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Summary

Chromosome segment substitution (CSS) lines have the potential for use in QTL fine mapping and
map-based cloning. The standard #-test used in the idealized case that each CSS line has a single
segment from the donor parent is not suitable for non-idealized CSS lines carrying several
substituted segments from the donor parent. In this study, we present a likelihood ratio test based
on stepwise regression (RSTEP-LRT) that can be used for QTL mapping in a population consisting
of non-idealized CSS lines. Stepwise regression is used to select the most important segments for the
trait of interest, and the likelihood ratio test is used to calculate the LOD score of each chromosome
segment. This method is statistically equivalent to the standard ¢-test with idealized CSS lines. To
further improve the power of QTL mapping, a method is proposed to decrease multicollinearity
among markers (or chromosome segments). QTL mapping with an example CSS population in rice
consisting of 65 non-idealized CSS lines and 82 chromosome segments indicated that a total of

18 segments on eight of the 12 rice chromosomes harboured QTLs affecting grain length under the
LOD threshold of 2-5. Three major stable QTLs were detected in all eight environments. Some
minor QTLs were not detected in all environments, but they could increase or decrease the grain
length constantly. These minor genes are also useful in marker-assisted gene pyramiding.

1. Introduction

The rapid progress in the development of polymor-
phic molecular markers has led to the intensive use
of QTL mapping in genetics and plant breeding, and
thus to the development of a number of statistical
methods for QTL detection (Lander & Botstein, 1989;
Haley & Knott, 1992; Martinez & Curnow, 1992;
Jansen, 1994; Zeng, 1994; Churchill & Doerge, 1994;
Whittaker et al., 1996; Satagopan et al., 1996; Sen
& Churchill, 2001; Bogdan et al., 2004). From a
statistical perspective, methods for QTL mapping are
generally based on three broad classes: least square
(regression), maximum likelihood and Bayesian
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models. The simplest QTL mapping approach is
based on linear regression at the marker position and
is called single-marker or point analysis; it identifies
the association of a phenotypic trait with marker
classes by contrasting the means of marker types.
In single-marker analysis, both the recombination
fraction and the effect of QTLs are confounded and
therefore the QTL effect is always underestimated.
The interval mapping method (IM) is based on a
maximum likelihood parameter estimation that pro-
vides a likelihood ratio test for QTL detection
(Lander & Botstein, 1989; Hackett, 1997). A major
problem with IM is that the estimates of QTL
locations and effects can be biased when QTLs are
linked (Knott & Haley, 1992; Martinez & Curnow,
1992). Additionally, the estimate of QTL location has
a rather wide confidence interval, and it is not efficient
to use only two markers at a time for mapping
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analysis. Some of these problems are overcome by
composite interval mapping (CIM) (Zeng, 1994;
Jansen, 1994), which combines interval mapping with
multiple marker regression analysis and therefore in-
creases the precision of interval mapping. More
recently, Bayesian models have been widely studied
in QTL mapping (Satagopan et al., 1996; Sen &
Churchill, 2001; Xu, 2003; Bogdan et al., 2004;
Beaumont & Rannala, 2004). However, these methods
have not yet been widely used.

Concerning the mapping populations required for
QTL detection, such as F,, backcross (BC), doubled
haploids (DH), and recombination inbred lines (RIL),
they can be classified into two categories: temporary
populations and permanent populations. In a tem-
porary population such as F, or BC, each individual
in the population will segregate after self-pollination.
In contrast, in a permanent population such as DH
and RIL, each individual in the population is geneti-
cally homozygous, and the genetic construction will
not change through self-pollination. Thus, in perma-
nent populations the phenotypic value of complex
quantitative traits can be measured repeatedly
through a replicated experiment design, and the same
genotype can be tested under different environments,
allowing the study of genotype x environment inter-
action. Therefore, with permanent populations the
random environmental errors can be better controlled
and the precision of QTL mapping can be improved.
Currently, IM and CIM are the two QTL mapping
methods that are commonly used in these cases.

