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Abstract
The complex relationship between genotype and phenotype
can be attributed to individual quantitative trait loci (QTLs).
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These underling QTLs are often complex in terms of their statistical and biological properties. They could be pleiotropic,
linked, developmentally or environmentally plastic, and interacting. Statistical methods have been developed to map QTLs
and proven to be successful in detecting QTLs of large effects
on the phenotype. Yet, these are not vastly adequate, because
the application of these methods is limited by the complex
nature of QTLs. In this review, we outline recent developments
of statistical methods for mapping these complex QTLs within
the framework of composite interval mapping. In each section,
we discuss the statistical model for dealing with a key topic,
followed by computational algorithms. The topics discussed
include mapping pleiotropic QTLs for multiple quantitative
traits, QTLs linked on the same chromosome, development133

dependent QTLs during a growth process, environmentally
plastic QTLs causing significant genotype x environment interaction, and epistatic QTLs between which gene effects are not
linear. Further considerations for QTL mapping are discussed.
Key words: Composite interval mapping, development, epistasis, linkage, pleiotropy, quantitative trait loci (QTLs), QTL x environment interaction.

underling gene. From a statistical perspective, those genes responsible for a simple trait, but whose expression changes with
development or environment, should be regarded as complex.
Statistical methods reviewed in this article are all developed
within the framework of composite interval mapping developed
by ZENG (1994).
2. Mapping Pleiotropic QTLs

1. Introduction
The relationship between genotype and phenotype is very
complex for a quantitatively-inherited trait. This relationship
is often controlled by specific quantitative trait loci (QTLs),
which could be different in the magnitude of their effects,
inheritance mode, and genomic locations, as well as in the
degree to which the expression of these QTLs is affected by
environmental and developmental signals. Based on molecular
markers, many statistical methods have been developed to map
individual QTLs throughout the genome (LANDER and BOTSTEIN, 1989; JANSEN, 1993; JANSEN and STAM, 1994; ZENG,
1994). These methods have been successful in detecting a few
QTLs of large effects on the phenotype in a number of organisms (JACOB et al., 1991; PATERSON et al., 1991; STUBER et al.,
1992; GROOVER et al., 1994; BRADSHAW and STETTLER, 1995;
GRATTAPAGLIA et al., 1995, 1996; CHEVERUD et al., 1996; WU,
1998a). However, for a particular organism, the influences of
QTLs on phenotypes are never an isolated event. A particular
QTL may not only exert its influence on a single trait, but also
be responsible for variation in other traits (pleiotropy; WU et
al., 1997); through such pleiotropic effects, the organism can
respond or adapt to changing environments in an integrated
manner (CHAPIN, 1991). Among the functional loci affecting a
trait, some may be stable regardless of environmental alterations, yet the others may be plastic in gene expression, which is
the major cause of genotype x environment interactions (FALCONER, 1989; WU, 1998b). The expression of QTLs may also be
developmental-dependent. The morphogenesis, growth, development and senescence of an organ can be attributed to the
turn-on or turn-off of certain QTLs (e.g., DOEBLEY et al., 1995).
The expression of a QTL may be mediated, regulated or suppressed by other QTLs on the same or different chromosomes
(epistasis; PHILLIPS, 1998). The significance of gene interactions
in quantitative variation has been debated for 80 years.
Attention to detecting QTLs underlying a specific phenomenon has been paid by QTL-methodological geneticists. For
example, JIANG and ZENG (1995) developed a multivariate
statistical method to map pleiotropic or linked QTLs, which are
traditionally viewed as two different mechanisms for trait correlations. Similar methods have been reported by KOROL et al.
(1995, 1997). KOROL et al. (1998) proposed statistical methods
for mapping QTL x environment interactions. Epigenetic factors are considered to exist during growth and development for
a species. Such factors can be identified by a mapping approach
developed by YAN et al. (1998) and WU (1999). Despite these
significant progresses, no comprehensive treatment of these
problems has been reported. Without such a treatment, however, readers may still not be clear about a whole picture of the
relationship between genotype and phenotype.
In this article, we review new developments of statistical
methods for mapping QTLs that display complex relationships
with quantitative traits affected by external or internal environments. In genetics, the concept of “complex” is often used to
reflect multifactorial causes of the variation of a quantitative
trait (LANDER and KRUGLYAK, 1995). It is contrast to a “simple”
MENDELian trait, such as disease resistance, in which variation
is controlled by a single gene. However, such a traditional
usage of “complex” cannot reveal dynamic properties of an
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Using composite interval mapping, we can map a QTL that
affects v quantitative traits simultaneously. Suppose that there
are m markers on a chromosome. For the F2 progeny of n individuals, the statistical model for mapping multiple traits on a
marker interval Mi – Mi+1 is the extension of single-trait mapping and can be expressed in matrix notation:

where Y is the (n x v) matrix of trait values yj ξ (j = 1, 2, ..., n,
ξ = 1, 2, ..., v), x* and z* are the (n x 1) column vectors of indicator variables x*j and z*j describing the QTL genotypes, respectively, whose values are defined as:

{

2

if the QTL genotype is QQ

x*j = 1

if the QTL genotype is Qq

0

if the QTL genotype is pp

1

if the QTL genotype is Qq

0

if the QTL genotype is QQ or qq

z*j =

{

a* and d* are the (1 x v) row vectors of additive and dominant
effects of the QTL on the v traits, respectively, X is the [n x
(2m–3)] matrix of data on m – 2 markers, xjk’s (k = 1 ,2 , ..., m,
k ≠ i, k ≠ i+1) fitted with additive and dominant effects in the
model for background control, including also the mean effect, B
is the [2(m+1) x v] matrix of additive and dominant effects for
the control markers and the mean effect, and E is the (n x v)
matrix of residual errors, εjξ . It is assumed that the residual
effects are correlated among traits over individuals with covariance Cov(ejξ , ejζ) = σξ ζ = ρξ ζ σξ σζ (ρξ ζ , σξ and σζ are the corresponding correlation and standard deviations), but are independent among individuals. Further, they are assumed to follow a multivariate normal distribution with means zero and
covariance matrix:

Given model (1) and the assumption of multivariate normal
distribution of error terms, the likelihood function of the v
traits is defined as:

where p2j, p1j and p0j denote the prior probabilities of individual j taking values 2, 1, and 0 for the three QTL genotypes,
QQ, Qq and qq, respectively, and f2(yj), f1(yj ), and f0(yj ) represent the multivariate normal density functions of the vector
variable yj within the three QTL genotypes with u2j = xjB +
2a*, u1j = xjB + a* + d*, and u0j = xjB, respectively, and the
covariance matrix (2).
The ML estimates of unknown parameters can be obtained
by iteration through the ECM algorithm (MENG and RUBIN,
1993). In the (τ+1)th iteration, the E-step calculates the poster-

ior probabilities of individual j being a particular genotype,
QQ, Qq and qq, at the putative QTL as:

where | V̂|, is the determinant of the covariance matrix, and
K = –1/2 nvln(2π).
The test for the existence of the putative QTL can be performed by testing the hypotheses:
H0: a = O and d = O vs. H1: at least one element ≠ 0

(7)

The log-likelihood under H0 is:

where f2(τ)(yj), f1(τ)(yj) and f0(τ)(yj) are the corresponding
normal density functions with parameters replaced by estimates in the τ th iteration. In the CM-step, parameters in
f2(yj), f1(yj) and f0(yj) are divided into three groups (a*, d*), B
and V, and estimated consecutively between groups, but
simultaneously within each group. These estimators can be
shown as:

where V̂0 = 1/n (Y – X B̂0) ’ (Y – X B̂0 ) and B0 = (X’X)-1X’Y.
The test is performed with a likelihood ratio statistic:

Under H0, LR1 is approximately chi-square distributed with
a degree of freedom 2v +1. The critical values for the test can
be determined based on the permutation test proposed by
CHURCHILL and DOERGE (1994).
The significance of pleiotropic effects on any pair (ξ, ζ) of the
v traits can be tested using

