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Abstract

A method for marker-assisted selection (MAS) based on quantitative trait loci (QTLs) with epistatic effects is
proposed. The efficiency of such method is investigated by simulations under a wide range of situations. In the
presence of epistasis, MAS generally yields longer persistence response than that based exclusively on additive or
additive and dominance. Neglecting epistasis could result in considerable loss in response, and more pronounced
at later generations. In addition to population size and trait heritability, genetic variance configurations play an
important role in determining both the short- and long-term efficiencies of MAS. MAS using breeding values not
only achieves higher response, but also tends to have smaller standard error than other methods in most cases.
Errors in QTL detection cause distinct reductions in responses to MAS in most cases. It is thus concluded that
verifications of putative QTL and its magnitude of effect and accurate map chromosome location are imperative to
realize the potentials of MAS.

Introduction

The advent of molecular marker technology in the
1980s has opened a new era for quantitative genetics
studies and with an appealing prospect of its use in
breeding program. By integrating marker information
into artificial selection for polygenic traits, a system
known as marker-assisted selection (MAS) has been
evolved, which substantially increases the efficiency
of selection, as shown by many researchers. The effi-
ciency of such method has been investigated by either
analytical approach (Lande & Thompson, 1990; Luo,
Thompson & Woolliams, 1997; Knapp, 1998; Moreau
et al., 1998; Ollivier, 1998; Xie & Xu, 1998) or
computer simulation (Zhang & Smith, 1992, 1993;
Gimelfarb & Lande, 1994; Ruane & Colleau, 1995;
Whittaker et al., 1995; Hospital et al., 1997; Spelman
& Bovenhuis, 1998). However, the practical utiliza-
tion of information regarding epistasis in breeding is
a very complicated issue that has not been adequately
addressed.

The importance of epistasis has been strongly sug-
gested from quantitative genetic studies (Mather &
Jinks, 1982; Pooni, Coombs & Jinks, 1987). Results
from recent QTL mapping studies have also provided
strong evidence suggesting epistasis to be an im-
portant genetic basis of heterosis underlying complex
quantitative traits such as plant height, grain yield
and its components (e.g., Fu & Ritland, 1996; Li
et al., 1997; Yu et al., 1997; Cao et al., 2001).
Most studies of MAS in breeding are based on simple
infinite-loci additive genetic models (e.g., Lande &
Thompson, 1990) or two-locus genetic models (e.g.,
Luo, Thompson & Woolliams, 1997) under some
restricted hypotheses. If there are additive × addi-
tive epistasis effects, additional genetic gain can be
achieved in selection breeding. Nevertheless, the ac-
curate quantification and characterization of MAS in
the presence of epistasis remains largely unexplored.

The objective of the present research is (i) to pro-
pose a method for MAS based on QTLs with epistasis,
applied to the improvement of a quantitative trait in
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breeding, (ii) to assess the effectiveness of MAS com-
pared to phenotypic selection, (iii) and to investigate
the effects of inaccurate estimates of the location and
effect of QTLs on the genetic response to MAS.

Methods

For simplicity, we employed a cross between two
inbred lines, each assumed to be homozygous for dif-
ferent alleles at all loci, to initiate a selection. The
observable data in a typical MAS breeding program
are phenotypic value, marker genotype of each indi-
vidual, and genetic architecture of QTLs involved in
the improved trait. We first focused on the efficiency of
QTL selection. Namely, we investigated the efficiency
of MAS when QTLs have been known without error.
Then, we evaluated the impacts of QTL detection, in
which the location and effect of QTLs were estimated
inaccurately, on the genetic response to MAS.

Genetic model

Suppose that there are n QTLs, and denote Qi as
the ith QTL. Each Qi is bracketed by two flank-
ing marker alleles Mi− and Mi+. According to the
definitions of genetic effects (additive, dominance and
digenic epistasis of additive × additive, additive ×
dominant, dominant × additive, and dominant × dom-
inant) given by Mather and Jinks (1982), under the
assumption of no genotype × environment interaction,
phenotypic value of individual k can be expressed as

yk = µ+
∑
i

aixAik +
∑
i

dixDik +

+
∑
i<

∑
j

aaij xAAijk +

+
∑
i<

∑
j

adij xADijk
+

+
∑
i<

∑
j

daij xDAijk +

+
∑
i<

∑
j

ddij xDDijk
+ εk (1)

where µ is the population mean; ai and di are the ad-
ditive and dominant effects of Qi , respectively; aaij ,
adij , daij and ddij are the epistatic effects of additive
× additive, additive × dominant, dominant × addi-
tive and dominant × dominant between Qi and Qj ,
respectively; the coefficients xAik and xDik are 1 and
0 for genotype QiQi , xAik and xDik are −1 and 0 for

genotype qiqi , xAik and xDik are 0 and 1 for geno-
type Qiqi ; xAAijk = xAikxAjk , xADijk

= xAikxDjk ,
xDAijk = xDik xAjk , xDDijk = xDikxDjk ; εk is the
residual effect, εk ∼ N(0, σ 2

ε ); for i, j = 1, 2, . . . , n.