QTLs identified from those mapping populations
described above normally have 10 cM or even wider
confidence intervals (Alpert & Tanksley, 1996).
Recently, permanent populations consisting of series
of chromosome segment substitution (CSS) lines
(also called introgression lines) have been used for
gene fine mapping (Eshed & Zamir, 1995; Tanksley
& Nelson, 1996; Nadeau et al., 2000; Wissuwa et al.,
2002; Kubo et al., 2002; Belknap, 2003; Cowley
et al., 2003; Wan et al., 2004, 2005, 2006). In the
idealized case that each CSS line has a single segment
from the donor parent, the standard analysis of
variance (ANOVA), followed by multiple mean
comparison between each line and the background
parent, can be readily used to test whether the seg-
ment in the tested CSS line carries QTLs controlling
the trait of interest (Belknap, 2003). Unfortunately,
it will take much labour and time to develop a
population consisting of idealized CSS lines. Usually
in a preliminary CSS population each line carries
a few segments from the donor parent. Due to high-
intensity selection in the process of generating CSS
lines, the gene and marker frequencies with CSS lines
do not follow the same path as in a standard mapping
population such as F,, BC, DH or RIL. Thus the
methods previously described are not suitable here,
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and to our knowledge no QTL mapping methods with
such a population have been formally reported.

The main objective of this study was to identify
QTLs for grain length in a non-idealized CSS popu-
lation in rice (Oryza sativa L.) by means of a likeli-
hood ratio test based on stepwise regression. Since the
chromosome segments are represented by individual
markers, in this study chromosome segments and
markers will be used without any distinction.

2. Materials and methods

(1) One CSS population in rice consisting of
65 non-idealized lines

We illustrate the use of the proposed QTL method
in a population consisting of 65 rice CSS lines and
82 chromosome segments. The two parents are the
Jjaponica rice variety Asominori (the background
parent, denoted as P;) and the indica rice variety IR24
(the donor parent, denoted as P,) (for details about
the development of this population, see Tsunematsu
etal., 1996; Kubo et al., 1999, 2002; Wan et al., 2004).
Each CSS line in the population contains 1 to 10
segments from the donor parent IR24. On average,
each substitution segment exists in 3-7 CSS lines, and
each CSS line carries 4:6 segments from the donor
parent (Fig. 1).

The two parents and 65 CSS lines were grown in
eight environments (denoted as El to E8; four lo-
cations in two years). Each entry plot contained 10
rows, and each row had 10 individual plants. A ran-
domized complete block design with two replications
was used in each environment. At maturity, each
entry was harvested in bulk. After drying, grains were
stored at room temperature for 3 months, and then
the milled rice was used for measuring grain length
(Wan et al., 2006). This trait will be used to show the
outcomes from the proposed QTL mapping method.

One may want to use the standard t-test to show
whether there is a significant difference between one
CSS line, say CSSLI1, and the background parent
Asominori (Fig. 1). In this case, no significant differ-
ence implies no evidence that there are QTLs on the
four markers M1, M2, M3 and M22. However, if
there is a significant difference between CSSL1 and
Asominori, it cannot be determined whether there is
only one QTL on one of the four segments or multiple
QTLs on segments M1, M2, M3 and M22, as the
effects of the four segments are confounded.

(1) Inclusion of the background parent and
exclusion of the donor parent

For n idealized CSS lines, the correlation coefficient
between any pair of markers is r= ——1-. If the back-
ground parent (P,) is included, the coefficient becomes
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understand how various markers affect the phenotype
of a trait of interest, and how well the markers predict
the phenotypic performance. Therefore, multi-
collinearity among markers must be considered.

The level of multicollinearity can be assessed by
the wvariable inflation factor and the condition
number (Myers, 1990; Wang & Chow, 1994). Here we
consider the condition number, which is defined as
k =2 max/Amin, Where Apax and Ay, are the maximum
and minimum eigenvalues of the correlation matrix
between markers, respectively. When there is no col-
linearity at all, the correlation matrix in model (1) is
an identity matrix, and therefore the eigenvalues and
condition number will be equal to 1. As collinearity
increases, some eigenvalues will be greater than 1 and
some smaller than 1, and the condition number will
increase. There is no theoretical way to find an
appropriate threshold value for judging whether
multicollinearity is high. An informal rule of thumb
is that if the condition number is more than 100,
multicollinearity is of concern, and if it is greater than
1000, multicollinearity is a very serious concern
(Wang & Chow, 1994). In this study, 1000 was used as
the threshold value for the condition number in QTL
mapping with CSS lines.

A sequential process for decreasing multi-
collinearity was proposed. If marker pairs have a
perfect correlation, meaning that these pairs of
markers display no differences among all lines, one
of them can be randomly deleted. If the correlation
is high, but not perfect, the marker present in more
lines is deleted, so that the mapping population will
gradually approach an idealized one.