The estimates of model parameters under H10 and H20 can be
obtained as in joint mapping of (4) to (5) except that some estimates in (5a) and (5b) are set to zero. The likelihood ratio test
statistics under the null hypothesis of (10a) and (10b) will each
be asymptotically chi-square distributed with two degrees of
freedom. The permutation test of CHURCHILL and DOERGE
(1994) can be used to determine the critical values for the test.
Only when both of the null hypotheses are rejected, one can
suggest the significance of pleiotropic effects.
where q2(τ+1) and q1(τ+1) are the (n x 1) vectors of q2 j(τ+1) and
q1j(τ+1) , and 1 is a column vector of ones. A prime represents the
transpose of a matrix or a vector.
(0) = p , q (0) = p , and q (0) =
The calculations begins with q2j,
2j
1j,
1j
0j,
p0j, and some starting values, e.g., zero, for a*(0) and d*(0). Iterations are then made between (4) to (5), and terminated
when a predetermined criterion is satisfied. The criterion for
termination is set to be that the changes of the parameter
estimates, or the increment of the log-likelihood value, at each
iteration become less than ε (a small positive number, say,
10-8). The final estimates are denoted as â*, d̂*, B̂ and V̂, which
will then be used for the calculation of the maximum likelihood
value for hypothesis testing.

The log-likelihood of (3) is calculated, with the parameters
replaced by the estimates, as

3. Mapping Linked QTLs
We have considered the situation in which the v traits are
assumed to be under the control of a single QTL. However, it is
possible that multiple QTLs may be responsible for the correlations among these traits. For simplicity, we only assume two
such QTLs that may be in the same or different marker intervals. Under the two-QTL model, Eq. (1) should be changed as:

where the subscripts 1 and 2 denote the two different QTLs
under consideration. For example, a*1 is the (1 x v) vector containing a*1ξ which is the additive effect of QTL 1 on the ζth
trait. Other variables can be similarly defined using the same
notations as (1). Yet, X is the [n x (2m+1)] matrix when the two
QTLs are assumed in the same interval and [n x (2m-1)] matrix
when the two QTLs are assumed in different intervals. A similar difference is held for B. For an F2 population, the two QTLs
will lead to nine possible QTL genotypes. Let pt t j (t1, t2 = 0, 1,
12
and 2) be the probability of individual j having genotype t1 for
QTL 1 and t2 for QTL 2. The likelihood function for the multivariate data assuming two QTLs can be given by:
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and a*2ξ are the additive effects of QTLs 1 and 2, respectively,
on the ξth trait, whereas d*1ξ and d*2ξ are the dominant effects
of these two QTLs, respectively, on the ξ th trait.
where ft t (yj) is a multivariate normal density function for
12
yj with a mean vector

and covariance matrix (2), where the indicator function η(t1)
[or η(t2)] = 1 if t1 (or t2) = 1 and 0 otherwise. Specifically, a*1ξ

The probability pt t j can be inferred from the observed geno12
types of the flanking markers. If the two QTLs are tested in
different marker intervals, the conditional probability of QTL
genotypes can be calculated by assuming independence of the
two QTLs, i.e., pt t j = pt j pt j (assuming no crossover inter12
1
2
ference), where pt j and pt j are the conditional probabilities
1
2
of the QTL genotypes at a single QTL for individual j (see Table
1 of WU et al., 1999). If the two QTLs are tested in the same
marker interval, the conditional probability of two-QTL genotypes can be calculated from table 1.
The ECM algorithm can be used to solve the unknown parameters. The E-step is to calculate the posterior probabilities of
individual j having genotype t1 for QTL 1 at position p(1) and t2
for QTL 2 at position p(2):

Table. 1. – Probability of QTL genotype given flanking marker genotype for two QTLs within a marker interval.

It is assumed that the order of markers and QTL are M1Q1Q2M2 and the recombination fractions between M1Q1, Q1Q2,
Q2M1 and M1M2 and r1, r2, r3 and r, respectively. Double recombination is ignored. p1 = r1/r, p2 = r2/r, p3 = r3/r, and
δ = r2/[(1–r)2+r2].