Estimation of breeding value

If we know QTL effects and genotype of an individual,
we can write breeding value B of that individual k
as

∑
i aixAik + ∑

i<

∑
j aaij xAAijk . In an actual situ-

ation of breeding practice, the true QTL genotype of
an individual is not available, only its trait phenotype
and marker genotype are observable. However, we can
calculate the probability of a particular QTL genotype
conditioned on its trait phenotype and marker geno-
type, and hence estimation of breeding value of an
individual is the weighted sum of breeding value of
all possible genotypes,

B̂k = E(Bk |yk,h)

=
∑

z

p(z|yk,h)
( ∑

i

aixAik +

+
∑
i<

∑
j

aaij xAAijk

)
(2)

where z is a vector of QTL genotype, z =
(z1, z2, . . . , zn), zi is the genotype of Qi ; yk is the
phenotypic value; h is a vector of marker genotype,
h = (h1, h2, . . . , hn), hi is the genotype of two
flanking markers bracketing Qi ; p(z|yk,h) is the
probability of getting a particular z given the trait
phenotype and marker genotype. In order to use the
above formulae, p(z|yk,h) needs to be known,

p(z|yk,h) = f (yk|z)p(z|h)∑
z f (yk|z)p(z|h)

(3)

where f (yk|z) is the probability density function of
phenotype conditioned on z, and has normal distribu-
tion with known variance,

yk|z ∼ N

(
µ+

∑
i

aixAik +
∑
i

dixDik +

+
∑
i<

∑
j

aaij xAAijk +
∑
i<

∑
j

adijxADijk
+

+
∑
i<

∑
j

daij dDAijk +

+
∑
i<

∑
j

ddij xDDijk , σ
2
ε

)
(4)

where p(z|h) is the probability of getting a partic-
ular z given the marker genotype h. We assume
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independence of recombination events, that is,
Haldane’s (1919) mapping function,

p(z|h) =
n∏
i=1

p(zi |hi) (5)

Given the location of QTL relative to the marker
bracket p(zi |hi) is easily calculated in the F2, but dif-
ficult in subsequent generations, since selection and
recombination will change p(zi |hi) in a very com-
plicated mode. We adopted a method proposed by
Whittaker et al. (1995) with some modifications to es-
timate p(zi |hi) from marker frequencies in subsequent
generations (see Appendix A).

Similarly, additive effects Â of individual k can
be calculated as

∑
z p(z|yk,h)

∑
i aixAik . Other ge-

netic effects, such as dominance and epistasis, and
genotypic value are also estimated in the same way.

Simulation

Genetic map

The genetic map of simulation had five chromosomes,
each 100 cM long, on which molecular markers were
evenly spread with 10 cM, and with one marker at each
chromosome end. A total of eight putative diallelic
QTLs were randomly assigned among chromosomes
(Figure 1). Then, a total of 16 digenic epistases were
produced randomly from combinations of any two of
these QTLs. The effects of QTLs were drawn from
a normal distribution with zero mean and different
known variance (VA, VD , VAA, VAD ,VDA and VDD),
respectively. The recombination fraction was derived
from the map distance (d) as r = 0.5(1 − e−2d)

(Haldane, 1919).

Figure 1. Genetic map with eight digenic QTLs randomly assigned
among five chromosomes and 11 evenly spaced genetic markers
per chromosome. The ellipses represent QTLs and numbers under
QTLs indicate their distances on chromosomes.

Generating phenotypic data

For generating each data set based on the above gen-
omic information, the expected genetic variance VG in
initial population (F2) was calculated first:

VG = 1

2

∑
i

∑
j

ρij aiaj + 1

4

∑
i

∑
j

ρ2
ij didj +

+
∑
i<

∑
j

∑
i′<

∑
j ′
ωij ·i′j ′aaij aai′j ′ +

+
∑
i<

∑
j

∑
i′<

∑
j ′
!ij ·i′j ′ddij ddi′j ′ +

+
∑
i<

∑
j

∑
i′<

∑
j ′
ϕij ·i′j ′adij adi′j ′ +

+
∑
i<

∑
j

∑
i′<

∑
j ′
ψij ·i′j ′daij dai′j ′ +

+
∑
i<

∑
j

∑
i′<

∑
j ′
(ξij ·i′j ′aaijddi′j ′ +

+ ζij ·i′j ′ddij aai′j ′)+
+

∑
i<

∑
j

∑
i′<

∑
j ′
(τij ·i′j ′adij dai′j ′ +

+ ζij ·i′j ′daij adi′j ′)+
+

∑
k

∑
k′<

∑
l′
θk·k′l′akadk′l′ +

+
∑
l

∑
k′<

∑
l′
ϑl·k′l′aladk′l′ +

+
∑
k

∑
k′<

∑
l′
λk·k′l′dkaak′l′ +

+
∑
k

∑
k′<

∑
l′
γk·k′l′dkddk′l′ (6)

