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Abstract
The NCII design (North Carolina mating design II) has been widely applied in studies of combining ability and heterosis.
The objective of our research was to estimate how different base populations, sample sizes, testcross numbers and heritability
inﬂuence QTL analyses of combining ability and heterosis. A series of Monte Carlo simulation experiments with QTL mapping were then conducted for the base population performance, testcross population phenotypic values and the general combining ability (GCA), speciﬁc combining ability (SCA) and Hmp (midparental heterosis) datasets. The results indicated that:
(i) increasing the number of testers did not necessarily enhance the QTL detection power for GCA, but it was signiﬁcantly
related to the QTL effect. (ii) The QTLs identiﬁed in the base population may be different from those from GCA dataset. Similar phenomena can be seen from QTL detected in SCA and Hmp datasets. (iii) The QTL detection power for GCA ranked
in the order of DH(RIL) based > F2 based > BC based NCII design, when the heritability was low. The recombinant inbred
lines (RILs) (or DHs) allows more recombination and offers higher mapping resolution than other populations. Further, their
testcross progeny can be repeatedly generated and phenotyped. Thus, RIL based (or DH based) NCII design was highly recommend for combining ability QTL analysis. Our results expect to facilitate selecting elite parental lines with high combining
ability and for geneticists to research the genetic basis of combining ability.
[Li L., Sun C., Chen Y., Dai Z., Qu Z., Zheng X., Yu S., Mou T., Xu C. and Hu Z. 2013 QTL mapping for combining ability in different
population-based NCII designs by a simulation study. J. Genet. 92, 529–543]

Introduction
Breeding strategies for developing hybrids with high-yield
potential and better grain quality require an expected level
of heterosis and combining ability (Grifﬁng 1956; Basbag
et al. 2007; Riedelsheimer et al. 2012). To enhance the efﬁciency of hybrid breeding, many attempts have been made
to select suitable parents and combinations (Verhoeven et al.
2006; Shukla and Pandey 2008; Riedelsheimer et al. 2012).
An important approach for this purpose is combining ability
∗ For correspondence. E-mail: Chenwu Xu, qtls@yzu.edu.cn; Zhongli Hu,
huzhongli@whu.edu.cn.

analysis, which facilitate the selection of desirable parents
and crosses for the exploitation of heterosis.
Combining ability has conventionally been estimated
using partial–diallel designs (e.g., NCII design, factorial
(FCT) designs, or circulant designs) with variance component analysis (Verhoeven et al. 2006). This approach is less
labour intensive and can still yield considerable power for
combining ability analysis (Kempthorne and Curnow 1961;
Dhillon and Singh 1978). Under the NCII design, scientists
have used the terms general combining ability (GCA) and
speciﬁc combining ability (SCA) to designate the average
performance of parent and hybrid combinations. However,
whereas classic quantitative genetic studies attend to the

Keywords. combining ability; NCII design; QTL analysis; digenic; multiple alleles.
Journal of Genetics, Vol. 92, No. 3, December 2013

529

Lanzhi Li et al.
collective effects of all polygenes for a given trait, they cannot identify speciﬁc genomic regions that can be selected and
introgressed (Verhoeven et al. 2006).
With the advent and development of molecular markers,
it is now possible to dissect complex polygenic systems into
individual Mendelian factors. Substantial progress has been
made in quantitative trait loci (QTL) analysis based on a
variety of genetic designs, including triple testcross (TTC)
and North Carolina design III (NCIII) (Kusterer et al. 2007;
Melchinger et al. 2007; Garcia et al. 2008; Li et al. 2008;
Reif et al. 2009; He and Zhang 2011; He et al. 2012). These
classic genetic designs focus on researching the genetic basis
of heterosis. Only a few studies have used the NCII design
for QTL analysis of combining ability (Qi et al. 2012; Qu
et al. 2012). Combining the beneﬁts of the NCII design with
QTL mapping, the generalizable genetic architecture of complex traits could be estimated by QTLs detected by different
allelic combinations among different parents. This approach
focusses on the power of estimating QTL variance and gene
action by traditional quantitative genetic approaches.
In our previous study (Qu et al. 2012), we developed a
QTL-mapping method for dissecting combining ability and
heterosis of agronomic traits using a backcross recombinant inbred lines (BCRIL)-based NCII design. Our results
revealed that several QTLs associated with the combining
ability of agronomic traits were similar to the QTLs associated with agronomic traits related to performance that have
been detected in BCRIL (Qu et al. 2012). Qi et al. (2012)
reported that the genetic basis of GCA of the traits is different
from that of the yield-related traits per se.
To further uncover the genetic basis of combining ability
and heterosis of quantitative traits using NCII design, two
issues related to the detection of QTLs need to be addressed.
First, it is unclear whether our method of mapping QTLs for
combining ability could also be applied to other populationbased NCII designs. Second, what are the factors that inﬂuence the detection efﬁciency of QTL mapping for combining
ability (Qu et al. 2012). The objective of the present study
was to estimate how different base populations, sample sizes,
heritability and gene frequency inﬂuence QTL analyses of
combining ability and heterosis. A series of Monte Carlo
simulation (Fishman 1995; Berg 2004) experiments was carried out to conﬁrm the proposed approach for BC, F2 , DH
and RIL base populations.