The CM-step is to calculate:
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where
Formel A
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After the convergence of the ECM algorithm, log-likelihood
value of (12) can be calculated on which several hypotheses can
be tested. Three of the most important hypotheses include
testing (1) if there are two different QTLs that affect the v
traits at the same time, (2) if there two QTLs, if any, are linked, and (3) if these two linked QTLs each have a pleiotropic
effect on the v traits. The test for the first hypothesis can be
formulated by:
H0: p(1) = p(2) vs. H1: p(1) ≠ p(2)

(16)

where p(1) and p(2) describe the positions of these two QTLs,
respectively. If L20 is the maximum of the likelihood values
which correspond to the H0: p(1) = p(2), then, under the null
hypothesis, the test statistic

will be asymptotically chi-square distributed with 1 degree
of freedom. The critical values for the test can be determined
by the permutation test (CHURCHILL and DOERGE, 1994). If an
analysis is based on the same interval or different chromosomes, the second hypothesis is not necessarily tested. However,
if the two different intervals of interest are on the same chromosome, this hypothesis should be tested. The likelihood value
for its null hypothesis is calculated by replacing the ML estimate for the position of the first QTL and letting the position of
the second QTL away from the first one with the recombination
fraction of 0.5. The third hypothesis can be formulated as (10a)
and (10b).
4. Mapping Epigenetic QTLs
If the expression of a trait at different ages is regarded as a
different “trait”, composite interval mapping can be used to
analyze the molecular genetic basis of trait development over
age. In a developmental genetic study, the same genotypes with
molecular information are measured phenotypically at different ages and, thus, the principle to map multi-trait correlations
can be directly used. Our main interests in tree developmental
genetics include: (1) are there some QTLs that are responsible
for all developmental stages from seed germination to tree
mature or for a particular developmental period? (2) between
what ages do QTLs change their function so abruptly that a
distinct transition occurs? and (3) is the QTL x age interaction
effect significant between a certain two ages? The first question
is addressed by combining all measurements at different ages
into a multivariate dataset. The multi-trait QTL analysis
method is used to test whether there exist one or two QTLs
that can significantly account for the phenotypic co-variation in
this multivariate system. If evidence shows the effects of two
QTLs, a hypothesis about their linkage should be tested (see
above). To answer the second question, one should construct
and analyze a bivariate system composed of measurements
taken at each pair of two successive ages. Thus, the timing of
maximum genetic differentiation is suggested as that at which
a QTL takes a significant change in its expression for trait
development. Assuming a QTL in a marker interval, the third
question can be solved by testing the following hypotheses
H0: a*1 = a*2, d*1 = d*2 vs. H1: a*1 ≠ a*2, d*1 ≠ d*2
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(18)

