þ i2

a12a22
þ i2

a12d2

þ i2
d1a21
þ i2

d1a22
þ i2

d1d2

Appendix 2. The expectation of main effects of QTL

in the marker analysis in a four-way cross

Assume that the recombination fraction between an arbi-

trary quantitative trait locus (QTL) Q and its nearest mar-

ker locus M is r. The conditional probability of the four

QTL genotypes for the observed marker genotype is easily

obtained from Table 9 and is listed in Table 10. As

described in model (1), the genotypic value of each QTL

genotype is defined as

Q1Q3

Q1Q4

Q2Q3

Q2Q4

0

B
B
@

1

C
C
A ¼

1 1 1 1

1 1 �1 �1

1 �1 1 �1

1 �1 �1 1

0

B
B
@

1

C
C
A

l
a1

a2

d

0

B
B
@

1

C
C
A

The expected genotypic value for each marker genotype

group was calculated and is also listed in Table 10.

Let l0, a01, a02, and d0 be estimates of the main effects of

QTL in the marker analysis. Then,

M1M3

M1M4

M2M3

M2M4

0

B
B
@

1

C
C
A ¼

1 1 1 1

1 1 �1 �1

1 �1 1 �1

1 �1 �1 1

0

B
B
@

1

C
C
A

l0

a01
a02
d0

0

B
B
@

1

C
C
A:

The expectations of QTL main effects during marker

analysis are

l0

a01
a02
d0

0

B
B
@

1

C
C
A ¼

1 1 1 1

1 1 �1 �1

1 �1 1 �1

1 �1 �1 1

0

B
B
@

1

C
C
A

�1
M1M3

M1M4

M2M3

M2M4

0

B
B
@

1

C
C
A

¼

l
ð1� 2rÞa1

ð1� 2rÞa2

ð1� 2rÞ2d

0

B
B
@

1

C
C
A

This results show that all QTL main effects were confused

with recombination, but not with each other, and the

recombination fraction had a greater influence on the

dominant effect than on the additive effects.
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