Methods
Genetic models for mapping QTLs in the NCII design with
various base populations

Under the NCII design, base populations (F2 , BC, DH or
RIL) were derived from two inbred lines (P1 and P2 ) that
differed signiﬁcantly in the quantitative traits of interest and
possessed abundant polymorphic molecular markers. A random sample of n individuals from each base population was
crossed with k testers to produce kn testcross families. All
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of the kn families were planted with x replicates. Molecular
marker information was obtained from all the n individuals
from the base populations, whereas quantitative traits were
measured for all the knx testcross progeny. Phenotypic observations were denoted by ytij , where t∼1, 2,. . .k, i∼1, 2,. . .n
and j∼1, 2,. . .x. Two models were considered: the additivedominance model with two alleles or multiple alleles at each
locus. In the absence of multiple alleles at QTL loci, k = 2,
and the QTL genotype in the tester is a mixture of QQ and
qq, with the genotype frequency of QQ and qq taken as q and
p, respectively. In cases of multiple alleles at QTL loci in a
NCII mating design, k ≥ 4.
Assume that a quantitative trait is controlled by the QTL
Q, with two alleles (Q and q). This QTL is located near
molecular marker M (with two alleles M and m) on the same
chromosome. The recombination fraction between molecular
marker M and QTL Q is r. The genotypes of the two inbred
lines (P1 and P2 ) and their F1 progeny are MMQQ, mmqq
and MmQq, respectively. F1 individuals produce four types
of gametes, MQ, mq Mq, and mQ with frequencies 12 (1 − r),
for the ﬁrst two and 12 r for the remaining.
Under the NCII design, the GCA and SCA effects derived
from the base population (BC, F2 , DH or RIL) and its
related TC populations could be theoretically applied to the
QTL analysis. The formulae for this theory are deduced in
tables 1, 2 and 4 for cases with two alleles at each locus and
in tables 3 and 5 in cases with multiple alleles at each locus
in an additive-dominance model for BC and F2 based NCII
design. The genetic effect symbols used in this study correspond to those established in our previous study (Qu et al.
2012).
BC-based NCII design

The genotypes and genotype effects of markers and QTLs for
combining ability and heterosis in the BC-based NCII design
are listed in tables 1–3. According to the expected genetic
values of the GCA and SCA effects, subpopulation subtraction of GCA (or SCA) effect between the two genotypes of
molecular marker M (MM and Mm) is equal to a ﬁxed value
multiplied by a coefﬁcient (1−2r) (tables 1 and 2). The Hmp
(midparental heterosis) effect is equal to zero when the base
population is BC1 (F1 × P1 MMQQ) and the genotype of the
QTL in the testcross is QQ (table 1). The Hmp effect is also
zero when the base population is BC2 (F1 × P1 mmqq) and
the genotype of the QTL in the testcross is qq (table 2). In
other cases, Hmp is equal to the dominance effect multiplied
by the coefﬁcient (1 − 2r). When there are multiple alleles
at each locus, subtraction of the mean Hmp, GCA or SCA
value of two subpopulations is also equal to a ﬁxed value
multiplied by a coefﬁcient (1 − 2r) (table 3).
DH and RIL-based NCII designs