where the subscripts denote two different ages. If H0 is rejected, then it means that there is a significant additive and dominant QTL x age interaction. This test should be performed
after a significant QTL is suggested. For all these three questions, the relative importance of pleiotropic vs. linked QTLs in
trait development can be estimated by performing the corresponding hypothesis test similarly to the procedures described
for the multi-trait analysis.
One of the most important issues in developmental genetics
is to detect new genes during a particular developmental period. Different from those which function during previous periods, these new genes are activated by some developmental
(internal) or environmental (external) signals and further
result in the formation of new morphological features or physiological processes. For example, a hormone or mitogen may
activate certain genes to induce a population of cells to undergo
differentiation or proliferation (VOGL et al., 1993). Supplied
with nutrients, a growing plant may turn off genes for lateral
roots to invest more energy on above-ground growth (ZHANG
and FORDE, 1998). The influence of an inducive signal on final
structures is defined as epigenetic effects (ATCHLEY and HALL,
1991; COWLEY and ATCHLEY, 1992; ATCHLEY et al., 1994). The
genes that control morphological changes through epigenetic
effects are defined as “epigenetic genes”. WU (1999) developed a
statistical model to map epigenetic QTLs using molecular markers. WU’s basic idea is to combine a conditional quantitative
genetic model and composite interval mapping. The conditional
quantitative genetics model can be used to eliminate the confounding effect of early development on morphology or structure
measured at subsequent times. The QTLs identified based on
phenotypic means at time 2 conditional on phenotypic means
measured at time 1 represent epigenetic QTLs.
5. Mapping Plasticity QTLs
The QTLs whose effects display plastic changes across
various environments are defined as plasticity genes (WU,
1998b). Differential expression of such plasticity QTLs is the
molecular genetic basis for genotype x environment interaction, a phenomenon commonly observed in tree breeding (WU
and STETTLER, 1997). In several molecular experiments, efforts
have been made to identify plasticity QTLs for a few organisms, such as tomatoes (PATERSON et al., 1991) and maize
(STUBER et al., 1992). However, QTL analyses in these experiments were conducted separately for individual environments
and, thus, only a few plasticity QTLs could be detected, in a
sharp contrast to considerable genotype x environment interactions. From a statistical perspective, joint mapping for multiple
environments would have more power to detect plasticity
QTLs. QTL mapping for genotype x environment interactions
can be performed by viewing different performance of the same
trait in different environments as a distinct trait or trait state,
a concept originally introduced by FALCONER (1952). If trees can
be cloned, then the same genotypes recorded on markers can be
measured in various environments. In this case, the method
will be the same as the multi-trait genetic mapping. To test
QTL x environment interaction for a putative QTL, we just formulate and test the hypotheses like (7), (10a) and (10b).
If the null hypotheses are rejected, this indicates that the
QTL exists and is also environment-dependent, contributing
significantly to genotype x environment interaction. Similar
tests can be also formulated under a two-QTL model (17).
In practice, cloning may be expensive or impossible, especially in pines. When genotypes cannot be repeated in different
environments, one should construct a genetic map for each
environment using the same markers. Because the sample for

each environment independently represents the same overall
population, there should be a great similarity in arrangement
orders for most markers among the maps. However, errors due
to genetic drifts cannot assure marker orders and marker
distances to be exactly identical for all maps. Assume a marker
interval bracketed by the same markers, Mi – Mi+1, but with
possibly different genetic distances among the maps. The corresponding statistical model incorporating a pleiotropic QTL
within this interval is given in matrix notation as:

The test for QTL x environment interaction includes two
steps: (1) testing the position and (2) effect of the QTL in each
environment. The hypotheses for these two steps are formulated, respectively, by:
H10: p(1) = p(2) = ... = p(v) vs. H11: ≥ 2 QTL positions are not
equal
(23a)
H20: â*1 = â*2 = ... = â*v and d̂1 = d̂2 = … d̂v vs. H20: ≥ 2 variables are not equal
(23b)
The log-likelihood values, ln(L31) and ln(L32), under the H0’s
of (23) will be similar to (20) in form but with the corresponding constraints. The likelihood ratio test statistics for (23a) and
(23b) are given, respectively, by:

It is assumed that eξ (ξ = 1, 2, ..., v) is independently normally distributed with means zero and variance σ2ξ. Thus, parameters in each environment can be estimated separately. The likelihood function across all environments is the product of the
likelihoods in each environment, i.e.,

where nξ is the sample size of the F2 progeny in the ξth environment, and pξ tj is the prior probability of individual j taking
x*ξ= t in the ξth environment, and ft(yξ j ) is the density function
of the phenotype of individual j with QTL genotype t in the ξth
environment. Differences in the effects and/or positions of the
QTL among environments reflect the strength of QTL x environment interaction on a quantitative trait, which can be
tested by constructing the related hypotheses. Only after the
hypotheses in both QTL positions and effects are tested, QTL x
environment interactions can be determined.
The parameters can be estimated jointly via the ECM algorithm. In each ECM iteration, the E-step constitutes:

both of which are asymptotically chi-square distributed
under the null hypothesis, with one and two degrees of freedom, respectively. The critical values for these tests can be
determined based on the permutation test proposed by
CHURCHILL and DOERGE (1994).
If the H10 in step 1 (23a) is rejected, this indicates the existence of QTL x environment interaction, irrespective of the
testing result for step 2 (23b). Only after the H10 of (23a) is
accepted, it is necessary to conduct the test for step 2.
6. Mapping Epistatic QTLs
Consider two epistatic QTLs located in the same or different
marker intervals, Mi – Mi +1 and Mi – Mi +2. Under the epis1
1
2
2
tasis model, the phenotypic value of a quantitative trait for the
jth individual in the F2 progeny:

for the ξth environment, the tth genotype and the jth individual. The CM-step constitutes:
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where a1 and d1 are the additive and dominant effect of QTL
1, a2 and d2 are the additive and dominant effects of QTL 2, eaa,
ead, eda, and edd are the additive x additive, additive x dominant, dominant x additive, and dominant x dominant epistatic
effects between the two QTLs, and all variables with asterisks
are the indicator variables and they are defined as:

x*1j =

z*1j =

1

if the first QTL is Q1Q1

0

if the first QTL is Q1q1

–1

if the first QTL is q1q1

1

if the first QTL is Q1Q1

{
{

/2
1

– /2 otherwise

z*2j =

1

if the second QTL is Q2Q2

0

if the second QTL is Q2q2

–1

if the second QTL is q2q2

1/
2

if the second QTL is Q2Q2

1

otherwise

{
{

– /2

if the QTLs are Q1Q1Q2Q2 or q1q1q2q2

1

{
{

x*2j =

w*aaj = –1 if the QTL are Q1Q1q2q2 or q1q1Q2Q2

{

/2

{

/4

1

if the QTLs are Q1q1Q2Q2, Q1Q1q2q2 or q1q1q2q2

w*adj = –1/2 if the QTLs are Q1q1q2q2 or Q1Q1Q2Q2 or q1q1Q2Q2
0 otherwise

1

w*adj =

if the QTLs are Q1q1Q2q2, Q1Q1Q2Q2 , Q1Q1q2q2, q1q1Q2Q2 or q1q1q2q2

–1/4 if the QTLs are Q1q1Q2Q2 or Q1q1q2q2, Q1Q1Q2q2 or q1q1Q2q2

The nine unknown genotypes at the two putative QTLs can
be inferred from two pairs of flanking markers, with a total of
81 different marker genotypes. If the two QTLs are in two different intervals, the joint probabilities of genotypes at the two
QTLs conditional on the two intervals is the products of the
probabilities of QTL genotypes conditional on individual intervals, assuming no crossover.
The likelihood function of the data under the two-locus interaction epistasis model is written as:

0 otherwise

1/
2

if the QTLs are Q1Q1Q2q2, q1q1Q2Q2 or q1q1q2q2

w*adj = –1/2 if the QTLs are q1q1Q2q2 or Q1Q1Q2Q2 or Q1Q1q2q2
0

otherwise

where ft t (yj) is the density function of the phenotype of
12
individual j with QTL genotype t1t2 at the two QTLs:

Formel B

The maximum likelihood estimates of the unknown parameters can be obtained via the ECM algorithm (KAO, 1995). In
each ECM iteration, the E-step is constituted by the posterior
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probability of individual j with different QTL genotypes at the
epistatic QTLs, with the same form as (14). The M-step constitutes:
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where
Formel C

The putative epistatic QTLs can be analyzed using two separate steps. The first step is to test for the existence of the interacting QTLs using a two-dimensional search; the second step is
to test for existence of epistasis between the two QTLs. Different hypothesis tests are used between these two steps. The
hypotheses to be tested for the first step are

If the two QTLs are tested in the same marker interval, the
conditional probability of two-QTL genotypes given this interval can be obtained from table 1.
7. Discussion

(29)

Given the complexity of the genetic architecture of a quantitative trait, sophisticated statistical methods should be developed to detect the underling QTLs. To develop a robust statistical
method, however, one should first understand the genetic
causes of complex genetic architecture. Of all these causes,
some may play a more important role in determining the
phenotype of a quantitative trait than others. Based on the
existing knowledge about genetic variation, we suggest that
pleiotropy, linkage, QTL x environment interaction and epistasis may be among the most important causes. In this article, we
review recent developments of statistical methods for mapping
QTLs in relation to these aspects. We present a statistical
model behind each aspect, followed by computational algorithms.