where i, j, i ′, j ′, k, l, k′, l′ = 1, . . . , n, ρij = 1−2rij ,
δij = r2

ij + (1 − rij )
2, ηij = rij (1 − rij ),

ωij ·i′j ′ = 1

4
(2ρabδbcρcd − ρij ρi′j ′),

!ij ·i′j ′ = 1

4
(2δabδbcδcd − δij δi′j ′),

ϕij ·i′j ′ =
{
ρabηbcδcd i ≤ i ′ < j or i ′ ≤ i < j ′
0 otherwise

,

ψij ·i′j ′ =
{
δabηbcρcd i ≤ i ′ < j or i ′ ≤ i < j ′
0 otherwise

,
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ξij ·i′j ′ =




ρabηbcδcd − 1
4ρij δi ′j ′ j ≤ i′

δabηbcρcd − 1
4ρij δi ′j ′ j ′ ≤ i

− 1
4ρij δi ′j ′ i < i′ < j ′ < j

2ηabρbcηcd − 1
4ρij δi ′j ′ i′ < i < j < j ′

− 1
4ρij δi ′j ′ otherwise

,

ζij ·i′j ′ =




δabηbcρcd − 1
4 δij ρi ′j ′ j ≤ i′

ρabηbcδcd − 1
4 δij ρi ′j ′ j ′ ≤ i

2ηabρbcηcd − 1
4 δij ρi ′j ′ i < i′ < j ′ < j

− 1
4 δij ρi ′j ′ i′ < i < j < j ′

− 1
4 δij ρi ′j ′ otherwise

,

τij ·i′j ′ =
{

2ηabρbcηcd i ′ < i and j ′ < j

0 otherwise
,

ζij ·i′j ′ =
{

2ηabρbcηcd i < i ′ and j < j ′
0 otherwise

,

θk·k′l′ =
{

2ρABηBC k ≤ l′
0 otherwise

,

ϑl·k′l′ =
{

2ηABρBC l ≥ k′
0 otherwise

,

λk·k′l′ =




2ηABρBC − 1
2ρk′l′ k ≤ k′

2ρABηBC − 1
2ρk′l′ k ≥ l′

− 1
2ρk′l′ otherwise

,

γk·k′l′ = δABδBC − 1

2
δk′l′,

[a . . . b . . . c . . . d are ordered as a . . . b . . . c . . . d on
the genome; i, j, i ′, j ′ ⊂ (a, b, c, d). Similarly,
A . . . B . . . C are ordered as A . . . B . . . C on the ge-
nome; k, k′, l′ or l, k′, l′′ ⊂ (A,B,C).] under the
Haldane’s mapping function (Haldane, 1919). rij is
the recombination fraction between Qi and Qj .

Additive and dominant effects at different loci and
epistatic interactions between loci were first generated
by drawing a standard normal distribution. Formula
(6) was used to calculate total genetic variance (V ′

G)

and variance components (VC) based on these genetic
effects and the above genetic map (Figure 1). To make
sure different genetic variance components equal a
given ratio wC(

∑
C wC = 1), these effects were re-

scaled by setting k′ =
√
V ′

GwC/VC . Note that in this

case, covariances between each term of genetic ef-
fect are usually over one order of magnitude less than
those of variances in most cases and hence, were ne-
glected. We chose VG to yield the desired heritability,
given that the phenotypic variance was fixed at 1 in all
simulations. The genetic variance VG was, therefore,
calculated asH 2VP .H 2 is the heritability in the broad
sense and defined as VG/VP while h2 is heritability
in the narrow sense and defined as (VA + VAA)/VP
(for details, see Zhu, 1997). Finally, formula (6) was

used to compute again the total genetic variance (V ′′
G)

based on the above rescaled genetic effects. These
genetic effects could then be readjusted again by set-

ting k′′ =
√
VG/V

′′
G and kept constant throughout

selection. The genotypic value Gk of individual k was
obtained by summing all genetic effects within and
between loci (Mather & Jinks, 1982). The phenotypic
value of individual k was calculated as follows,

yk = µ+Gk + εk (7)

where µ is the population mean; εk was obtained by
generating a pseudo-random normal deviate with zero
mean and known variance (1 −H 2)VP .