The genotypes and genotype effects of markers and QTLs for
combining ability and heterosis in the DH (RIL)-based NCII
design used here are listed in previous study (Qu et al. 2012).
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MM and mm denote the two genotype of molecular marker M; QQ, Qq and qq denote the three genotype of QTL; r, recombinant probability between molecular marker M and QTL; m,
overall mean value; a and d, additive and dominant effects, respectively; p and q, genotype frequency of QTL QQ and qq in tester, respectively (p + q = 1).
a When the genotype of QTL in tester is QQ, and its genotype frequency is q.
b When the genotype of QTL in tester is qq, and its genotype frequency is p.
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Table 1. The genotype and genotype effect of molecular marker (M) and QTL for combining ability and heterosis with two alleles at each locus in backcross population (F1 × P1 MMQQ).
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MM and mm, two genotype of molecular marker M; QQ, Qq and qq, three genotype of QTL; r, recombinant probability between molecular marker M and QTL; m, overall mean value;
a and d, additive and dominant effect, respectively; p and q, genotype frequency of QTL QQ and qq in tester, respectively (p + q = 1). (Gca)j ( j = 1∼4) denotes the general combining
ability of the jth genotype of BC plant.
a When the genotype of QTL in tester is QQ, and its genotype frequency is q.
b When the genotype of QTL in tester is qq, and its genotype frequency is p.
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Table 2. The genotype and genotype effect of molecular marker (M) and QTL for combining ability and heterosis with two alleles at each locus in backcross population (F1 ×P1 mmqq).
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MM and mm, two different genotype of molecular marker M; Q and q, two alleles of QTL; Qi (i = 1 ∼ k), multiple alleles of QTL in tester; r, recombinant value between molecular marker
M and QTL; m, overall mean value; a, additive effect in BC plant; ai (i = 1 ∼ k), additive effect in ith tester; gi and gi (i = 1∼ k), genotypic value of the homozygote and heterozygote of
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The genotype of QTL in tester is Qi Qi, , and its genotype frequency is 1/k
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Table 3. The genotype and genotype effect of molecular marker (M) and QTL for combining ability and heterosis with multiple alleles at each locus in backcross population.
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Table 4. The genotype and genotype effect of molecular marker (M) and QTL for combining ability and heterosis with two alleles at each locus in F2 population.
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MM and mm, two genotype of molecular marker M; QQ, Qq and qq, three genotype of QTL; r, recombinant probability between molecular marker M and QTL; m, overall mean value; a
and d, additive effect and dominant effect, respectively; p and q, genotype frequency of QTL QQ and qq in tester, respectively (p + q = 1). (Gca)j (j = 1 ∼9), general combining ability
of the jth genotype of F2 plant.
a When the genotype of QTL in tester is QQ, and its genotype frequency is q.
b When the genotype of QTL in tester is qq, and its genotype frequency is p.
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Table 4 (contd). (contd)
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F2 -based NCII design

The genotypes and genotype effects of markers and QTLs
for combining ability and heterosis in the F2 population are
listed in tables 4 and 5. Subtraction of the mean Hmp, GCA
or SCA effects from any two subpopulations is equal to a
ﬁxed value multiplied by a coefﬁcient (1 − 2r).

Simulation experiment II

Simulation experiment I

The purpose of the simulation experiment was to evaluate
the statistical power of QTL mapping for combining ability
in different population-based NCII designs. The simulated
genome consisted of four chromosomes (chromosomes 1–4),
with 25 evenly spaced markers covering each chromosome
at an average marker interval of 10.0 cM. We simulated three
main-effect QTLs, each of which was located in the marker
interval. The three main-effect QTLs were located at 192.0,
105.0 and 196.0 cM of chromosome 1, 2 and 4, respectively.
For the additive-dominance model with two alleles at each
locus, the number of testcrosses (m) for each NCII family
was set at 2. When the F2 population was used as the base
population, the genetic parameters were as follows: μ =
100.00; a1 = 1.50, a2 = 2.00 and a3 = −1.00 for QTL1 ,
QTL2 and QTL3 , respectively; and d1 = 1.50, d2 = −1.00
and d3 = 2.00 for QTL1 , QTL2 and QTL3 , respectively.
When the BC, DH or RIL population was set as the base population, the genetic parameters were as follows: μ = 100.00;
a1 = 1.20, a2 = 1.50 and a3 = −1.00 for QTL1 , QTL2
and QTL3 , respectively; and d1 = 1.50, d2 = −1.00 and
d3 = 2.00 for QTL1 , QTL2 and QTL3 , respectively. When
the QTL genotype of the tester is QQ, its genotype frequency
is q. When the QTL genotype of the tester is qq, its genotype
is p. In the simulations, q = 12 . Each treatment was replicated
100 times.
For the additive-dominance model with multiple alleles at
each locus, the number of testcrosses (m) for each NCII family was set at 4. Certain genetic parameters, such as population mean values and additive and dominant effects of
the three QTLs, were the same as those under the additivedominance model with two alleles at each locus. The other
genetic parameters were set as follows: for the ﬁrst testcross
population, g1 = −2.00, g2 = 1.80, and g3 = 3.00 and
g1 = 1.00, g2 = −1.40, and g3 = 1.60 for QTL1 , QTL2
and QTL3 , respectively; for the second testcross population,
g1 = 1.60, g2 = 2.00, and g3 = −1.00 and g1 = 1.40,
g2 = −2.00, and g3 = 1.60 for QTL1 , QTL2 and QTL3 ,
respectively; for the third testcross population, g1 = 1.00,
g2 = 1.50, and g3 = 2.00 and g1 = −1.20, g2 = 1.00, and
g3 = −3.00 for QTL1 , QTL2 and QTL3 , respectively; for the
fourth testcross population, g1 = −0.50, g2 = −1.00, and
g3 = −2.00 and g1 = 1.00, g2 = 1.50, and g3 = 1.80 for
QTL1 , QTL2 and QTL3 , respectively. gi and gi (i = 1∼k)
denote the genotypic value of the homozygote and heterozygote of QTL, respectively. The broad heritability (h2B ) of each
model was set at three levels: 20%, 50% and 80%, which
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represent low, middle and high heritability. The sample size
(n) or the number of individuals in the base population (BC,
F2 , DH or RIL) was set at two levels: 200 and 400. Molecular marker information for TC populations was derived from
the corresponding base population in the NCII design. Each
treatment was replicated 100 times.

