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Abstract A variety of approaches are available for
identifying the location and effect of QTL in segregating
populations using molecular markers. However, these
have problems in distinguishing two linked QTL, par-
ticularly in relation to the size of the test statistic when
many independent tests are performed. An empirical
method for obtaining the distribution of the test statistic
for specific datasets is described, and its power for
demonstrating the inadequacy of a single-QTL model is
explored through computer simulation. The method is
an extension of the previously described technigue of
‘marker regression’, and it is applied here to demon-
strate two situations in which it may be useful. Firstly,
we examine the power of the technique to distinguish
two, linked QTL from one and compare this ability with
that of two contemporary methods, ‘Mapmaker/QTL’
and ‘regression mapping’. Secondly, we show how to
combine information from two, or more, populations
that may be segregating for different marker loci in a
given linkage group. This is illustrated for two popula-
tions having in common just two linked marker loci
although the sharing of loci is not a pre-requisite. Em-
pirical tests are used to determine whether the same or
different QTL are segregating and, if they are the same
QTL, whether they are the same alleles. Evidence is
discussed which suggests that the upper limit to the
number of QTL that can be located for any single
quantitative trait in a segregating populations is 12.

Key words Mapmaker/QTL - Marker regression -
Numbers of QTL - QTL + Regression mapping

Communicated by G. Wenzel

V. Hyne (<)
Horticulture Research International, Wellesbourne, Warwickshire
CV359EF, UK

M. J. Kearsey
School of Biological Sciences, The University of Birmingham, Bir-
mingham B15 2TT, UK

Introduction

There is growing interest in locating individual genes
controlling quantitative traits (quantitative trait loci
or QTL) given the availability of linkage maps com-
prising many molecular markers (Paterson etal.
1988; Hyne etal. 1994). A variety of statistical
approaches have been described that favour using
the information from multiple markers in a linkage
group (Lander and Botstein 1989; Haley and Knott
1992; Martinez and Curnow 1992; Kearsey and Hyne
1994). These techniques yield comparable estimates
of QTL position and effects (Haley and Knott 1992;
Kearsey and Hyne 1994), although reliability is ex-
tremely poor unless very large populations are used
(Hyne et al. 1995). However, the appropriate threshold
value to apply in tests of significance is uncertain
because numerous, often non-independent tests are
performed. Without a suitable criterion for determining
the presence of one QTL, it is impossible to test whether
the effect detected is truly one QTL, or two (or more)
linked QTL. In addition, a QTL detected in one cross
cannot be tested for correspondence to a QTL found
in a different cross. A method for establishing these
threshold values is crucial to the interpretation of
analytical results.

In a recent paper (Kearsey and Hyne 1994) we de-
scribed marker regression, a simple approach to esti-
mate QTL location and effects. We also mentioned that,
using marker regression, a putative QTL could be tested
for consistency with a one-QTL model and that esti-
mates of QTL location and effects, detected in popula-
tions derived from different crosses, could be compared
and distinguished. The present paper addresses these
two issues by developing the theory and illustrating the
method. The technique described applies to any popu-
lation derived from an F,, such as F,, backcrosses,
single-seed descent or doubled haploid (DH) lines. It
attempts to overcome the problems of tests of signifi-
cance by deriving empirical distributions of the test
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statistic by computer simulation rather than modifying
the significance levels.

Theory and methods

Consider an I, scored for a quantitative trait and a set of marker loci,
k of which map to a particular linkage group. At each of these k loci,
the mean trait value of individuals of the three genotypes M;, M;,,
M, M,, and M, M, can be calculated, where i = 1, k; 1 and 2 refer to
the alleles from P; and P, respectively. As shown previously (Kearsey
and Hyne 1994), the expected values of the additive effects (6,) and
dominance deviations (4;) at a marker are,

0= {MilMil - MiZMiZ}/z
={l—2R;}d

li= {MilMiz - (MilMil + MiZMiz)/z}

={1—2R}?h

where d and h are the additive and dominance effects of the QTL, and
R, is the recombination frequency between the ith marker and the
QTL. If the positions of the QTL and the markers are known,
regression of §; on to (1 —2R)) should give a straight line of stope
equal to d passing through the origin. Although the marker positions
can be estimated, from either the marker data of that population or
other sources, the QTL position is unknown. It can, however, be
estimated by repeating the regression at regular intervals across the
linkage group and identifying the position at which the residual mean
square (RMS) is at a minimum. The residual MS for A; is very
insensitive to QTL estimation, hence we have chosen to use §; in this
work.