Effects of inaccurate parameter estimates
on the genetic response to MAS

The parameters used to characterize QTL are the ef-
fects of QTL such as additive, dominance, epistasis,
and QTL location relative to marker bracket. Simula-
tions were conducted to study the genetic consequence
of overestimation and underestimation of QTL effects.
Overestimation of QTL effects accounted for pheno-
typic variation of 10, 20 and 30%, respectively, and
underestimation for 10, 20 and 30%, respectively.
Simulations were also undertaken to study the genetic
consequence of the putative QTL location departing
from the true QTL location with the distance of 1.0,
5.0 and 10.0 cM, respectively. Moreover, one to three
nonexistent QTLs and two to six ‘ghost’ epistases
accounting for 10–30% of phenotypic variation were
added to the genome randomly to study the effect of
false positive QTL on efficiency of MAS.

Selection

In each generation of sample size N, the top 30% of
individuals were selected (i.e., composing of a par-
ental pool) and then mated at random to produce N
offspring. Selections were performed on phenotypic
value (P), breeding value (B̂), and total genotypic
value (Ĝ), respectively. Selections were also per-
formed on additive effects (Â), additive and dominant
effects (Â + D̂) to study the genetic consequence
of MAS when ignoring epistatic effects. Calculation
of the four selection indices (B̂, Ĝ, Â and Â +
D̂) was described in Methods section, using QTL
map information obtained in previous experiments.
The corresponding cumulative genetic responses were
calculated as

6G(t) = G(t) −G(0)

σG(0)
(8)
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Table 1. Cumulative responses to selection based on phenotypic value, additive effect, additive and dominant effect, genotypic value, and breeding
value with H 2 = 0.4 and h2 = 0.2 for different population sizes

Generation N = 100 N = 500 N = 1000

P Â Â+ D̂ Ĝ B̂ P Â Â+ D̂ Ĝ B̂ P Â Â+ D̂ Ĝ B̂

1 0.38 0.67 0.56 0.62 0.69 0.38 0.68 0.58 0.62 0.69 0.38 0.68 0.58 0.62 0.69

2 0.71 1.14 1.03 1.15 1.24 0.73 1.16 1.04 1.14 1.25 0.73 1.18 1.04 1.14 1.25

3 1.02 1.48 1.37 1.57 1.72 1.05 1.50 1.40 1.58 1.76 1.05 1.52 1.41 1.58 1.78

4 1.31 1.70 1.65 1.88 1.93 1.33 1.73 1.70 1.91 1.95 1.33 1.75 1.71 1.92 1.96

5 1.53 1.88 1.78 2.04 2.04 1.57 1.91 1.86 2.08 2.04 1.59 1.93 1.87 2.09 2.04

6 1.73 1.96 1.87 2.15 2.16 1.77 1.98 1.93 2.18 2.16 1.78 1.99 1.95 2.20 2.17

7 1.88 2.00 1.93 2.20 2.26 1.92 2.01 1.99 2.24 2.31 1.94 2.02 2.00 2.27 2.34

8 1.97 2.03 1.98 2.24 2.33 2.04 2.03 2.02 2.28 2.40 2.05 2.03 2.04 2.30 2.42

9 2.04 2.03 2.00 2.26 2.37 2.12 2.04 2.05 2.30 2.44 2.13 2.04 2.07 2.32 2.46

10 2.10 2.04 2.03 2.28 2.40 2.17 2.05 2.06 2.32 2.46 2.19 2.05 2.08 2.33 2.47
.
.
.

.

.

.
.
.
.

.

.

.

20 2.30 2.06 2.07 2.35 2.47 2.35 2.09 2.09 2.36 2.51 2.36 2.10 2.09 2.37 2.52

Note: Results from generations 11 to 19 were not presented in order to save space.
P, phenotypic value; Â, additive effect; Â + D̂, additive and dominant effect; Ĝ, additive and dominant and epistatic effect, that is, genotypic
value; B̂, breeding value; N, population size.
VA:VD :VAA:VAD :VDA:VDD = 4:2:2:1:1:2.

where G(t) is the genetic mean of the population at
generation t (t = 0, standing for the initial popula-
tion F2), and σG(0) is the genetic standard deviation in
the F2.

Simulations were run under two levels of herita-
bility (0.4 and 0.8), and three population sizes (100,
500, 1000). MAS was undertaken for 20 generations in
total. Simulations were replicated 200 times for each
case and the mean results of 200 simulations were
presented.

Results

Genetic response to MAS with epistasis

Genetic response
Results show, as expected, that the maximum ratio
between response to MAS and phenotypic selection
records at early generations and declines rapidly there-
after; the greater response is achieved with larger pop-
ulation size and higher heritability (Tables 1 and 2).
However, neglecting epistatic effects underlying se-
lection results in considerable loss in genetic response
to MAS, especially at later generations. For example,
with heritability in the broad sense 0.4 and popula-
tion size 500, the responses to MAS based only on
additive effects and additive and dominant effects are

decreased after 20 generations by up to 17%, as com-
pared with MAS on breeding values. When including
epistasis, selection also yields longer persistence re-
sponse than that based exclusively on additive or addit-
ive and dominance. It is expected that epistatic genetic
variation is not susceptible to be exhausted during
artificial selection and thus considerable variation re-
mains after so many generations of selection, which
will, no doubt, help to increase long-term selection
efficiency.