In order to investigate how the different gene frequency in
testers inﬂuence QTL mapping for combining ability and
heterosis. Under the additive-dominance model with two
alleles at each locus, q = 12 , 13 , 14 , 15 , 25 , 16 , 18 , 38 (when p =
1 2 3 4 3 5 7 5
, , , , , , , ) for testers in RIL-based NCII design
2 3 4 5 5 6 8 8
were set. Each treatment was replicated 30 times. With these
gene frequencies of p and q, all conditions of gene frequency
were taken into accounted when the denominator of the gene
frequency is 2 to 6 and 8. For example,
   when
 the denominator is 6, gene frequency of 16 , 26 13 , 36 12 , 46 23 , 56 were set in
our model.

QTL mapping

The QTL analysis was performed separately for the phenotype values of the base populations and the GCA, SCA
and Hmp datasets derived from each base population and its
related TC populations. Hmp, SCA and GCA effects were
estimated
 with the following equations: (Hmp)ij = yij −

yi + yj /2; (Sca)ij = yij − y·· − (Gca)i − (Gca)j ; (Gca)i =
yi· − y·· , where (Hmp)ij , the midparental heterosis value of
the TC hybrid from the parental lines’ base population (BC,
DH, RIL or F2 ), line i and tester j; yij , the phenotypic value
of the TC hybrid between the parental lines’ base population
(BC, DH, RIL or F2 ), line i and tester j; yi , the phenotypic
value of base population line i; yj , the phenotypic value of
tester j; (Sca)ij , SCA effect; y·· , overall mean; (Gca)i , GCA
effect of base population line i; (Gca)j , GCA effect of tester j;
and yi , mean performance of the three hybrids between base
population line i and the m testers.
Analyses of the main-effect QTL (M-QTL) were conducted for each dataset (including GCA, SCA, Hmp, base
population and TC populations) by network interval mapping (NWIM) using QTL network 2.0 (Yang et al. 2008).
A logarithm of the odds (LOD) score of 3.0 was selected
as the threshold for the presence of a M-QTL, based on the
total map distance and the average distance between markers.
QTLs that were detected in different populations or for different traits were considered common if their estimated map
positions were within a distance of 20 cM (Groh et al. 1998).
This is a common approach used in comparative mapping
(Frascaroli et al. 2007; Li et al. 2008, 2010). For each simulated QTL, the estimate for the QTL parameter was the
average of the corresponding estimates from the counted
samples. The number of QTLs detected in every 100 simulated datasets represents the detection power of the QTL.
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of SCA

of SCA
Subpopulation subtraction

Mean value of subpopulation

Genotype effect in Sca

of Hmp

Subpopulation subtraction

of Hmp

Mean value of subpopulation


1
1
gi − (−a + ai )
gi + gi − d − ai
2
2



1
= gi −
a + a + r gi − gi + a − d
2


+ r2 gi + gi − a

−



1
MMSca − MmSca = − (1 − 2r) gi − gi − G + G
2

MMSca

0


1
gi + gi − G + G
2


1
= (1 − 2r) gi − gi − G + G
2


1
gi + gi − G + G
2

× [(1 − r) A + (2r − 1) B − rC]

MMHmp − MMHmp = (1 − 2r)