(v) A likelihood ratio test combined with
Stepwise regression

The most direct way to find the estimates of par-
ameters in model (1) is to use stepwise regression.
As usual, the largest P value for entering variables
was set at 0-05, and smallest P value for removing
variables was set at 0-10. If we assume we need to test
whether there is a QTL in the chromosome segment
represented by the jth marker, the observation values
in model (1) can be adjusted by

Ayi=yi— Z brxig.
k#j

When scanning for QTLs along the chromosomes,
parameters in the above equation are estimated
from stepwise regression, and will not change. The
deviation thus calculated contains the QTL infor-
mation on the current chromosome segment, and at
the same time the effects from other QTLs have been
controlled.

Suppose that the QTL has two alleles ¢ and Q,
where ¢ is located in the background parent and Q
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in the donor parent. Rearrange Ay, and let
i=0,1,2,...,n, represent the CSS lines having P;
marker type, and i=n,+1,n,+2, ..., n refer to the
CSS lines having P, marker type. Thus Ay; follows
the distribution N(uy,0%) for i=0,1,2, ..., n; and
the distribution N(us,0%) for i=nm+1,m+2,...,n,
where N(u,,0%) and N(us,0%) represent the normal
distributions of the two QTL genotypes gg and QQ,
respectively. The existence of QTLs in the current
chromosome segment can be tested by the following
hypotheses: Hy: pty =p, versus H 4: puy #u,. Under the
null hypothesis, H,, all Ay; follow the same normal
distribution denoted by N(uy,0%). The mean and
variance of this distribution can be estimated as

_ 1
41

n 1 n
Ay; and 02 = —— Ayi—u,).
Uy igo Ji and 0, nt1 i;)( Vi— o)
The log-likelihood function under the null hypothesis
H, can be calculated as

Ly= ) Inf(Avitty, 0})

i=0
where f(Ay;;u,0%) is the density function for normal
distribution N(ug,03). The log-likelihood function
under the alternative hypothesis H 4 is

1y n

Ly= ) Inf(Aysu, 0%+ Y, Inf(Ayip,, %)
i=0

i=n+1
where
YA > A
= yia = yia
f m+1 5 e =Ny ;i —n 41
and
1 ny n
0?4: Z (ij_lu1)2+ Z (ij_fuz)z .
n+l|= =1

Therefore, the likelihood ratio test can be built from
the two likelihoods under the two hypotheses, and
the LOD score in the current chromosome segment
can be found. This process is called RSTEP-LRT
hereafter. It can be proved that RSTEP-LRT is
equivalent to the standard z-test for idealized CSS
lines.

(vi) Putative QTLs in a simulation study

We considered 10 QTLs with different additive effects
(Table 1), which have been used in Zeng (1994) to
investigate the power of composite interval mapping
in backcross populations. During simulation, the
genotypic value of each CSS line was calculated from
its genotype (or marker type in our case) and
the putative QTL effects, on the basis of which the
genotypic variance o} can be calculated. According to
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Table 1. Ten putative QTLs and percentage of genetic and phenotypic variances explained by each QTL

QTL QTLI  QTL2 QTL3 QTL4 QTL5 QTL6 QTL7  QTL8 QTLY  QTLIO
Location M3 M8 M1l M17 M21 M26 M31 M38 M4l M44
ADD* 0-42 0-75 0-58 102 —123  —126  —046 161 088 0-74
PGVE" 1176 562 3-36 10-39 24:38 10-74 341 2588 773 10-42
PPVES 141 449 2:69 831 19-50 859 273 2071 619 833

% Additive effect. A positive effect indicates the allele in IR24 increases the trait of interest, while a negative effect indicates the
allele in IR24 decreases the trait value.
b Percentage of genetic variance explained by an individual QTL in the CSS population derived from the two rice parents,

Jjaponica Asominori and indica IR24.

¢ Percentage of phenotypic variance explained by an individual QTL when the heritability in the broad sense was 0-8.

the definition of the heritability in the broad sense
(H), the error variance can be estimated from
o= 151 o2. The heritability in the broad sense was set
at H=0-8 in the simulation study. Thus, a random
error from the normal distribution N(0,0%) was added
to the genotypic value to obtain the phenotypic value
for each CSS line.