Breeding value as a measure for selection
Note that the breeding value in the context is referred
to the ‘additive genotype’, and variation in the breed-
ing values ascribed to the ‘additive effects’ of genes
and their additive × additive interactions. It is shown
in Tables 1 and 2 that breeding value is a more appro-
priate measure used in selection than genotypic value
and other selection indices in most cases. Selection
based on breeding value usually produces marginally
extra genetic gains in comparison to that on genotypic
value, and are more pronounced at early generations.
Also, selection based on breeding value tends to have
smaller standard error than other methods in most
cases (results not shown). Because of this, the remain-
ing results in the paper are reported only for MAS
based on breeding value.
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Table 2. Cumulative responses to selection based on phenotypic value, additive effect, additive and dominant effect, genotypic value, and breeding
value with H 2 = 0.8 and h2 = 0.4 for different population sizes

Generation N = 100 N = 500 N = 1000

P Â Â+ D̂ Ĝ B̂ P Â Â+ D̂ Ĝ B̂ P Â Â+ D̂ Ĝ B̂

1 0.56 0.68 0.57 0.64 0.70 0.56 0.69 0.59 0.63 0.70 0.56 0.69 0.59 0.63 0.71

2 1.06 1.16 1.06 1.18 1.28 1.06 1.20 1.07 1.16 1.28 1.06 1.21 1.07 1.17 1.28

3 1.47 1.54 1.44 1.62 1.82 1.48 1.57 1.46 1.63 1.85 1.48 1.57 1.47 1.64 1.86

4 1.78 1.80 1.76 1.93 2.04 1.81 1.83 1.78 1.96 2.03 1.80 1.83 1.79 1.97 2.04

5 1.99 1.96 1.93 2.10 2.13 2.02 1.99 1.96 2.13 2.11 2.02 1.99 1.98 2.13 2.12

6 2.12 2.02 2.01 2.21 2.24 2.15 2.02 2.04 2.23 2.24 2.15 2.03 2.05 2.23 2.26

7 2.19 2.03 2.05 2.26 2.35 2.23 2.04 2.07 2.28 2.40 2.23 2.04 2.08 2.29 2.43

8 2.23 2.04 2.07 2.30 2.41 2.28 2.05 2.09 2.32 2.46 2.28 2.05 2.10 2.33 2.48

9 2.27 2.05 2.08 2.32 2.45 2.31 2.05 2.10 2.33 2.48 2.32 2.06 2.11 2.35 2.49

10 2.30 2.04 2.09 2.33 2.46 2.33 2.06 2.10 2.35 2.50 2.34 2.07 2.11 2.36 2.50
.
.
.

.

.

.
.
.
.

.

.

.

20 2.37 2.05 2.11 2.37 2.49 2.37 2.09 2.11 2.36 2.52 2.37 2.11 2.11 2.37 2.53

Genetic variance configurations
The effects of various genetic variance configurations
on the short- and long-term selection responses are in-
vestigated (Figure 2). It is observed that MAS yields a
higher selection response compared with phenotypic
selection at least at early generations in all genetic
variance configurations studied. However, the relative
efficiency between MAS and phenotypic selection and
aggregated gain obtained after 20 generations are quite
different among different genetic variance configu-
rations even when the total genetic variance is fixed.
This is also observed in phenotypic selection.

Higher response to MAS is achieved when ad-
ditive and additive × additive variances predomin-
ate in the total genetic variance. However, MAS
gives lower response and becomes less effective at
later generations when dominance and its epistatic
interactions account for major part of the total ge-
netic variation. It is apparent that overall genetic
response varies proportionately to the amount of addi-
tive and additive × additive genetic variations exist-
ing in breeding population. On the other hand, the
response to MAS is more sustained and effective when
epistatic variance constitutes the major part of the total
genetic variance. For instance, at generation six, MAS
could have reached a genotypic value not achieved
by phenotypic selection for 40 or more generations
(result not shown). This may be the reason why the
surprisingly high efficiency of MAS still holds in
the long term. For traits controlled largely by non-

allelic gene interactions, MAS not only substantially
increases the efficiency of selection but, most import-
antly, realizes the major part of cumulative response
in short term. MAS is, however, less persistent but
more effective at early generations when epistatic ef-
fect accounts for minor genetic variation involved in
the selected trait. In this situation, epistasis is negli-
gible and selection solely based on additive or additive
and dominance model consequently produces similar
results as have been shown by many researchers (e.g.,
Zhang & Smith, 1992, 1993).

Effects of inaccurate estimates on the genetic
response to MAS

In practice, the overall efficiency of MAS should be a
combination of the efficiency of QTL detection and
marker-based selection. Different scenarios to study
the sensitivity of genetic response to errors in QTL
mapping are investigated (Figure 3–5).