Extension to two, linked QTL

It is possible to test the adequacy of the model, based on
one QTL on the chromosome. To illustrate this we need
to extend the model to consider more than one QTL
effect in a linkage group. If there are two QTL having a
recombination frequency of R,; and R,; with marker i,
than

51’ =(1- 2R1i)d1 +(1—2R,)d,

If the two QTL are tightly linked, then R,;=R,; =R,
and hence
51‘ =(1- 2Ri)(d1 +dy)

and a plot of ¢, against marker position in centiMorgans
(Haldane 1919) would yield the same curve as a single
QTL with additive effect (d, + d,), as shown in Fig. 1a.
However, if d, and d, are opposite in sign (i.e. QTL in
dispersion) §; would approach zero at all marker posi-
tions.

More interestingly, if the two QTL are in association
and further apart, the curve of §, will develop two peaks
connected by a ‘hanging valley’, and the overall shape
will fit that of the one QTL less well. This is shown in
Fig. 1b for d, =d,=0.5 at positions C; =30cM and
C,=70cM. The problem is then to distinguish the
curves in Fig. 1a and b. Unfortunately, unless the QTL
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Fig. la—d Plot of marker differences J; against marker position for
two QTL, d;=0.5, at various positions. a Two QTL, completely
linked, in association at 50cM, b two QTL at 30cM and 70cM in
association, ¢ a comparison of one QTL at 50cM with two QTL at
30cM and 70cM, d two QTL at 30cM and 70¢M in dispersion

effects at the two loci are very unequal, it is possible to
replace the curves outside the two peaks by a curve
produced from a single QTL of appropriate effect
located between them, as shown in Fig. 1c. Therefore,
discrimination between a model with one QTL and two
QTL in association depends very critically on informa-
tion from markers between the two QTL. If the two
QTL are in dispersion, the curve resembles that in
Fig. 1d and the problem is easiet.

The data are first analysed using a single-QTL model
in order to test whether the model is adequate and to
identify the most likely QTL position and effect. At this
position, a significant variance ratio for the residual MS
will indicate that the one-QTL model does not fit the
observed data. However, this variance ratio is a conser-
vative test for two reasons, both of which would make
the residual MS too small on average. Firstly, the QTL
position is estimated where F is at a minimum and
secondly, the Y (i.e. d,} values are not independent. It is
difficult to see how to allow for these two factors theo-
retically but it is a simple matter to obtain the critical
values of F empirically by computer simulation.

Suppose the initial analysis suggested a single QTL
of effect d at position C ¢cM with a variance ratio of F*
testing the residual MS. Using 4, € and the estimated
marker positions, we can simulate a large number of F,
populations of size equal to that of the actual popula-
tion. Each set of simulated data is analysed identically to
the observed data and the F values for the residual MS
recorded. These will give the empirical F distribution,
provided that the one-QTL model is correct, from which
we can observe the probability of F > F*.



Comparison of precision

In order to compare marker regression with ‘interval
mapping’ for the ability to discriminate between two,
linked QTL and a single QTL, data were simulated from
a population of 300 individuals in which two QTL were
embedded in a linkage group of six marker loci as shown
below:
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Comparison of two or more populations

Consider two F, populations (4 and B) of size n, and ng
which have k , and ky markers, respectively, on a given
chromosome. These markers may be all identical, all
different or some, k ,5, may be common to both popula-
tions. First, each F, is analysed separately by marker

cM 36.70 84.55
Marker 1 6
cM 0 25.54 47.85 73.39 95.70 121.24

Interval mapping was implemented using Map-
maker/QTL (Paterson et al. 1988) and ‘regression map-
ping’ (Haley and Knott 1992) fitting one and, where
appropriate, two QTL models.