The genetic variance of a QTL is calculated from its
additive effect ¢ and the allele frequency p in the
population, i.e. 4p(1 — p)a®. Therefore, the percentages
of genetic and phenotypic variances explained by each
QTL can be estimated (Table 1). The two percentages
of a QTL depend on its additive effect and the allele
frequency. For example, QTLS has a smaller effect
than QTLG6 in absolute value, i.e. 1-23 versus 1-26, but
explains a much larger genetic variation than QTL6,
i.e. 24-:38 % versus 10-74% (Table 1).

3. Results

(1) The sequential process for
decreasing multicollinearity

The following sequential process was used to remove
multicollinearity among markers in the CSS popu-
lation shown in Fig. 1. First, duplicate markers with
perfect correlation were identified and deleted. Marker
pairs M 14 and M 16, M26 and M27, M66 and M67,
and M75 and M76 have a perfect correlation (r=1 in
Table 2), meaning that these pairs of markers display
no differences among all 66 lines (including the back-
ground parent Asominori). In this case, one of them
was randomly deleted. Here, the deleted markers were
M16, M27, M67 and M76 (Table 2).

Second, when the correlation was high but not per-
fect, the marker present in more lines was deleted. For
example in step 5 (Table 1), M60 and M61 had a high
correlation (r=0-8872). M60 was present in four
lines and M61 in five lines, so M61 was deleted. This
process was repeated until the threshold value of 1000
for the condition number is achieved. For the non-
idealized CSS population used in this study (Fig. 1),
the condition number becomes smaller than 1000

https://doi.org/10.1017/50016672306008408 Published online by Cambridge University Press

after 27 markers have been deleted (Table 2). At this
point the highest correlation coefficient is 0-6508,
which is lower than the empirical threshold value of
0-70 for the correlation coefficient reflecting multi-
collinearity (Myers, 1990). In comparison, 34 markers
have to be deleted to reduce the condition number to
this point if the donor parent were also included,
which showed the negative effect of including the
donor parent in QTL mapping either.

(i) Power analysis of the RSTEP-LRT
mapping method

Four duplicate markers M16, M27, M67 and M76
were first deleted (Fig. 1, Table 2). Then the genotypic
values of the 65 CSS lines plus the recurrent parent
Asominori were used for mapping QTLs using the 10
putative QTLs in Table 1 (Fig. 2). The LOD score is
used in QTL mapping to declare the existence of a
QTL at a testing position. A higher LOD score means
higher detection power. For single-marker analysis
the average LOD score across the 100 simulations on
each chromosome segment was below 3-10 (Fig. 2 4),
which means a low power would be observed. Under
the LOD threshold 2-5, the power of single-marker
analysis was 0-74 for the largest QTL on M38, and
0-56 for the second largest QTL on M21. The power
was rather low for other QTLs. In addition, the false
QTL on M37 had a power of 0-33 (Fig. 2 B). These
results indicate the inappropriateness of using single-
marker analysis for a non-idealized CSS population.

The proposed RSTEP-LRT mapping method can
significantly increase the LOD score and improve
the mapping power (Fig. 2C, D). The average LOD
scores across 100 simulations on chromosome seg-
ments where putative QTLs were located were over
3-0 for all QTLs except QTL1, QTL3 and QTL7
(each explains less than 3% of the phenotypic
variance) (Fig. 2C). Under the LOD threshold 2-5,
the power for RSTEP-LRT to identify the two largest
QTLs (i.e. QTL8 on M38, QTLS on M21) was near
1:00, and the power to identify the smallest QTL
(QTLI at M3) was 0-25. Some false QTLs may occur,
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Table 2. Marker deletion process for decreasing multicollinearity in the CSS population derived from the two