QTL position
The larger the distance deviated from the true QTL
position, the lower the efficiency of MAS relative to
phenotypic selection. A QTL-marker bracket was used
to infer the transmission of parental QTL allele during
selection in our research. As a result of this, when
the number of putative QTLs, which were mapped
into a neighboring marker bracket rather than their
real marker bracket, increases, the efficiency of MAS
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Figure 2. Cumulative responses to phenotypic and marker-assisted selection under various genetic variance configurations. Different variance
configurations of each class are given in plot. P, phenotypic selection; B̂, marker-assisted selection based on breeding value. N = 500,
H 2 = 0.4.

Figure 3. Effect of incorrect position of QTLs on cumulative ge-
netic response. The distance deviating from the true QTL position
of each class is give in plot. N = 500, H 2 = 0.4, h2 = 0.2,
VA:VD :VAA:VAD :VDA:VDD = 4:2:2:1:1:2.

drops rapidly. However, the difference in genetic gain
with MAS is negligible when the postulated position
of QTL is less than 5.0 cM away from the true QTL
position. In such a situation, most postulated QTLs
still reside within their real marker bracket. This sug-
gests that the inaccuracies in estimating QTL position
within its real marker bracket have little impact on
genetic response to MAS.

QTL effect
Lower genetic response to MAS is observed when in-
flating or deflating QTL effects. A reduction in the
aggregated genetic gains in MAS is a function of the
proportion of biased estimated variations. The impact
on the genetic response to underestimation of QTL
effect was less substantial than for overestimation.
However, even when the larger overestimated or un-
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Figure 4. Effect of incorrect effect of QTLs on cumulative genetic response. The percentage of phenotypic variation accounted biased by these
QTLs of each case is given in plot, +, overestimation of QTLs effect; −, underestimation of QTLs effect. N = 500, H 2 = 0.4, h2 = 0.2,
VA:VD :VAA:VAD :VDA:VDD = 4:2:2:1:1:2

Figure 5. Effect of false positive QTLs on cumulative genetic re-
sponse. The number of false positive QTLs and epistases, and
the percentage of phenotypic variation accounted by these QTLs
of each case are given in plot. FQ, false positive QTL; FE,
false positive epistasis. N = 500, H 2 = 0.4, h2 = 0.2,
VA:VD :VAA:VAD :VDA:VDD = 4:2:2:1:1:2.

derestimated variation explained by those QTLs were
involved in selection, MAS still gives a higher selec-
tion response as compared with phenotypic selection
especially in the short term. It seems that selection is
reasonably robust to errors in estimating QTL effects
in our research.

False positive QTL
Genetic response to MAS declines dramatically with
an increase in the number of ‘ghost’ QTLs and the
magnitude of variations explained by those QTLs.
This differs from the results of Berloo and Stam
(1998) in which introduction of false positive QTLs

did not significantly affect the MAS selection results.
It should be noted however that Berloo and Stam
(1998) focused on selecting superior genotypes only
for one generation rather than improving population
mean for several consecutive generations. Therefore,
for a given breeding scheme, breeders should be cau-
tious to include those QTLs with lower probability
threshold into the selection index.

Discussion

Recent studies of MAS have tended to focus on the use
of multiple regression and mixed model approaches to
investigate the efficiency of MAS (e.g., animal model
for BLUP, Fernando & Grossman, 1989). These meth-
ods appear to have failed to fully utilize QTL map
information that can be used to improve the perfor-
mance of MAS. Whittaker et al. (1995) proposed to
take into account the position of markers when estim-
ating breeding value. However, these authors showed
that this only slightly improves the efficiency of MAS.
Extending preliminary analysis of Whittaker et al.
(1995), we proposed a method for MAS based on
QTLs with epistasis. This allows us to gain more in-
sight into the characterization and potential of MAS
for the improvement of a quantitative trait. However,
the perspective here is quite different in that we eval-
uated the efficiency of MAS assuming that we had
obtained knowledge about QTLs affecting the trait
studied, then investigated the effects of inaccurate es-
timates of QTL detection on genetic response to MAS.
It should be also noted that we concentrated more
on identifying QTL genotype rather than estimating
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QTL allelic effects associated with each marker allele.
To estimate p(zi |hi) over successive generations, we
also employed an approximate method provided by
Whittaker et al. (1995) but with some modifications:
(i) estimating the frequencies of marker haplotype by
maximum likelihood approach, and (ii) deriving the
frequencies of QTL allele from the parental pool di-
rectly (see Appendix). Our method usually worked
better in most cases (results not shown) and is easily
extended to track changes in QTL alleles in pedigree
breeding for self-fertilizing crops.

