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Abstract Dominant markers have been commonly used
in mapping quantitative trait loci (QTLs) in outcrossing
species, in which not much prior genome information is
available. But the dominant nature of these markers may
lead to reduced QTL mapping precision and power. A
new statistical method is proposed to incorporate growth
laws into a QTL mapping framework, under which the
use of the efficiency of dominant markers can be
increased. This new method can be used to identify
specific QTLs affecting differentiation in growth trajec-
tories, and further estimate the timing of a QTL to turn on,
or turn off, affecting growth during the entire ontogeny of
a species. Using this method based on dominant markers
we have successfully mapped a QTL for stem height
growth trajectories to a linkage group in a forest tree. The
implications of this method for the understanding of the
genetic architecture of growth using dominant markers
are discussed.

Introduction

The identification of quantitative trait loci (QTLs),
responsible for quantitatively inherited phenotypes based
on genetic linkage maps, is of typical importance to
formulate an efficient breeding plan. Numerous marker
systems have been developed to construct a genetic map
and they can be broadly classified into two types,
dominant and codominant. Codominant markers include
restriction fragment length polymorphisms, microsatel-
lites and single nucleotide polymorphisms, whose geno-
typing process critically relies upon the prior information
of the genomes. These markers are mostly used for those
well-studied organisms with heavy investments, like
Arabidopsis, mice or humans. For many other organisms,
dominant markers based on polymerase chain reactions,
such as random amplified polymorphism DNAs (RAPDs)
and amplified fragment length polymorphisms (AFLPs),
may be the simplest and most economic choice because
these markers require little prior genomic information. In
fact, the abundance and accessibility of dominant mark-
ers in virtually any genome has made them widely
applicable in current plant and animal breeding pro-
grams.

While dominant markers display great implications for
genetic analysis, their dominant nature that the homozy-
gote of the dominant allele and the heterozygote cannot
be distinguished from each other, would cause a serious
loss of the information for mapping (Ritter et al. 1990).
Although for a backcross design or a doubled haploid
design dominant markers are as informative as codomi-
nant markers, this is actually not the case for commonly
used F2 or full-sib families. Both theoretical modelling
and empirical marker analysis indicate that linkage
analysis using dominant markers has low mapping
accuracy, power and resolution (Maliepaard et al. 1998;
Wu et al. 2002a). Several strategies have been proposed
to increase the use of the efficiency of dominant markers;
for example, a hidden Markov model of Lander and
Green (1987), a Monte Carlo EM algorithm of Jansen
(1996) and the iteratively re-weighted least-square meth-
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od of Xie and Xu (1999). The basic idea of these
strategies is to make use of other more informative
markers to recover missing information of less informa-
tive dominant markers. Its application is based on the
assumption that both dominant and codominant markers
are located on the same linkage group and will not be
feasible for the situation, in which a cluster of dominant
markers are located on the same particular genomic
region (Young et al. 1998).

Recently, Ma et al. (2002) have devised a new
statistical model for increasing QTL mapping efficiency
by incorporating biological principles into a mapping
framework. This model implemented with the EM
algorithm, can provide the identification of a QTL
responsible for a particular biological process. In the
case study from a forest tree, this model displays more
power to detect a QTL affecting the growth trait than
traditional interval mapping or composite interval
mapping. In this article, we extend this idea to map
complex growth traits based on dominant markers that
represent a less expensive, more common marker type
for under-representative outcrossing species, such as
forest trees.

Since outcrossing species are usually characterized by
a high level of heterozygosity, it is difficult or impossible
to generate inbred lines used for linkage mapping. For
these species, full-sib families derived from heterozygous
parents are utilized as basic mapping materials, in which
parental linkage phases between different loci are
unknown a priori. Ritter et al. (1990), Maliepaard et al.
(1998) and Wu et al. (2002a) proposed various approach-
es for determining the linkage and parental linkage phases
for any type of molecular markers. In many cases,
especially when markers are not fully informative,
parental linkage phases cannot be precisely determined,
which thus affects the estimation of the linkage. Different
from these treatments, here we devise a general model for
estimating the probability of parental linkage phases,
which allows for a simultaneous estimation of the linkage.
We used an example from poplar trees to demonstrate the
power of the extended model in QTL mapping using
dominant markers in outcrossing species.