rice parents, japonica Asominori and indica IR24

Two markers with the highest correlation

Condition First Second Correlation Marker
Step no. marker Lines marker Lines coefficient (r) deleted
1 Infinity Ml14 3 MI16 3 1 Mi16
2 Infinity M26 2 M27 2 1 M27
3 Infinity M66 2 M67 2 1 M67
4 Infinity M75 3 M76 3 1 M76
5 Infinity M60 4 M61 5 0-8872 M6l
6 Infinity M7 4 MS 3 0-8591 M7
7 Infinity M37 4 M38 3 0-8591 M37
8 Infinity M74 4 M75 3 0-8591 M74
9 Infinity M48 8 M49 6 0-8515 M48
10 Infinity MI12 5 MI13 7 0-8312 M13
11 Infinity M4 2 M35 3 0-8101 M35
12 Infinity M28 2 M29 3 0-8101 M29
13 Infinity M52 3 MS53 2 0-8101 M52
14 Infinity Mo66 2 M68 3 0-8101 M68
15 Infinity M72 3 M73 2 0-8101 M72
16 Infinity M73 2 M75 3 0-8101 M75
17 Infinity M57 3 M58 5 0-7622 M358
18 Infinity Mo64 3 M65 5 0-7622 M65
19 Infinity M22 7 M23 4 0-7374 M22
20 Infinity M23 4 M24 4 0-7339 M24
21 6021 M3l 5 M32 6 0-7062 M32
22 1819 M55 6 M56 5 0-7062 M55
23 1766 MI19 1 M20 2 0-7016 M20
24 1725 M33 4 M34 2 0-6960 M33
25 1394 M2 6 M3 3 0-6901 M2
26 1340 M35 3 M36 6 0-6901 M36
27 1293 Ml14 3 MI15 3 0-6508 MI5
758

especially for M73, where the probability of a false
positive was 0-12.

Under a reduced multicollinearity among markers,
the RSTEP-LRT mapping method can further
increase the LOD score and improve the mapping
power (Fig. 2E, F). The average LOD scores across
100 simulations on chromosome segments where
putative QTLs were located were over 3-0 for all
QTLs except the smallest QTL, i.e. QTL1 (explains
1-41% of the phenotypic variance) (Fig. 2 ). Under
the LOD threshold 2-5, the power for RSTEP-LRT
to identify the first six largest QTLs was above 0-80
(i.e. 0-91 for a QTL on M17, 1-00 for QTLs on M21,
M26 and M 38, and 0-82 for QTLs on M41 and M44).
The power to identify the smallest QTL (QTL1 at M3)
was 0-37, and the probability of a false QTL on M73
was reduced from 0-12 to 0-02.

(iii) Threshold LOD score of QTL mapping
with CSS lines

A problem common to QTL mapping methods is
the difficulty of determining the threshold LOD score,
or likelihood ratio (LR) test (Lander & Botstein,
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1989 ; Zeng, 1994 ; Churchill & Doerge, 1994). A LOD
threshold between 2 and 3 was proposed in Lander
& Botstein (1989) to ensure an overall false positive
rate of 5%. A permutation test was recommended
by Churchill & Doerge (1994) to determine an ap-
propriate threshold for the experimental data at hand.
When permutation tests are applied in RSTEP-LRT
(Fig. 3), little difference can be identified in the LOD
score distribution across the eight environments
and two QTL mapping models (Fig. 34, B). The
probability that the LOD score is over 2-5 was lower
than 0-05 in any environment (Fig. 3).

For a specific mapping population, higher thresh-
old values of LODs result in a lower power, and
therefore QTLs with small effects cannot be readily
identified. Lower thresholds result in higher powers
but also suffer from higher false positive rates. As
pointed out by Dudley (1993), the appropriate
significance level to use depends on the purpose of
the mapping experiment. If QTL mapping is per-
formed with the eventual goal of cloning QTLs
(Frary et al., 2000) or introgressing a few QTLs with
large effects, a stringent threshold of LOD such as
3-00 should be used for QTL mapping with a CSS
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2-5 was used to declare the presence of a QTL. Markers with ‘d’ were deleted to reduce the multicollinearity, and markers

with ‘q’ were associated with putative QTLs.
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Fig. 3. Frequency distributions of LOD score in eight environments calculated from permutation tests.

https://doi.org/10.1017/50016672306008408 Published online by Cambridge University Press


https://doi.org/10.1017/S0016672306008408

J. Wang et al.

population. But if the goal is to exploit QTL infor-
mation in marker-assisted selection for a complex
trait, a less stringent LOD threshold such as 2:0 may
be appropriate, as the false positive will have very
limited influence on the results from marker-assisted
selection. When we conducted the QTL mapping for
grain length, the threshold LOD of 2-5 was applied.