MMHmp

1
(a + ai )
2

Genotype effect in Hmp

gi −

m + gi


1
gi + gi
2

m + gi

Genotype effect in testcross

m+

m−a
Qi q

m+d
Qi Q : Qi q(1:1)

m+a
Qi Q

Genotype effect in F2
Genotype of testcross

1 2
r
4

1
r (1 − r)
2

1
(1 − r)2
4

Frequency in F2 plant

MMqq

MMQq

MMQQ

Genotype of F2 plant


1
gi + gi
2
m + gi

m−a
Qi q

1
r (1 − r)
2

Mmqq


1
1
gi − (−a + ai )
gi + gi − d − ai
2
2



1
= r − r2 d +
gi + gi − d − a
2

m+

m+d
Qi Q : Qi q(1:1)

1
1 − 2r + 2r2
2

MmQq

−

gi −

mmHmp

m+


1
gi + gi
2

m+d
Qi Q : Qi q(1:1)

1
r (1 − r)
2

mmQq

m + gi

m−a
Qi q

1
(1 − r)2
4

mmqq

MmSca − mmSca =

mmSca



1
(1 − 2r) gi − gi − G + G
2

−


1
gi + gi − G + G
2


1
= − (1 − 2r) gi − gi − G + G
2

0

× [rA + (1 − 2r) B + (r − 1) C]

MmHmp − mmHmp = (1 − 2r)


1
1
gi + gi − d − ai gi − (−a + ai )
2
2



1 
= gi −
a − a + r gi + gi − d − a
2


+ r2 −2gi − a + d + a
1
(a + ai )
2

m + gi

m+a
Qi Q

1 2
r
4

mmQQ

 1

1
gi + gi − G + G
gi + gi − G + G
2
2



MMSca − mmSca = (1 − 2r) gi − gi − G + G

MmSca = 0

0

MMHmp − mmHmp = (1 − 2r) (A − C)

MmHmp

1
(a + ai )
2


1
gi + gi − G + G
2

gi −

m + gi

m+a
Qi Q

1
r (1 − r)
2

MmQQ

Table 5. The genotype and genotype effect of molecular marker (M) and QTL for combining ability and heterosis with multiple alleles at each locus in the F2 population.
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MMGca

MMqq

0



1
(1 − 2r) G − G
2


1 
G −G
2


1
= (1 − 2r) G − G
2

MMQq

MMGca − MmGca =


1
G − G
2

MMQQ

MmGca = 0

0

MmQq

1 
G −G
2

Mmqq



MMGca − mmGca = (1 − 2r) G − G


1
G − G
2

MmQQ

mmGca

mmqq



1
(1 − 2r) G − G
2


1 
G −G
2


1
= − (1 − 2r) G − G
2

0

mmQq

MmGca − mmGca =


1
G − G
2

mmQQ

MM and mm, two different genotype of molecular marker M; Q and q, two alleles of QTL; Qi (i = 1∼ k), multiple alleles of QTL in tester; r, recombinant value between molecular marker
M and QTL; m, overall mean value; a, additive effect in F2 plant; d, dorminance effect in F2 plant; ai (i = 1∼k), additive effect in ith tester; gi (i = 1∼ k), genotypic value of the homozygote
k
k
1
1 
in tester line i, and gi (i = 1∼ k), genotypic value of the heterozygote of QTL which derived from F2 plant × tester line i, respectively. G =
gi , G =
gi ·(Gca)j (j = 1∼9),
k
k
i=1
i=1
general combining ability of the jth genotype of F2 plant. The genotype of QTL in tester is Qi Qi, , and its genotype frequency is 1/k.

1
1
1
gi + gi − d − ai ; C = gi − (−a + ai ) .
A = gi − (a + ai ) ; B =
2
2
2



1
1
2
gi + gi − ai .
MmHmp − MMHmp + mmHmp /2 = − 6r − 6r + 1 d −
2
2


MmSca − MMSca + mmSca /2 = 0.


MmGca − MMGca + mmGca /2 = 0.