Theory and method

Dominant markers have reduced power due to missing information
when they are used for interval mapping of QTLs in an F2 or full-
sib family. For an F2, initiated with two inbred lines, alleles of two
flanking markers and a putative QTL bracketed by the two markers
have a known coupling phase; whereas, for a full-sib family derived
from two heterozygous lines, the linkage phase of the markers and
the QTL is not known a priori. The derivation of our mapping
model starts with a simpler phase-known F2 family, followed by a
more complicated full-sib family.

Phase-known F2 family

Suppose there is an F2 population, initiated with two homozygous
lines, in which there are three groups of genotypes at a codominant
locus. Consider an age-specific trait, such as plant height or stem

dry weight, which is measured at a finite number of time points
during growth trajectories. Assume that this age-specific growth
trait is affected by a segregating pleiotropic QTL, bracketed by two
flanking markers M and N, with three possible genotypes MM, Mm
and mm and NN, Nn and nn, respectively. The three genotypes at
the QTL are expressed by QQ, Qq and qq.

With known linkage phases, we derive 27 conditional proba-
bilities of the three QTL genotypes given the nine marker
genotypes at the two flanking markers in the F2 population. These
probabilities are a function of the recombination fractions between
the marker M and the QTL (r1), between the QTL and the marker N
(r2) and between the two markers (r). But for dominant markers
each with a dominant allele and recessive allele (denoted by o) that,
therefore, form two distinguishable phenotypes, some of these
conditional probabilities will be collapsed, leading to 4�3=12
probabilities. The conditional probability of a QTL genotype j (j=1
for QQ, 2 for Qq and 3 for qq), conditional upon the four
phenotypes of the flanking markers (M_N_, M_oo, ooN_ and oooo)
for the ith F2 progeny was expressed as

pij ¼ Prob xi ¼ jjM;N; r1; r2ð Þ;
where _ denotes the unknown allele types at the markers, and xi is
the indicator variable characterizing the QTL genotype of progeny
i. These conditional probabilities will be used to construct a mixture
of the statistical model for QTL mapping.

Phase-unknown full-sib family

For any two heterogeneous parents, P1 and Q2, used to generate a
full-sib family, we do not know the linkage phases between alleles
at markers and QTLs. Wu et al. (2002a) proposed a Bayesian
approach to characterize a most likely linkage phase for linkage
analysis of the markers. After the linkage phase between the
markers is determined, the next step is to detect a more likely
marker-QTL phase. For two coupling flanking markers (MN/oo),
two possible QTL-marker phases are expressed as F1=MQN/oqo
and F2=MqN/oQo, where the slashes are used to separate two
homologous chromosomes. The probabilities, with which these two
linkage phases F1 and F2 occur, are denoted by p1 and 1�p1 for
parent P1 and p2 and 1�p2 for parent P2. Two possible linkage
phases for each parent generate four different phase combinations
between the two parents, F1

P�F1
Q, F1

P�F2
Q, F2

P�F1
Q, and F2

P�
F2

Q, with the corresponding probabilities denoted as p1 p2,
p1(1�p2), (1�p1)p2 and (1�p1)(1�p2). Under different parental
phase combinations, conditional probabilities of a given QTL
genotype, conditional upon a given two-marker genotype, will be
different, although combinations F1�F2 and F2�F1 have the same
probabilities (Table 1).

Considering all possible linkage phase combinations, the
mixture of the conditional probability of a QTL genotype j, given
a marker genotype for individual i, can be expressed as

pij ¼ p1p2p11
ij þ p1 þ p2 � 2p1p2ð Þp12j21

ij þ 1� p1ð Þ 1� p2ð Þp22
ij ;

where the superscript of p denote different parental phase
combinations. A similar expression can also be derived for the
mixture of the conditional probability of two QTL-marker phases
(MQo/oqN and Mqo/oQN) when two flanking markers are in the
repulsion phase (Mo/oN). Table 1 lists the mixture of the
conditional probabilities of the three QTL genotypes given by the
genotypes of two coupling dominant markers under different
parental phase combinations.