Power

The power of marker regression to identify two, linked
QTL was examined using simulated F, populations of
300 individuals. Each individual had one chromosome
100 ¢cM long and six marker loci each 20 cM apart. The
distance between the two QTL was varied from 30 to 60
cM, and they were always separated by two markers.
The QTL positions, effects and heritabilities are shown
in Table 1. Ten replications of each situation were
analysed.

regression. The data from the two populations are then
combined to give n, + ny individuals with (k, +k; —
k ,p) marker loci and re-analysed, recording the variance
ratio (F*), QTL position (C, , gland effect (d , . ). Using
these parameter estimates we can generate a large
number of replicates (100 in this instance) of populations
A and B of size n, and ng. The data from the 100 paired
combinations of A and B are then analysed to obtain the
empirical distribution of F in order to test the fit of the
one-QTL, two-allele model.

Three situations were explored in which two popula-
tions were simulated to segregate for (1) the same alleles
at the same locus; (2) different alleles at the same locus;
and (3) different, linked loci. To achieve this, four differ-
ent F, populations of 300 individuals were simulated to
segregate at common markers 2 and 4 from the follow-
ing set:

Marker 1
cM 0

2 3 4 5 6 7 8 9 10 11
10 200 30 40 50 60 70 80 90 100

Table 1 Marker loci, positions and effects of QTL in the four
simulated F, populations (A, B, C, D)

Population Marker

1 2 3 4 5 6 7 8 9 10 11
A v Y m Y mm Y Y Y m m
*
B m v m v v v m m m V v
*
C m v m Vv / v v m m m V v
D m Vv m v v j; m m m VY v
*

m Monomorphic marker locus

v Segregating marker locus

*  QTL of additive effect 0.5 at this locus
1t QTL of additive effect 1.0 at this locus

Population A segregated for markers 1, 2, 4, 7, 8
and 9 with one QTL, of additive effect 0.5 at marker
6. Populations B, C and D all segregated at markers 2,
4,5,6,10and 11. The QTL at marker 6 had an additive
effect of 0.5 in population B (A + B =situation 1)
and of 1.0 in population C (A + C = situation 2). Popu-
lation D had a QTL of effect 0.5 segregating at marker
10 (A + D = situation 3). In all cases, the QTL account-
ed for 10% of the phenotypic variation and there was no
dominance. Table 1 shows a summary of these popula-
tion parameters. Each population was analysed inde-
pendently and in combinations A+ B, A+ C and
A + D. Populations A + C and A 4 D were further ana-
lysed, as described, to test the one-QTL, two-allele
model.
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Results
Comparison of precision

Figure 2 shows the results obtained after fitting one
QTL to the simulated data set by the three methods. In
all cases the curves had two peaks but one minimum (or
maximum), at 58 cM for marker regression, at 64 ¢M for
Mapmaker/QTL and at 62 cM for ‘regression mapping’.
When two QTL were fitted by regression mapping there
was a significant improvement in fit (P < 0.01), although
one of the QTL was located in the wrong interval. No
attempt was made to fit two QTL using Map-
maker/QTL because the peak having the higher LOD
score was incorrectly located (see Discussion). However,
using marker regression, we were able to show that the
one-QTL was inappropriate. To prove this, the method
outlined above was applied as follows. From the initial
marker regression analysis, the additive effect of the
QT1 was 0.8469, the environmental variance was 1.1368
and the variance ratio for the residual MS, F* = 2.055.
With these parameters, 100 replications of an F, popu-
lation of 300 individuals were simulated. Of these, on
only 2 occasions was F > F*. Thus, if the model with one
QTL were correct then an F > F* would occur on 2% of
the occasions. Therefore, we can conclude that the
single-QTL model, in this instance, does not provide an
adequate fit to the data and that two, or more, linked
QTL must be present.

Power

The probability with which two QTL were detected
decreased as the distance between two QTL decreased

Fig.2 A comparison of the three methods used to locate QTL when
two QTL are segregating in a simulated dataset; LOD scores from
Mapmaker/QTL, pF cgreqsion ffOM ‘regression mapping’ and minimum
residual MS from marker regression. Simulations are based on two
QTL with additive effects of 0.5 at 36.7 cM and 84.5 cM in an F,
population of 300 individuals. i Residual MS for marker regression, ii
dotted line LOD score from Mapmaker/QTL, solid line pF,.qession
from regression mapping.
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Table 2 Probability of success in distinguishing two QTL from one
in F, populations of 300 individuals with different QTL positions and
heritabilities