of GCA
Subpopulation subtraction
of GCA

Mean value of subpopulation

(Gca)j

Genotype of F2 plant

Table 5 (contd). (contd)
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Results and discussion
Tables 1–5 in electronic supplementary material summarize the QTL mapping results from eight datasets (base
population, two TC populations, one GCA dataset, two
SCA datasets and two Hmp datasets) under the additivedominance model with two alleles (q = 1/2) at each locus in
BC-based, F2 -based, DH-based, RIL (selﬁng)-based and RIL
(sib-mating)-based NCII designs, respectively. Tables 6–10
in electronic material summarize the QTL mapping results
from 14 datasets (base population, four TC populations,
GCA dataset, four SCA datasets and four Hmp datasets)
under the additive-dominance model with four alleles at each
locus in different population based NCII designs, respectively.
The results showed that many QTLs were accurately
detected in set intervals in chromosomes 1, 2 and 4 for every
simulated situation (tables 1–10 in electronic supplementary
material). In particular, the QTLs successfully detected in the
GCA and SCA datasets further conﬁrm that QTL mapping
for combining ability is feasible under different populationbased NCII designs. Quantitative genetic studies focussing
on parental GCA and SCA for a particular complex trait
were popular precisely because they allowed an estimation
of the genetic architecture of the phenotype, with inference
extending back to the reference population (Grifﬁng 1956;
Verhoeven et al. 2006).
Similar to He et al. (2001) and Su et al. (2010), our results
indicate that increasing the broad heritability and sample
size (base population sample size in the present study) can
enhance the QTL detection power (tables 1–10 in electronic
supplementary material). He et al. (2001) also demonstrated
that the efﬁciency of the QTL detection power increased
sharply when the sample size was raised from 100 to 400.
Similar results were obtained in the present study (data not
shown).
Increasing the number of testers did not necessarily
enhance the QTL detection power for GCA, but it was signiﬁcantly related to the QTL effect. For example, in the BCbased NCII design with two testcross populations, three set
QTLs for GCA were detected at a near-signiﬁcant level in
every simulation (table 1 in electronic supplementary material). Conversely, with four testcross populations, the QTL
set for GCA on chromosome 4 was hardly detectable in our
simulations with a sample size of 200 (table 6 in electronic
supplementary material). This result may be interpreted by
supposing that the genetic effect of the QTL on GCA was
G−G (G =

1
k

k
i=1

gi , G =

1
k

k
i=1

gi ·gi and gi (i = 1 ∼ k) denote

the genotypic values of the homozygous and heterozygous
QTLs, respectively) multiplied by a coefﬁcient. As a consequence, if G and G have the same magnitude, the QTL will
not be identiﬁed in the GCA dataset, no matter how many (k)
testers are included in the NCII design. Our results may, to
some extent, reconcile previous disagreements in the literature regarding optimal QTL mapping designs. In particular,

Rao and Li (2000) recommended the use of a small number of large families (two to ﬁve families, each with 250–
1000 progeny), whereas Xu (1998) and Xie et al. (1998),
both suggested a larger number of intermediate-sized families. Wu and Jannink (2004) found the highest QTL detection power for strategies employing relatively few parents
(5–10). Verhoeven et al. (2006) demonstrated that the tradeoff between the number of families and family size differed
between experimental designs. Zhu and He (2001) pointed
that the GCA effect of sweetcorn can be tested accurately by
one selected tester line and at least three testers are needed
when not selecting. Three distinct factors may contribute to
this disagreement. First, different statistical methods were
used. In Wu and Jannink (2004) study, the authors discarded
potential information related to QTL effects that contribute
to differences among families such that the higher the number of families, the more among-family information was lost.
Second, different mating designs were used. Wu and Jannink
(2004) used a circulant diallel design, whereas a half-diallel
mating design without selﬁng was used by Verhoeven et al.
(2006) and in the present work. The last and perhaps most
important factor is the use of different statistical methods.
Previous studies (Grifﬁng 1956; Xu 1998; Zhu and He 2001;
Wu and Jannink 2004) explored the variance components of
the QTL and polygenes linked to a given trait. However, we
detected the position and QTL effects of each QTL locus for
the traits.
Our results showed that, for general combining ability, the
genetic effect and position of gca-QTLs (QTLs detected in
the GCA dataset) were greatly inﬂuenced by the testcross
population although increasing the number of testers did not
necessarily enhance the QTL detection power for GCA. gcaQTLs may indeed be different for different testers, even
with the same base population (e.g., the gca-QTL detected in
table 4 in electronic supplementary material is different from
that in table 9 in electronic supplementary material). Therefore, the more testcross populations included in the NCII
design, the more meaningful the gca-QTL detection results
will be.
Although the number of testers has little impact on the
detection of GCA and SCA QTLs, the QTL effect does inﬂuence QTL detection power. When the recombination rate r is
ﬁxed, the absolute value of QTL effect becomes larger and
hence, the QTL can be detected more easily. This relationship
is well illustrated by the following four examples.
(i) With two alleles at each locus, when p = q = 12 , the
QTL detection power in the GCA dataset is approximately equal to or lower than that calculated for the
base population phenotype value dataset. For example, in the DH-based NCII design, when broad heritability was high (50% or 80% in the present study),
the number of times the three QTLs were detected in
both DH population and DH-GCA dataset was close
to 100 in 100 simulations. However, when the sample
size was relatively small (200 in the present study)
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and broad heritability was low (20% in the present
study), the three set QTLs were detected in the DH
population just 76, 89 and 39 times, respectively, out
of 100 simulations and only, 55, 76 and 21 times
in the DH-GCA dataset (table 3 in electronic supplementary material). This ﬁnding is consistent with
the derived formulae in table 2 in electronic supplementary material in our previous study (Qu et al.
2012). A subpopulation subtraction between the two
genotypes of molecular marker M (MM and mm) is
equal to:
MMDH − mmDH = 2 (1 − 2r) a