Statistical model

The phenotypes of a quantitative trait considered in this
study are a group of measurements made at m hallmark
time points. For many traits, such as plant height and
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plant diameter, we can use a particular growth curve
equation including a logistic or sigmoidal equation to
model the phenotypes at different time points (Bertalanffy
1957; West et al. 2001). Because of genetic and
environmental influences, different individuals may dis-
play different shapes of the growth curves. The aim of this
study is the identification of the QTL responsible for the
differences of the growth curve shape. If no such a QTL
exists, three QTL genotypes will have an identical growth
curve. Otherwise, there are three different growth curves
each corresponding to a QTL genotype.

The trait phenotype of progeny i measured at time t
due to the QTL located on an interval flanked by
markers M and N can be expressed by a linear statistical
model,

yi tð Þ ¼ xi1g1 tð Þ þ xi2g2 tð Þ þ xi3g3 tð Þ þ ei tð Þ; ð1Þ
where xij is an indicator variable describing the geno-
types of the QTL for progeny i and defined to be 1 if a
particular QTL genotype is indicated, and 0 otherwise;
gj(t) is the genotypic value of the QTL for the trait at
time t, which can be fit using the logistic curve
expressed as,

gj tð Þ ¼ aj

1þ bje
cjt

ð2Þ

with a being the asymptotic or limiting value of g when
t !1, a/(1+b) is the initial value of g when t=0 and c is
the relative rate of growth (Bertalanffy 1957), and ei(t) is
the residual effect of progeny i, including the aggregate
effect of polygenes and error effect, and distributed as
N[0,se

2(t)]. The m-point residual errors follow a multi-
variate normal distribution, MN(0, S).

To increase the model’s flexibility, Ma et al. (2002)
structured the residual (co)variance matrix S using the
AR(1) model (Davidian and Giltinan 1995), expressed as

X
¼ s2

1 r � � � rm�1

r 1 � � � rm�2

� � � � � � . .
.

� � �
rm�1 rm�2 � � � 1

2
6664

3
7775 ð3Þ

in which we assume the variance stationarity, i.e., there is
the same residual variance (s2) for growth at different
ages, and covariance stationarity, and that the covariance
of growth between different ages decreases proportionally
(in r) with the increased time interval (Pletcher and Geyer
1999). There are two advantages when the structured
matrix (3) is used. First, general expressions of the
determinant and the inverse of S can be derived, which
facilitates the parameter estimation., with these expres-
sions, the growth model-based mapping approach can be
applied for an arbitrary number of time points.

To ensure that the errors in model (1) are homoscedas-
tic and normal, a transformation approach, as originally
coined by Box and Cox (1964), can be used for the
growth phenotype yi . Preserving the favorable advantages
of the Box-Cox transformation, Carroll and Ruppert
(1984) proposed a so-called transform-both-side (TBS)
approach, i.e. transforming at both sides of the model (3),
aimed to obtain biologically meaningful estimates of
growth parameters involved in model (1). Statistically, the
TBS model is expressed as

log yi tð Þ½ � ¼ xi1 log g1 tð Þ½ � þ xi2 log g2 tð Þ½ �
þ xi3 log g3 tð Þ½ � þ ei tð Þ;

or equivalently, defining zi(t)=log[yi(t)],

zi tð Þ ¼ xi1h1 tð Þ þ xi2h2 tð Þ þ xi3h1 tð Þ þ ei tð Þ;
where

hj tð Þ ¼ log
aj

1þ bje
cjt

� �
; ð4Þ

Table 1 Joint probabilities of QTL genotypes and marker geno-
types at two coupling dominant markers, bracketing the QTL in a
full-sib family derived from heterozygous parents with unknown

linkage phases. The conditional probability of a QTL genotype
given marker-genotypes can be derived according to the Bayes
theorem