Distance apart ¢, Q, K P<010 P<005 P<001

(€M) €M) (M) (%) (%) (%) (%)
50 25 75 10 100 100 90
40 30 70 10 80 60 50
30 35 65 10 20 10 0
60 20 80 5 100 100 60
50 25 75 5 50 40 30
40 30 70 5 50 40 0
30 35 65 5 10 0 0

(Table 2). When each QTL explained 10% of the
phenotypic variation, the probability of resolving them
was 100% at the 5% significance level when they were 50
cM apart. The probability of resolution dropped to 60%
when the QTL were separated by 40 cM. When each
QTL explained 5% of the phenotypic variation, the
probability of resolving them was 100% when they were
separated by 60 cM, reducing to 40% when 40 ¢cM apart.

Comparison of two, or more populations

Table 3 shows the analysis of variance tables for pop-
pulations A, B, C and D individually and in combina-
tions of A+ B, A+ Cand A + D. Analysis indicated that
population A had a QTL of effect 0.4548 at 52 ¢M and
population B had a QTL of effect 0.6083 at 48 cM. Both
gave rise to an F* value which was not significant, as
expected, suggesting a good fit with the one-QTL model.
Therefore, when combined, F* was still not significant,
leading to the correct conclusion that these two popula-
tions were segregating for the same allele for the trait.
Two sources of evidence suggest that populations A and
Chad different alleles: d. was more than twice the size of
d 4, while F* was highly significant (7.97) in the analysis
of the combined populations. This can be seen graphi-
cally when 9, is plotted against centiMorgan distance
along the chromosome for A and C separately (Fig. 3a)
and combined (Fig. 3b). When the two populations
segregate for different loci (A and D) the regression on A
and D separately indicate quite different positions for
the QTL while a combined analysis yields an F* of 2.14.
This is illustrated in Fig. 3¢ and d. The empirical dis-
tribution of F taken from 100 simulations indicates that
an F* > 2.14 will occur on 13% of occasions and there-
fore has not achieved statistical significance in this case.

Discussion

We have previously shown how marker regression can
be used to analyse datasets from experimental popula-
tions derived from an F, for the presence of QTL. Now,
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Table 3 Marker regression ana-

Iyses of variance for F, popula- Population df MS VR Position d
tions either individually or com-
bined. See Table 1 andytext for A %égsr:asg;l 78(2)@2 7(1)(6)2 520 04548
details Error 294 0.9810 '
B degression 147.9573 126.73 480 0.6083
Residual 0.0288 0.02
Error 294 1.1675
C Gy egression 597.7015 282.64 46.0 1.2170
Residual 0.4043 0.19
Error 294 2.1147
D G eression 64.2411 60.82 92,0 04536
Residual 0.5809 0.55
Error 294 1.0562
A+B Gregression 3732233 349.54 43.0 0.5492
Residual 0.3913 0.37
Error 590 1.0678
B+C Gyegresson 1 972.1446 620.31 44.0 0.8976
Residual 12.4979 7.97
Error 590 1.5672
A+D G, egression 227.3129 223.67 88.0 0.4576
Residual 2.1766 2.14
Error 590 1.0163
a b maximum of the higher peak (Fig. 2). Mapmaker/QTL
127 . 127 . provides a test which invplyes selecting “... one very
1071 o’ 10 . likely QTL” and ‘fixing’ it in place (Mapmaker/QTL
08 J 0 # Version 1.1, Whitehead Institute (1993) whilst re-scan-
° ' ning the genome to detect other QTL. A LOD score
O'E’JT[ ®. O'BT ¢ ¢ , greater than the sum of the LOD scores obtained by
04 . " ., 04T e * . fitting each QTL individually supports the model of
0.2m = 0.zl ¢ two, linked QTL acting independently. There is, how-
0 \ 0 ever, no associated test of significance. In our example
¢ d (Fig. 2), the ‘very likely QTL’ was selected as being that
040+ x o 040 I . * .,  whichhad the higher LOD score. This was located in the
f f wrong interval, hence to fix this QTL in position would
0'304 . " u 0307 ‘e be inappropriate. Regression mapping has no test for
0.20 m . 0.20¢ ¢ ¢ the adequacy of the one-QTL model, apart from the
040 + oo 010 o improvement in fit when two QTL are independently
' { R located. Marker regression, however, offers an empirical
0 0 50 100 0 I——*‘—‘*O P 00 approach for testing the significance of the one-QTL