(iv) QTLs for grain length from the CSS population
derived from japonica Asominori and indica IR24

The analysis of variance (ANOVA) shows that there
is a significant difference in grain length among the
background parent Asominori and the 65 lines
(P<0-01). The estimate of the genetic variance among
the 66 lines was 0-0339, and the heritability in the broad
sense was estimated as 0-85. The environmental effects
were also significant (P <0-0001), but the genotype by
environment interaction was insignificant (P =0-30).

When a LOD threshold of 2-5 was used and the
condition number among markers was less than 1000,
a total of 18 chromosome segments demonstrated the
existence of QTLs for grain length. These QTLs are
distributed on eight of the 12 rice chromosomes. The
three QTLs on M3, M23 and M34 were detected in
all eight environments (Table 3). The QTL on M23
has the highest LOD score and explains the largest
variation in all environments. The LOD score of
M23 ranged from 14-41 in E6 to 2117 in E2, and the
percentage of variance explained by M23 from 2891
in E6 to 47-60 in El. The allele from IR24 at this
locus constantly increases the grain length in all en-
vironments, which indicates this allele has a high
stability. The QTL on M23 has been confirmed and
fine mapped in Wan et al. (2006).

For the QTL on M3, the LOD score ranged from
2-95in E8 to 12-91 in E3, and the percentage of vari-
ance explained from 3-40 in E8 to 14-49 in E3. For
the QTL on M34, the LOD score ranged from 7-26
in E1 to 15-62 in E4, and the percentage of variance
explained from 8-22 in E2 to 20-33 in ES. The two
alleles from IR24 at both loci constantly decrease the
grain length in all environments.

QTLs on other chromosome segments were de-
tected in some environments but not others. These
QTLs, which have smaller effects than the three QTLs
on M3, M23 and M34, can be called minor QTLs.
Interestingly, some minor QTLs also have high
stability, i.e. constantly increasing or decreasing the
grain length. For example, QTLs on M10 and M8
have negative effects, and QTLs on M51 and MS80
have positive effects in all environments (Table 3).
These minor QTLs should also be considered in gene
pyramiding to maximize the genetic gain.

Asominori is a short grain variety, while IR24 is a
long grain variety (Wan et al., 2006). The QTL on
M23 with the largest effect is the major reason why
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IR24 has a long grain. However, some QTLs have
negative effects on grain length, which means the
short-grain parent Asominori also has alleles that
could increase grain length, such as those on M3 and
M34. This explains the transgressive segregation in
grain length in the 65 CSS lines and recombination
inbred lines derived from Asominori and IR24.

4. Discussion

CSS lines have the potential for QTL fine mapping
and map-based cloning (Frary et al., 2000; Wan et al.,
2006). But CSS lines with more than one chromosome
substitution segment make it impossible to locate a
QTL on a single chromosome segment through the
comparison of the trait performance between one CSS
line and the background parent. We present a likeli-
hood ratio test for QTL detection using CSS lines.
Three steps are needed in the analysis: (1) detecting
multicollinearity and deleting redundant markers;
(2) performing marker selection using stepwise re-
gression; and (3) conducting a likelihood ratio test
to declare statistical significance for each marker.
Advantages of the proposed method over individual
marker analysis were demonstrated using both simu-
lated data and data from 65 CSS lines of rice (Table 3,
Fig. 2).

Multicollinearity occurs when using regression
analysis of trait performance on chromosome seg-
ments. One option for removing multicollinearity is to
delete redundant markers. In this study, we propose
deleting the most correlated markers to decrease the
multicollinearity among markers. The decrease in
multicollinearity increases the mapping power but has
one disadvantage, i.e. the QTLs on deleted markers
cannot be identified. But the correlation between a
deleted marker and a retained marker showing
evidence of QTLs can be used as the basis for a
conjecture about whether the deleted marker is as-
sociated with a QTL. For example, one QTL on M26
was identified in environments E1, E2, E4 and E6
(Table 3). M27 is a duplicate marker of M26, and was
not included in QTL mapping. Strictly speaking, if a
QTL was associated with M27 but not with M26, the
QTL would be mapped on M26. Without additional
information it is impossible to know whether the QTL
is on M26, on M27, or on both markers. However, if
two additional CSS lines can be derived, one with
M26 and the other with M27, this problem may be
solved.