Marker QTL genotypes

Genotype Frequency QQ Qq qq

Phase combination �þ1P��þ1Q

M_N_ 1/4 (3�2r+r2) 1/4 (1�r2
2) (1�r1

2) 1/2 (r1
2�r1+1) (r2

2�r2+1) 1/4 r1 r2 (2�r2) (2�r1)
M_oo 1/4 (2�r)r 1/4 r2

2 (1�r1
2) 1/2 (r1

2�r1+1) (1�r2)r2 1/4 r1 (1�r2)2 (2�r1)
00N_ 1/4 (2�r)r 1/4 r1

2 (1�r2
2) 1/2 (r2

2�r2+1) (1�r1)r1 1/4 r2 (1�r1)2 (2�r2)
oooo 1/4 (1�r)2 1/4 r1

2 r2
2 1/2 (1�r1) r1(1�r2)r2 1/4 (1�r1)2 (1�r2)2

Phase combination �þ1P��þ2Q/�þ2P�þ1Q

M_N_ 1/4 (3�2r+r2) 1/4 (1�r1+r1
2) (1�r2+r2

2) 1/4 [1+2 r1 r2 (2�r2+r1 r2�r1)�r1
2�r2

2] 1/4 (r2
2+1�r2) (r1

2+1�r1)
M_oo 1/4 (2�r)r 1/4 r2 (1�r1+r1

2) (1�r2) 1/4 [r2
2+2 r1�r1

2+2 r1 r2 (r2+r1�r1 r2�2)] 1/4 r2 (r1
2+1�r1) (1�r2)

00N_ 1/4 (2�r)r 1/4 r1 (1�r1) (1�r2+r2
2) 1/4 [r1

2+2 r2�r2
2+2 r1 r2 (r2+r1�r1 r2�2)] 1/4 r1 (r2

2+1�r2) (1�r1)
oooo 1/4 (1�r)2 1/4 r1 (1�r1) r2 (1�r2) 1/4 [1�2 r2+ r2

2�2 r1+r1
2+2 r1 r2 (2�r2�r1+r1 r2)] 1/4 r1 (1�r1) r2 (1�r2)

Phase combination �þ2P��þ2Q

M_N_ 1/4 (3�2r+r2) 1/4 r1 r2 (2�r2) (2�r1) 1/2 (r1
2�r1+1) (r2

2�r2+1) 1/4 (1�r2
2) (1�r1

2)
M_oo 1/4 (2�r)r 1/4 r1 (1�r2)2 (2�r1) 1/2 (r1

2�r1+1) (1�r2) r2 1/4 r2
2 (1�r1

2)
00N_ 1/4 (2�r)r 1/4 r2 (1�r1)2 (2�r2) 1/2 (r2

2�r2+1) (1�r1) r1 1/4 r1
2 (1�r2

2)
oooo 1/4 (1�r)2 1/4 (1�r1)2 (1�r2)2 1/2 (1�r1) r1 (1�r2) r2 1/4 r1

2 r2
2
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and ei(t) is the residual error after the log-transformation,
following a multivariate normal distribution MN (0, S2

e).
According to a general QTL mapping theory, the

likelihood of a mapping population of size n with the log-
transformed phenotypes (z) measured at m different time-
points can be formulated as

L z Wjð Þ¼
Yn

i¼1

X3

j¼1

pijfj zið Þ
" #

; ð5Þ

where, as defined above, pij is the conditional probability
of QTL genotype j given a marker genotype for progeny i,
and fj(zi) is a multivariate normal density of the pheno-
types with m dimensions for a QTL genotype j,

fj zið Þ¼
1

2pð Þm=2j
P

e j
1=2

exp � zi � hj

� �TX�1

e
zi � hj

� �
=2

h i
;

where hj is the vector of the log-transformed (see Eq. 4)
expected genotypic values of the trait for the QTL
genotype j at t time-points, and Se is the residual variance-
covariance matrix of the phenotypes among different time
points.