The log-likelihood ratio for testing the significance of epistasis can be similarly calculated, yet the two hypotheses of (29)
should be tested only at the two estimated positions from the
first step.

Pleiotropy and linkage among QTLs are considered two
major genetic mechanisms for genetic correlations of quantitative traits (FALCONER, 1989). Within the framework of a multivariate analysis, statistical models have been proposed to
detect their effects on trait correlations (JIANG and ZENG, 1995;

H0: a1 = d1 = a2 = d2 = eaa = ead = eda = edd = 0 vs. at least one
variable ≠ 0
(28)
By calculating the log-likelihood ratio under these two hypotheses, the existence of the two QTLs can be tested for each
combination of positions in the two intervals (two-dimensional
search). The coordinate with the highest ratio can be viewed as
the likely positions of the two QTLs. The hypothesis for the
second step is set as:
H0: eaa = ead = eda = edd = 0 vs. at least one variable ≠ 0
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KOROL et al., 1995, 1998; RONIN et al., 1995). JIANG and ZENG’
(1995) simulation experiments indicated that the statistical
power to detect QTLs would be increased when multiple traits
are mapped simultaneously than when they are mapped separately. Thus, in spite of an increased number of parameters to
be estimated, compared to the single-trait formulation, the
multi-trait mapping allows for an improvement of detection
power and estimation accuracy of linked QTLs.
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Abstract

Introduction

Experimental variation and genetic background effects in
protein accumulation were studied in a three-generation F2
inbred pedigree of maritime pine (Pinus pinaster AIT.). Proteins
extracted from needles were revealed by high-resolution silverstained two-dimensional polyacrylamide gel electrophoresis
and analysed with a computer-assisted system for single spot
quantification. The integrated intensity of 77 % of the studied
spots showed a linear relationship with the total amount of
protein loaded into the gel. A significant difference of integrated intensity was found among both parents and their hybrid
for 31 % of the studied proteins, from which 78 % followed a
non-additive mode of inheritance. The extent of the observed
non-additivity is discussed and compared with results found in
similar experiments in pea, maize and wheat. Finally, QTL
mapping allowed the detection of PQL (Protein Quantity Loci)
that explained part of the quantitative variation of protein
accumulation.

Qualitative variations of proteins revealed by two-dimensional polyacrylamide gel electrophoresis (2-DE) (O’FARRELL,
1975) were used for genetic studies in maritime pine (Pinus
pinaster AIT.). Protein markers have been used both in genetic
mapping (BAHRMAN and DAMERVAL, 1989; GERBER et al., 1993;
PLOMION et al., 1995, 1997) and in population genetic studies
(BAHRMAN et al., 1994; PETIT et al., 1995).

Key words: Pinus pinaster, two-dimensional electrophoresis, proteins,
inheritance, mapping, QTL, additivity.
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To analyse the genetic basis of quantitative variation of proteins separated by 2-DE, DAMERVAL et al. (1994) measured the
quantity of each protein in a F2 progeny of maize. The protein
quantity was assessed through integrated optical density of
each single spot using an automatic image-analysis system.
Their study was based on QTL (Quantitative Trait Loci) mapping procedure (reviewed by TANKSLEY, 1993; KEARSEY, 1998).
They used a linkage map to locate the regulatory factors or
“PQL” (Protein Quantity Loci) that would explain part of the
spot intensity variation. They concluded that multifactorial
control of protein quantity variation was a general feature of
genome expression. Recently, DE VIENNE et al. (1999) combined
the PQL methodology with a traditional QTL mapping experiment, to characterise QTLs of economically important traits.
They showed that three PQLs controlling the quantity of a
single leaf protein and three QTLs of height growth in maize
were co-located.
Given the large genome size of conifers (OHRI and KOSHOO,
1986; WAKAMIYA et al., 1993), the PQL approach seems to be a
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