Complex quantitative traits consist of genetic ef-
fects more than simple additive and dominant effects.
The most striking feature of our research is the use of a
more sophisticated biological model by including epi-
static effects, which gives a greater ability to optimize
long-term selection response and provides a better un-
derstanding of genetic base underlying improvement
of quantitative trait. We demonstrated that, if there are
epistatic effects, MAS generally bears longer persis-
tence response than those reported in previous stud-
ies (e.g., Zhang & Smith, 1992, 1993; Gimelfarb &
Lande, 1994), in which authors used an additive ge-
netic model. Ignoring epistatic effects, however, leads
to considerable loss in genetic gain provided by MAS.
It is indicated that epistasis is an important compo-
nent of genetic basis on which to base selection merits
serious consideration in breeding. On the other hand,
it was shown in the present study that in addition to
the population size and heritability of the trait under
selection, genetic variance configurations play an im-
portant role in determining the efficiency in both short
and long terms. Firstly, cumulative genetic response to
selection varies proportionately to the amount of addit-
ive and additive × additive genetic variations involved
in the selected trait. Secondly, the larger epistatic ge-
netic variation under selection, the higher efficiency of
MAS retains in the long term. This implies that differ-
ent types of genetic effects contributing to expression
of the selected trait produce notable effects not only on
efficiency of MAS and thus on the gain per unit cost,
but also on the selection limit reached.

In addition, we proposed breeding value as a mea-
sure for identifying desired individuals on which MAS
bases. Here, we extended the original connotation
of breeding value by including epistasis of additive
× additive (Falconer, 1981). In the results, selection
on breeding value not only obtained higher genetic
response, but also tended to have smaller standard er-
ror than other methods in most cases. To our knowl-
edge, additive and additive × additive epistasis can

be gradually fixed under directional selection. It was
observed that the favorable alleles at QTLs tend to be
faster toward fixation under MAS than under pheno-
typic selection, in which quantitative genetic variation
was assumed to be under control for simple addi-
tive effects (Zhang & Smith, 1992; Hospital et al.,
1997). We might envisage then that selection using
breeding values, which usually works better than other
methods, might also fix favorable binate alleles among
QTLs more frequently. However, the dynamics of fixa-
tion of binate QTLs was not investigated in the present
paper and requires further investigation.

In our study, we formally treated QTL detec-
tion and QTL selection as each independent phase.
In reality, the overall efficiency of MAS will be a
combination of the efficiency of QTL detection and
marker-based selection, and hence probably below the
sole efficiency of MAS investigated in the present
paper. However, the responses achieved are reason-
able in consideration of complex epistasis involved in
selection. We pointed out that errors in QTL detec-
tion cause a distinct reduction in response to MAS
in most cases, except when the location of QTL is
estimated inaccurately but still resides within its real
marker bracket. It is thus concluded that verification
of putative QTL, which mainly includes two aspects:
(i) magnitude of QTL effect, (ii) and accurate chro-
mosome map location, is imperative to realize the
potentials of MAS. Beavis (1994) showed that the ef-
fects associated with QTLs are more overestimated
when the population size is small, and that this bias
cannot be neglected even for a population of 500 indi-
viduals. A related problem was also investigated by
Wang (2000), who concluded that it is common to
exaggerate the effects of those QTLs detected in a
single experiment in practice. As such, it is necessary
to shrink the estimate for optimizing the long-term
gains. On the other hand, false positive QTLs have a
great influence on genetic response to MAS. Higher
probability thresholds for declaring a QTL effect sig-
nificantly reduce the chances of spurious QTLs being
reported, but also reduce chances of detecting QTLs
with small effects (Wang, 2000). It should be pointed
out that QTLs with large effects are easily manipulated
by traditional breeding practices, and may already be
at high frequencies or fixed in many breeding lines and
populations (Zhang & Smith, 1992). Therefore, MAS
may be more productive if one places greater emphasis
on those QTLs with small effects rather than a few
QTLs with large effects. It suggests that new breed-
ing strategies based on QTL evaluation with a large
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population will be essential to realize the potentials of
MAS.

Our approach aims at utilizing QTL map informa-
tion obtained at previous generations. In this method,
only the markers bracketing QTL, which account for
phenotypic variation of the trait studied, are chosen
with phenotypic evaluation and genotyped when trait
is submitted to selection. The cost of genotyping is
hence reduced. A prerequisite is that genetic architec-
tures of QTLs affecting the improved trait are available
(i.e., breeding population should have been screened
for QTLs and markers) and hence QTLs location and
effects are estimated. However, the problem related to
mapping QTL with epistatic effects is a complicated
issue and will be found elsewhere (Zhu & Weir 1998;
Wang et al., 1999; Gao, 2001).

To maximize the benefits from marker-based pro-
cedures, a proper strategy in the implementation of
MAS based on our conclusions, also mentioned by
Hospital et al. (1997), should receive due consider-
ation. It consists of two phases: (i) large-scale screen-
ing of the breeding population to determine the precise
location of individual QTL and to quantify gene ac-
tion and interaction among genes. In this phase, other
results from such fine mapping and comparative map-
ping should be integrated; and (ii) performing selec-
tion to increase the frequencies of favorable alleles
at the QTLs with as small a population as possible
(∼100).