When a logistic growth equation is implemented in the
likelihood function (5), the unknown parameters being
estimated are contained in the vector W=(aj, bj, cj, r1 or r2,
r, se

2)T. Parameters (a, b, c) determine the shape of a
growth curve and are characterized by the QTL effect. For
a phase-unknown full-sib family, the unknown vector
includes two additional parameters, the phase probabili-
ties p1 and p2. The maximum likelihood estimates (MLEs)
of the unknown parameters for a pleiotropic QTL can be
computed by implementing the EM algorithm (Dempster
et al. 1977; Lander and Botstein 1989). Ma et al. (2002)
derived a general framework for implementing the EM
algorithm to solve the growth model-based likelihood
function (5).

One of the important issues for the precise mapping of
outcrossing populations is the characterization of the
correct linkage phases. In this study, we have derived a
closed-form solution of p1 and p2. With the estimates of p1
and p2, we can determine the probability of a parent to
have a particular linkage phase between the markers and
the QTL.

Hypothesis tests

We can make two kinds of hypothesis tests, global and
local. The global test is to test the existence of a
significant QTL responsible for differences in the growth
curve, which can be formulated as

H0 : a2 ¼ a1 ¼ a0; b2 ¼ b1 ¼ b0; c2 ¼ c1 ¼ c0

H1 : not all equalities above hold:

�
ð6Þ

In H0, the data are fit by a single logistic curve,
whereas in H1 three different logistic curves are used to fit
the data. The log-likelihood ratio test statistic for these
two hypotheses are calculated. The critical threshold can

be determined on the basis of permutation tests, as
advocated by Doerge and Churchill (1996).

The local test is to test the difference among the three
QTL genotypic values at a particular time in the entire
growth trajectories. The local test can identify the timing
of the detected QTL to turn on or off to affect the growth
trajectories (see Ma et al. 2002 for a detailed discussion).

Results

An example of a forest tree is used to demonstrate the
power of our statistical model for mapping QTLs
affecting growth trajectories using dominant markers.
The study material, as described in Yin et al. (2002), was
derived from the interspecific hybridization of Populus
(poplar), Populus deltoides and Populus euramericana. A
total of 450 hybrids were planted at a spacing of 4�5 m in
the complete randomized design in a field trial near
Xuchou City, Jiangsu Province, China. The total stem
height and diameters measured at the end of each of the
first 11 growing seasons are used for our QTL analysis.

In constructing genetic linkage maps for the interspe-
cific hybrid between P. deltoides and P. euramericana
using 90 genotypes randomly selected from the 450
hybrids (Yin et al. 2002), we found a number of RAPD
and AFLP dominant markers that segregate in a 3:1 ratio.
These dominant markers were found to cluster on
particular linkage groups, as also seen in other organisms
(Young et al. 1998). We choose one of the linkage groups
comprising all of the dominant markers to map the QTL
affecting growth trajectories of stem diameters in the
mapping population.

As tested in Fig. 1, the height growth of a subset of the
90 mapped genotypes follows a different S-shaped
logistic growth curve. This implies that it is appropriate
to build our model upon this nearly universal growth law
(West et al. 2001). Because our mapping population was
derived from two outcrossing parents, we should charac-
terize the most likely linkage phase among the dominant
markers and QTLs, to estimate the QTL effects and
positions. We thus used a full-sib family model to
estimate the growth parameters of different QTL geno-
types and the phase probabilities for each parent.

Using the growth law-incorporated method without
considering the TBS model, we successfully detected a
QTL affecting the height growth curves located on a
linkage group comprising six dominant markers (Fig. 2).
The critical value for claiming the existence of this QTL
is determined on the basis of the permutation tests
proposed by Doerge and Churchill (1996). We used 1,000
permutation tests to obtain the empirical estimate of the
chromosome-wide critical value as 116, at the signifi-
cance level a=0.05. The profile of the log-likelihood
ratios (LR) of the full vs. reduced model (Eq. 6) across the
length of the linkage group, has a clear peak (119) on a
small interval (3.6 cM long) between two coupling
dominant markers AACGT470 and L4-320. This suggests
that we have adequate evidence for the existence of this
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QTL on this interval. The dominant alleles of the two
flanking markers were found to be in a repulsion phase
with the favorable allele of the QTL in parent P1 (p̂1 ¼ 0)
and to be most likely in a coupling phase with the
favorable allele of the QTL in parent P2 (p̂2 ¼ 0:75).