CIM (Zeng, 1994) was previously used due to the
lack of a suitable mapping method with non-idealized
CSS lines (Wan et al., 2004, 2005). Using the same
dataset, CIM identified the two major stable QTLs for
grain length associated with M3 and M24 (see table 4
in Wan et al., 2005), but missed the major stable QTL
associated with M34 (Table 3). As pointed out before,
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Table 3. QTLs for grain length in the CSS population derived from the two rice parents, japonica Asominori and indica IR24

Chromosome 1 2 3 4 6 7 11 12

Donor

segment M3 M10 M17 MI18 M23  M25 M26 M30 M34 M42 M45 M46 M50 M51 M73 M78 MS80 MS2

LOD“ El 7-08 1-64 0-04 2-:38 1876 3:08 3:30 0-03 7-26 1-61 0-04 0-33 0-05 0-18 1-98 2:68 0-20 0-05
E2 8:00 0-38 249 011  21-17 9:90 3:09 0-01 8:69 0-00 6:67 6:58 0-06 0-65 2:08 0-:09 044 0-00
E3 1291 2:23 374 0-48 20-08 6:90 0-53 0-00 12-80 0-05 662 7-67 420 0-32 0-56 026 062 0-04
E4 7-66 0-14 0-00 597 29-37 4-66 2-83 428 1562 290 0-22 0-07 0-:04 064 348 446 542 11-59
E5 4-90 1-24 0-06 3-87 15-26 0-08 2:03 2:24 975 0-72 0-55 0-04 0-00 069 1-25 425 671 7:30
E6 658 6°66 0-02 2:63 14-41 1-48 324 095 7-65 0-02 0-27 0-12 0-:06 061 2:37 179 0-63 1-15
E7 626 472 0-02 2:15 14-64 0-02 0-74 0-25  10-20 0-38 0-65 0-06 0-00 295 0-38 1-64 098 0-37
ES8 295 2-89 0-35 0-30 19-41 7-18 095 0-00 828 0-02 271 1-36 0-19 404 221 0-:09 029 0-34

ADD? El —-016 —-0-12 —-0-01 —009 029 017 —-0-13 0-:01 —0-20 0-05 0-01 0-05 —0-01 002 —-010 —007 004 —0-01
E2 —013 —-004 —-006 —0-01 0-24 025  —0-09 0-:00 —0-16 0-:00 —0-07 0-19 0-01 003 —0-07 0-01 0-04 0-00
E3 —-0-17 —-0-10 —0-08 —003 022 0-19 —-0-03 0-00 —021 -—-001 —0-08 0-20 0:07 002 —004 —0-01 0-05 —0-01
E4 —0-11 —-0-02 0-00 —0-09 029 014 —007 —-0-08 —0-22 0-04 0-01 —-0-01 —-0-01 003 —008 —006 015 —0-15
E5 -0-15 —-0-12 -002 —-0-13 028 —-003 —0-11 —-0-10 —027 —004 —0-03 0-02 0-00 005 —-009 —-010 031 —0-19
E6 —015 —-025 —-001 —009 0-22 011 —012 —-0-05 —-020 —0-01 —0-02 0-03 —0-01 004 —010 —005 007 —0-05
E7 —015 —-022 —-0-01 —008 024 0-01 —006 —003 —025 —-002 —0-03 0-02 0-00 010 —004 —-005 009 —0-03
ES8 —0:09 —-014 003 —0-03 027 025 —0-06 0-:00 —019 —-0-01 —006 0-10 —0-02 010 —0-09 0-01 0-:04 —0-03

PVE¢ El 11-28 2:14 0-05 3-10 47-60 421 4:62 0-03  11-79 2:13 0-05 0-42 0-05 022 2:66 370 0-25 0-07
E2 7-34 026 1-69 0-07 3319 9-78 2-37 0-01 822 0-00 5:34 5:67 0-04 046 1-54 0-05 030 0-00
E3 14-49 1-67 3:00 0-34  30-42 6:21 0-38 0-00 14-48 0-03 591 6:83 342 022 0-40 0-19 043 0-03
E4 4-64 0-06 0-00 3-28 4396 2-52 1-43 227 1295 1-46 0-10 0-03 0-02 0-30 1-81 2-35 301 8:16
E5 971 2:16 0-10 742 4342 0-12 3-64 4-03  20-33 1-00 0-73 0-07 0-00 1-17 2:16 825 1422 1571
E6 9-69 9-59 0-02 3-28 2891 1-82 4-23 1-14  11-39 0-03 0-31 0-14 0-07 072 3-00 2:10 075 1-30
E7 10-67 7-60 0-03 3-07 3441 0-02 1-04 0-34 1874 0-44 0-83 0-08 0-00 442 0-52 2-35 1-36 0-51
ES8 3-40 325 0-33 029  42-61 9-69 1-02 0-:00 11-61 0-02 3:06 1-47 020 4-85 2:49 0-:09 031 0-36