value) is large. However, when the broad heritability is high
(80%), the number of times the three QTLs were detected in
GCA dataset was close to 30 in 30 simulations, no matter the
QTL effect is large or small.
(ii) When the QTL effect is close to zero, the QTL is
barely detected in the simulation. With multiple alleles at each locus, in BC-based NCII design, the subpopulation subtraction between the two genotypes
of molecular marker M (MM and Mm) (table 3) is
equal to:
MMBC − MmBC = (1 − 2r) (a − d)

(1)



MMGca − mmGca


 
1
1
= 2 (1 − 2r) a + q −
d
2
2
(2)



+ q − 12 d is GCA effect. When
In formula (2),
q = 12 , the QTL effect in formula (1) is almost twice as strong
as that in formula (2). Similar phenomena were observed in
the BC, RIL and F2 -based NCII designs. However, it should
be noted that when q = 12 under the additive-dominance
model, the gene actions of QTLs investigated in the GCA
dataset would differ from the corresponding activities in the
base population because of the dominance effect (d).
The QTL mapping results from datasets (base population,
testcross population, GCA, SCA and Hmp datasets) with different gene frequency of testers in RIL-based NCII design
are listed in tables 11–17 in electronic supplementary material. From ﬁgure 1, in RIL-based NCII design with low broad
heritability (20%), we can see that, no matter how different
the gene frequency in testers, the larger the QTL effect (absolute value) the higher the QTL detection power. When the
QTL effect (absolute value) is large, the number of times the
three QTLs were detected in GCA dataset was close to 30
in 30 simulations. This means that seldom false positive and
false negative QTLs are detected when QTL effect (absolute
1
a
2

MMGca − MmGca =
G =

1
k

k

gi , G =

i=1

1
k



1
(1 − 2r) G − G
2

k
i=1

(4)

gi ·gi and gi (i = 1∼ k)

denote the genotypic values of the homozygous and
heterozygous QTLs, respectively. In our simulations,
(a − d) is equal to 0, 3 and −3, and (G − G ) is
equal to −0.525, 1.30 and 0 for QTL1 , QTL2 and
QTL3 , respectively. Under these conditions, for the
QTL effect is zero, the ﬁrst QTL set on chromosome 1 detected in the BC population and the third
QTL set on chromosome 4 in BC-GCA are hardly
detected (table 1 in electronic supplementary material). In addition, the order of detection power of the
three QTLs is QTL2 > QTL1 > QTL3 in the BC-GCA
data. The larger the absolute value of the QTL, the
more easily the QTL can be detected, especially when
broad heritability is low (tables 6–10 in electronic
supplementary material).
(iii) In the F2 -based NCII design with two alleles at each
locus, the proportion of the three QTLs detected in
the Hmp dataset is less than that detected in the SCA
dataset (table 7 in electronic supplementary material).

Figure 1. QTL mapping for GCA in RIL-based NCII design summary result when broad heritability is 20%.
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(3)
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For Hmp and SCA, subpopulation subtraction among
three genotypes of molecular marker M (MM, Mm
and mm) (table 4) is equal to:
MMHmp − MmHmp = − (1 − 2r) rd

(5)

MMHmp − mmHmp = (1 − 2r) (r − 1) d

(6)

MMHmp − mmHmp = − (1 − 2r) d

(7)

MMSca − MmSca = − (1 − 2r) qd

(8)

MmSca − mmSca = − (1 − 2r) qd

(9)

MMSca − mmSca = 2 (1 − 2r) qd

(10)

The recombination rate r is set as 0.02, 0.05 and 0.06
for QTL1 , QTL2 and QTL3 , respectively. Because r is much
lower than q(q = 1/2), the QTL effect in the Hmp dataset
is less than in the SCA dataset. Similar phenomena can be
observed in the DH and RIL-based NCII designs. Interestingly, extremely few QTLs were detected in the HmpQQ
dataset under the BC-based NCII design (table 6 in electronic
supplementary material). This ﬁnding may be explained by
the fact that when the F1 progeny are backcrossed to the
larger value parent B1 (MMQQ), the subpopulation subtraction for HmpQQ between the two genotypes of molecular
marker M (MM and Mm) is equal to 0 (table 1).
(iv) With multiple alleles at each locus, the proportion
of the three QTLs detected in the Hmp dataset was
not necessarily less than that found in the SCA
dataset (tables 6–10). This result is consistent with
the formulae for subpopulation subtractions deduced
in tables 2 and 4. For example, in the BC-based
NCII design, the following two formulae are not
necessarily equal to or higher than one other.