To compare the power of our method with previous
methods, the same material was analyzed by the more
traditional interval mapping approach (Lander and Bot-
stein 1989), based on the most differentiated phenotypes
measured at the age of 11 years. No QTL could be
detected to affect growth traits from this approach
(Fig. 2). The peak of the LR profile from interval
mapping is 5.0, largely below the threshold 10 obtained
from 1,000 permutation tests, at the significance level
a=0.05.

Our method can detect the dynamic change of QTL
expression over time because the parameters determining
the curve shape of a different QTL genotype are
estimated. The growth curves of height are drawn using
the estimates of logistic parameters for the three geno-
types at the QTL detected on the dominant marker linkage
group (Fig. 3). The three curves tend to be parallel, with
genotype QQ on the top, genotype qq on the bottom and
genotype Qq intermediate. This pattern suggests that this
QTL mostly displays an additive effect on the entire
period of height growth. Based on the local test, this QTL
is found to be inactive until trees grew to about 6 years in
the field (Fig. 3). And its effect on height growth
increased with ages. At 11 years old, genotype QQ is
about 3 m taller than genotype Qq, whereas genotype Qq
is about 4 m taller than genotype qq. This difference
appears to increase after the age of 11 years, as predicted
from the logistic curves estimated.

We also perform QTL analysis for the same linkage
group using the TBS-based model (Carroll and Ruppert
1984). The same QTL detected from the untransformed

Fig. 2 The profile of the log-likelihood ratios (LR) between the full
and reduced (no QTL) model for height-growth trajectories, across
a linkage group comprising of dominant RAPD and AFLP markers
in the P. deltoides � P. euramericana map. Upper: the genomic
position corresponding to the peak of the profile is the MLE of the
QTL position from our model. The threshold value for our method
is given as the horizonal line. Lower: the profile of the LR values
and the empirical threshold (horizonal line) are obtained for the
most differentiated growth at age 11 years from traditional interval
mapping. The vertical dot lines indicate the positions of markers on
the linkage group, whose names are given beneath

Fig. 1 Plots of stem-height growth against ages for a subset of the
mapping population used to construct linkage maps in poplar
hybrids (Yin et al. 2002). The growth of these genotypes can well
fit a particular logistic curve. The x- and y-axes of the plots denote
age (in year) and stem height (in m)

Fig. 3 Three height-growth curves each corresponding to a QTL
genotype for a QTL detected on a linkage group, comprising
dominant RAPD and AFLP markers in the P. deltoides � P.
euramericana map. Each curve is described by group parameters,
which are a2=21.22, b2=9.15 and c2=0.4759 for genotype QQ,
a1=18.12, b1=8.43 and c1=0.4889 for genotype Qq and a0=14.24,
b0=7.10 and c0=0.5068 for genotype qq. The differentiation pattern
of growth curves beyond the maximum observed-age (11 years),
affected by the QTL, is represented by extended broken curves
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data, as shown in Fig. 2, can also be detected, but the
precision of parameter estimation is much higher when
the data are untransformed (Result not shown). The
maximum value of the log-likelihood ratio test statistics
over the linkage group from the transformed data is about
30% larger than the critical threshold at the significance
level a=0.05, whereas the counterpart value is 2.6%
[(119–116)/116] for the untransformed data. This pro-
nounced difference suggests that the TBS-based mapping
model better fits the AR(1) model (Eq. 3) and can
increase the power to detect a QTL affecting growth
trajectories using dominant markers, by making the
residual variance more constant over time.

Discussion

Current genome technologies have been available to
dissect quantitative traits into individual locus compo-
nents (QTLs), through which the genetic basis of
quantitative traits can be better unravelled (reviewed by
Mackay 2001). Because PCR-based markers are rich and
do not rely on prior genome information, QTL mapping
using dominant markers has now become a common
practice in outcrossing species. Due to their partial
information content, however, the use of these markers
leads to reduced mapping precision and power (Ritter et
al. 1990; Maliepaard et al. 1998; Wu et al. 2002a).