Fig. 3a~d Plots of §; against map position for two pairs of popula-
tions. Populations A and C had different alleles for the same QTL at
50 cM; A and D segregated for different QTL at 50 cM and 90c¢M. a
Populations A and C separately, b A and C combined, ¢ A and D
separately, d A and D combined. See text for details

in this paper, we demonstrate how the technique may be
extended to test the fit of the one-QTL model for an
effect detected in one linkage group and for effects
detected in the same linkage group but in different
populations. The facility to test the one-QTL model is
available in Mapmaker/QTL, but there are drawbacks.

There are two possible interpretations for the detec-
tion of two peaks in one linkage group. The peaks could
be linked QTL or the lower peak could be a local

model and is often correctly able to demonstrate the
inadequacy of the one-QTL model when flanking
marker methods fail.

Many factors affect the ability of a technique to
distinguish between the presence of one and two QTL,
the number of markers separating the QTL being one
example. If no markers exist between them, two QTL
will always be indistinguishable from one, irrespective of
which analytical tool is employed. However, given that
there are markers between the QTL, then the possibility
exists of distinguishing the QTL and this increases as the
heritability of the QTL and their distance apart in-
creases. As Table 2 shows, the marker regression test of
significance enables two, linked QTL, each responsible
for 5% of the phenotypic variance, to be resolved at the
5% significance level on 100% of occasions when the
QTL are 60 ¢cM apart. This reduces to 40% when the
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QTL are 40 cM apart while almost no resolution was
possible when the QTL were separated by 30 cM. The
95% confidence interval for a single QTL of 5% herita-
bility in a population of 300 F, individuals is approxi-
mately 60 cM (Hyne et al. 1995), hence the difficulty in
separating two QTL just 30 cM apart is not surprising.
Better resolution was predictably obtained with QTL
each of 10% heritability. For example, at the 5% level,
two QTL were distinguishable on 60% of the occasions
when 40 ¢cM apart.

Since marker regression is not dependent on flanking
markers, information is not lost when genotyping is
incomplete. Therefore, the approach would be appli-
cable even if each marker locus in a linkage group were
scored in a different set of F, individuals. Furthermore,
itis possible that samples from an F, would be raised on
different occasions and be scored for different markers
as new techniques or probes become available. Provided
that the trait does not exhibit excessive genotype x envi-
ronment interaction the data can be combined. We have
demonstrated that marker regression can be used to
compare two or more populations derived from differ-
ent crosses, grown in the same experiment, having as few
as two markers in common. Allelic differences between
populations were easily detected, and QTL 40 cM apart
were detected on 87% of the occasions. Since different
F, populations may well be polymorphic for different
markers, such a simple comparison between popula-
tions is important. This is, indeed, a common occurrence
in polyploid plants, such as hexaploid wheat, where
different markers exist on homoeologous chromosomes
and marker regression would be well-suited to the
analysis of such situations. No approach to QTL loca-
tionin an F, leads to very precise estimates of position
or effect (van Ooijen 1992; Hyne et al. 1995), thus QTL
located in different crosses may look to be very different
even though they are really the same. The present
method at least provides a way in which to check for
consistency.

The varying power of methods to locate QTL with
different heritabilities leads to an interesting conclusion
regarding the number of QTL which one could hope to
locate by any method. Consider a trait in an F, with
an overall heritability of 0.4, which is not atypical of
many traits, though possibly high for some. If we assume
that this is due to the segregation of 8, 20 or 40 QTL of

equal effect, then each QTL will have an individual
heritability of 0.05, 0.02 or 0.01, respectively. Simula-
tions have shown that approximately 95%, 60% or 30%
of these QTL will be detected, i.e. 7, 12 or 12, respective-
ly. It is unlikely, therefore, that more than 12 genes
would ever be located for any one trait and normally, far
fewer, because gene effects might be quite variable. This
is supported by actual observations (Paterson et al.
1988; Hayes ct al. 1993).

A set of programs and documentation for analysing
I, and doubled haploid populations by marker re-
gression is currently being prepared. We are happy to
provide a copy of the executable versions upon request
accompanied by a 31" (90 mm) floppy disk.
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