Acknowledgements

We greatly thank J.C. Whittaker for his helpful discus-
sions and comments of part work of this paper. This
research was supported in part by the National Natural
Science Foundation of China.

Appendix

Whittaker et al. (1995) described an approximation for
estimating p(zi |hi) in subsequent generations by ref-
erence to marker genotypes. The probability of the ith
QTL allele (Qi) given the marker haplotypeMilMir is

pt(Qi |MilMir) ≈ 1

pt(MilMir )
×

×
(
pt (Mil)pt (Qi)pt (Mir )+ pt (Mil)Lt (i)+

+ Lt(i)pt (Mir )+ Lt (i)
2

pt(Qi)

)
(A.1)

where the subscript t means that these are the proba-
bilities in the tth generation; pt (Mil ) and pt (Mir) are
the frequencies of marker allelesMil andMir (known),
respectively; pt(Qi) is the frequency of QTL allele
Qi ; L̂t (i) is the linkage disequilibrium between the
ith QTL locus and either the left flanking marker Mil

or the right flanking marker Mir ,

L̂t (i) =
√
pt (Qi)pt (qi)D̂t (i) (A.2)

where D̂t (i) is the linkage disequilibrium between the
flanking markersMil and Mir ,

D̂t (i) = pt (MilMir )p(milmir)−
− pt(Milmir)p(Milmir) (A.3)

where pt(MilMir ), p(milmir), pt(Milmir) and
p(milMir) are the frequencies of marker haplotypes
MilMir , milmir , Milmir and milMir , respectively (for
details, see Whittaker et al., 1995).

To use the above expressions we need to know
pt(Qi) and pt (MilMir ). We can estimate pt (Qi) from
the parental pool in previous generation t − 1. Sup-
pose there are N individuals composing of the parental
pool and n QTLs affecting the selected trait. Each in-
dividual from the parental pool has possible 3n ge-
notypes and the probability of each genotype can be
calculated from formula (3) in text. Denoting pt (Qi)k
the probability that parent k(k = 1, . . . , N) possesses
Qi in generation t, we then obtain

pt (Qi)k =
3n∑
j=1

pt−1(zj |yk,hk)ϑ (A.4)

where yk and hk are the phenotypic value and
marker genotype of parent k in generation t − 1, re-
spectively; zj are the jth possible QTL genotypes,
zj = (z1, z2, . . . , zn)j , and their meanings are defined
the same as Methods section in text; the coefficient
ϑ is 1, 0.5 and 0 for genotype QiQi , Qiqi and qiqi ,
respectively. Thus,

pt (Qi) = 1/N
∑
k

pt (Qi)k (A.5)

Since the individuals from the parental pool are
employed to mating at random to produce the off-
spring population, genotypic frequencies are the
products of gametic frequencies and the maximum
likelihood approach may be employed (Weir, 1996).
The log-likelihood for multinomial marker data
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can be expressed as

lnL(p(Mil ), p(Mir ), p(MilMir)) =
Constant + (2nMilMilMirMir

+ nMilMilMirmir

+ nMilmilMirMir
) ln(p(MilMir ))+

+ (2nMilMilmirmir
+ nMilMilMirmir

+
+ nMilmilmirmir

) ln(p(Mil )− p(MilMir ))+
+ (2nmilmilMirMir

+ nMilmilMirMir
+

+ nmilmilMirmir
) ln(p(Mir )− p(MilMir ))+

+ (2nmilmilmirmir + nMilmilmirmir
+

+ nmilmilMirmir
) ln(1 − p(Mil )− p(Mir )+

+ p(MilMir ))+ nMilmilMirmir

ln[p(MilMir )(1 − p(Mil)− p(Mir )+
+ p(MilMir ))+ (p(Mil )−
− p(MilMir))(p(Mir )− p(MilMir ))] (A.6)

where pt(Mir ) and pt (MilMir ) have the same mean-
ings as in the formulae (A.1) and (A.3), respectively;
n . . . are the corresponding count of the marker geno-
type MilMilMirMir and so on, respectively. Numerical
methods are used to solve the above cubic equation,
each of the three roots checked to make sure that all
gametic frequencies are between zero and appropriate
allele frequencies, and then the three likelihoods are
computed. The valid solution that maximizes the like-
lihood is the required maximum likelihood estimator
for p(MilMir ).

As p1(Qi) is known in F2, this value and marker
frequencies such as p1(MilMir) can be used to cal-
culate p1(zi |hi) with formula (A.1), in turn the
p1(z|yk,h) for each individual from the parental pool
used to calculate p2(Qi) with formula (A.4). Continu-
ing the process allows us to calculate the conditional
probabilities of QTL genotypes on marker genotypes
in advanced generations.
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