In this article, we develop a new statistical method for
mapping a QTL affecting a continuously inherited trait.
This method has two major advantages. First, it can
increase the use efficiency of dominant markers by
incorporating growth laws into a conventional mapping
framework established by Lander and Botstein (1989).
Previous methods were developed to recover the missing
information of dominant markers from other more
informative codominant markers on the same linkage
group (Lander and Green 1987; Jansen 1996; Gessler and
Xu 1999; Xie and Xu 1999). However, for a linkage
group clustered with dominant markers (e.g. Young et al.
1998), these methods are limited due to the inadequacy of
codominant markers. Our simultaneous mapping for
repeated measurements based on a logistic curve, similar
to multi-trait QTL analysis (Korol et al. 2001), can extract
maximum information about QTL effects and positions
contained in a data set and, thus, display increased power
for QTL detection. In the poplar example used here, we
detected a QTL for growth using our method, but could
not do so using interval mapping. Our method proposed in
this article, therefore, presents an excellent alternative to
increasing the applicability of less expensive dominant
markers in practice. It should be noted that the logistic
growth model (Eq. 2) used in this study is only one of the
growth laws describing the relationships between size and
age. For a particular data set, tests for different growth
equations should be made, from which an optimal
equation is chosen.

Second, our method can provide more informative
results regarding the genetic basis of complex traits such

as growth (see Atchley 1984; Atchley and Zhu 1997;
Pletcher and Geyer 1999). Results from a single time
point-analysis can only detect a QTL affecting the
phenotype at a particular time (Cheverud et al. 1996;
Vaughn et al. 1999). Yet, our method can detect a QTL
governing the entire process of growth, whose use is not
limited by an increasing number of time points measured.
Further, we can estimate the timing of a QTL to start or
cease its effect on growth. As a by-product of this study,
we obtain a closed-form solution for estimating the
probabilities of parental QTL-marker linkage phases for
outcrossing species. This will make our growth model-
based approach broadly useful in practical outcrossing
mapping programs.

As in Ma et al. (2002), we use the AR(1) model (Eq. 3)
to fit the variance-covariance matrix. But this model may
not always be true. We proposed, using a TBS-based
model, to ascertain that the residual variance is constant
over age and, therefore, preserve the favorable feature of
the AR(1) to be easily manipulated. If the variance-
stationarity assumption cannot be justified even after data
transformation, we can use Nunez-Anton’s (1997) and
Nunez-Anton and Zimmerman’s (2000) structured an-
tedependent models to treat nonstationary variance-cova-
riance structures. Or, a functional approach that describes
the dynamic changes of genetic variance and covariance
with ages can be used; for example, Kirkpatrick and co-
workers used the Legendre polynomial (Kirkpatrick and
Heckman 1989; Kirkpatrick et al. 1990, 1994) and
Pletcher and Geyer’s (1999) the character process model.
Lund et al. (2002) proposed a random regression model to
incorporate the Legendre polynomials into QTL mapping
for repeated measurements. When a functional approach
is implemented, the favorable properties of structuring S
using the AR(1) model will be lost. Also, in this case,
computationally more extensive numerical approaches are
needed to provide the estimates of the time-dependent
variances and covariances (Verbeke and Molenberghs
2000).

In addition, our analysis is based on a one-QTL model
in a phase-unknown full-sib family. A general model
should be developed to consider a multiple epistatically
interacting QTL and multiple families derived from
related or unrelated parents. If different families are
chosen from a population, our functional mapping
framework should be constructed on linkage-disequilib-
rium mapping that makes use of historical recombinants
in a population (Lou et al. 2003). A joint linkage and
linkage-disequilibrium analysis (Wu et al. 2002b) can
also be framed to increase the efficacy of functional
mapping by utilizing the recombinants that are created in
both genotyped families, and at a historical time.
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