1

gi −gi −a+d −ai
MMHmp − MmHmp = (1 − 2r)
2
(11)


1
MMSca − MmSca = − (1 − 2r) G − G − gi + gi
2
(12)
It is interesting to note that the QTL detection power
for GCA does not differ among the different populationbased NCII designs when the sample size is large and the
broad heritability is high (detection power close to 100).
However, the QTL detection powers of the various designs
differ when the broad heritability is low (tables 6–10 in

electronic supplementary material). With multiple alleles at
each locus, the subpopulation subtractions were deﬁned
as

follows: MMGca − MmGca = 12 (1 − 2r) G − G in the
BC-based NCII design;
 − MmGca = MmGca −
 MMGca
mmGca = 12 (1 − 2r) G − G and MMGca − mmGca =


(1 − 2r) G − G in the F2 -based NCII design; and MMGca −


MmGca = (1 − 2r) G − G in the DH-based NCII design.
For a ﬁxed recombination rate r, the order of the QTL detection power for GCA should be DH > F2 > BC. When the
sample size was 200 and broad heritability was 20%, the
detection power for the ﬁrst QTL ranked as follows: DH
(27) > F2 (20) > BC (13), whereas the detection power for
the second QTL was in the order of DH (100) > F2 (99) >
BC (58).
It should be noted that the recombination rate r also
impacts the QTL detection power. In the RIL-based NCII
design, the expectations for every dataset were similar to
those in the DH-based NCII design,
except
for r, which


was replaced by 2rm / 1 + 2rm or 4rm / 1 + 6rm . rm and
rm were recombinant values for two RI populations (selfing population and sib-mating population, respectively)

 (Hu


/
1
+
2r
et al. 1995). For
a
ﬁxed
QTL
position,
2r
m
m and

4rm / 1 + 6rm were less than r, so the subpopulation subtraction between MM and mm in the RIL-based NCII design
is less than that determined for the DH-based NCII design.
This difference is reﬂected by the fact that the number of
QTLs detected in the RIL-based NCII design was clearly less
than that of the DH-based NCII design. This pattern was particularly notable for conditions of low heritability (tables 3–5
and 8–10 in electronic supplementary material).
Among the different population-based NCII designs, we
highly recommend the RIL (or DH) based NCII design for
the following reasons. First, RIL (or DH) is a permanent segregating population, so it can be shared between research
groups, and testcross progeny can be repeatedly generated
and phenotyped as needed (Frascaroli et al. 2007, 2009;
Melchinger et al. 2007; Li et al. 2008; He and Zhang 2011).
Next, RIL (DH) offers a higher mapping resolution for allowing more recombinational segregation of tightly linked QTLs
than other populations (Xiao et al. 1995; Li et al. 2008;
Frascaroli et al. 2009; He and Zhang 2011). Further, the
use of homozygous RIL (or DH) provides the highest statistical power for QTL detection (Li et al. 2008; Frascaroli
et al. 2009; Schön et al. 2010). Finally, as combining ability was initially studied in homozygous inbred lines, further exploration of the RIL (or DH)-based NCII design is
warranted.
The drawbacks of our method are that: (i) because the
QTL effects investigated for GCA and SCA are mixtures of
additive and dominant effects as well as the genetic effects
of multiple alleles, the QTL effect documented in this study
is augmented effect, and (ii) for genetic basis of combining
ability is very complicated and hardly to be explicated when
take epistasis into account, only main-effect of QTL for combining ability was researched in present study. Many studies showed that epistasis play important effect on heterosis
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(Li et al. 2008; Reif et al. 2009). The inﬂuence of epistasis
on combining ability is in need for further study.

Conclusion
We demonstrate that by combining an NCII design and network interval mapping (NWIM) with QTLnetwork ver. 2.0,
we can dissect the genetic architecture of the combining ability of a complex trait. The combination of the NCII design
with QTL mapping permits the identiﬁcation of QTL loci
for traits as well as assessment of the generalizability of the
ﬁndings. If GCA and SCA loci detected, without crossbreeding all inbred lines in ﬁeld, breeders can predict the combining ability of new combinations through identifying the
molecular marker of new parental lines. The method documented in this study should be more accurate in combining
ability prediction than by conventional method (e.g. analysis
of variance analysis). Eventually, it will facilitate breeders in
selecting elite parental lines with high combining ability.
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