¢ LOD score, in bold type when over 2-5.
b Additive effect, in bold type when the corresponding LOD score is over 2-5.
¢ Percentage of phenotypic variance explained by the QTL, in bold type when the corresponding LOD score is over 2-5.
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Fig. 4. LOD scores from QTL mapping methods — IM (4), CIM (B) and RSTEP-LRT (C, D) — using one simulation

dataset. For clarity, not all markers are shown on the x-axis in

(B). In (D), markers with ‘d’ were deleted to reduce the

multicollinearity, and markers with ‘q’ were associated with putative QTLs.

traditional IM and CIM are not suitable for CSS
populations. To further illustrate this point, we
applied different mapping methods on a simulated
phenotypic dataset (Fig. 4), where the putative QTLs
were the same as in Table 1. IM and CIM were
implemented by Cartograher 2-5 (Wang et al., 2005),
and RSTEP-LRT was implemented by an in-house
program called MappingQTL (written in Fortran
90/95, freely available). Under the LOD threshold
of 2:5, IM found two QTLs around M21 and M38
(Fig. 4 A), and CIM found 5 QTLs around M11, M17,
M21, M38 and M44 (Fig. 4 B). For a CSS population,
the objective of QTL mapping is to identify the in-
trogressed segments having QTLs for the trait of
interest. It does not make much sense to map any
QTL between two segments where IM or CIM was
used. Six QTLs were detected using RSTEP-LRT
after four duplicate markers were deleted (Fig. 4C,
Table 2). When the condition number was reduced
to 758 (Table 2), RSTEP-LRT identified eight QTLs
(Fig. 4D). Additionally, it was clearly shown in
Fig. 4 D that markers associated with putative QTLs
have significantly higher LOD scores but those not
associated with QTLs have rather lower LOD scores,
which indicates that using RSTEP-LRT will increase
the mapping power but is less likely to result in more
false positives.

https://doi.org/10.1017/50016672306008408 Published online by Cambridge University Press

It is not our intent to encourage the use of non-
idealized CSS lines in QTL mapping. On the contrary,
we prefer the idealized CSS lines, where simple stan-
dard methods such as ANOVA and the ¢-test can be
readily applied to map the additive QTLs. One can
also study the dominance effects and levels of epistasis
by crossing one or more CSS lines with the back-
ground parent, or crossing two or more idealized
CSS lines. Regarding gene pyramiding using marker-
assisted selection, non-idealized CSS lines may have
some advantages over idealized CSS lines if the
mapped QTLs have been confirmed in other mapping
populations, such as the secondary mapping popu-
lation between a CSS line and the recurrent parent
(Wan et al., 2006). Based on QTL mapping, for
example, we may need to pyramid four donor chro-
mosome segments in one genotype. If one CSS line
has two segments and one has the other two, a single
cross between the two lines will produce the required
genotype. On the contrary, if each line has only one
distinct donor segment, a double cross is needed to
pyramid the four segments. Obviously, a single cross
is more feasible and has a higher frequency of the
target genotype than a double cross.

In the example CSS population, QTL mapping
using the proposed RSTEP-LRT method identified
a total of 18 segments on eight of the 12 rice
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chromosomes that harboured QTLs affecting grain
length under the LOD threshold of 2-5. Three major
stable QTLs detected in all eight environments were
located on chromosome segments represented by M3,
M23 and M34. The allele from IR24 on M23 con-
stantly increases the grain length in all environments,
but the alleles from IR24 on M3 and M34 constantly
decrease the grain length (Table 3). Some minor
QTLs were not detected in all environments, but they
could increase or decrease the grain length constantly
(Table 3). These QTLs are useful in breeding once the
major QTLs have been fixed.

Due to the lack of significant genotype by en-
vironment interaction on grain length in this study,
we conduct QTL mapping in each environment sep-
arately. But it would be interesting to include the
QTL by environment interaction in model (1) for
traits demonstrating significant genotype by environ-
ment interactions. This is being investigated for traits
in rice such as grain width and protein contents where
significant genotype by environment interaction has
been detected.
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