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Summary

There are several instances in which quantitative trait locus (QTL) mapping experiments have been
independently carried out for similar traits in different laboratories. We develop a permutation test
of the correspondence between the test statistics obtained from genome-wide QTL scans in two
such experiments to test whether the same QTLs are segregating in the experimental pair. In
simulations, we show that the permutation test has the desired properties if chromosomes are of
equal length, but bias can occur if chromosomes are of unequal length, a problem connected with
autocorrelation of test statistic values. We apply the test to data from three recent mouse body
weight QTL mapping experiments. The results from the test are non-significant, and imply a lack
of overall concordance between the QTLs that were segregating in these experiments.

1. Introduction

One of the most active areas of research in quantitative
genetics is the analysis of quantitative traits with
genetic markers. The aims of these quantitative trait
locus mapping experiments are several-fold. In model
organisms such as Drosophila, one aim is to obtain an
understanding of the genetics of quantitative variation
within natural populations. A detailed description of
the effects, frequencies and interactions between the
alleles at the loci which contribute to quantitative
variation in a model trait should lead to an improved
understanding of the genetic basis and maintenance of
genetic variation for quantitative traits in general.
Mice are less well suited to this kind of investigation,
so research with natural populations has been focused
on the genetics of between-species differences (Zechner
et al., 1996). In mice, much effort is also aimed at
finding novel genes for specific traits, such as obesity
or growth rate, and at locating genes that contribute
to responses to artificial selection for traits like these.
The first experiment to use a set of genetic markers to
locate QTLs in mice was carried out by lan Garnett
and Douglas Falconer (Garnett & Falconer, 1975).
They measured allele frequency differences between
replicated lines selected high and low for 6-week body
weight to test for direct effects of the marker loci
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themselves or for the presence of linked QTLs for
body weight. Since DNA-based markers were not
available at this time, electrophoretic differences at
nine enzyme loci plus two visible genetic marker loci
that segregated in the cross were used. A significant
QTL linked to the Hbb locus was found, but Garnett
and Falconer could not carry their investigation
further due to a lack of genetic markers. The
intervening period has seen a revolution in molecular
marker technology. There are currently around 6000
microsatellite markers available for mice (Dietrich et
al., 1996). QTL mapping experiments in mice and
other experimental and commercial organisms have
become commonplace, and in many cases independent
experiments have been carried out in different popu-
lations with similar traits. The issue we address in this
paper is whether it is possible to tell if the same QTLs
are being discovered in independent experiments.
The basic results from analysis of genome-wide
QTL mapping experiments are test statistic values
(usually F-ratios or log likelihood ratios) that have
been computed at a series of points throughout the
genome. The presence of a statistically significant
QTL is inferred if the test statistic exceeds a threshold
value, usually obtained by permutation of the marker
data. One way to test the concordance between two
QTL mapping experiments would be to calculate the
probability that the test statistic peaks coincide more
frequently than expected under a null hypothesis of a
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random scatter of test statistic peaks. This method
was used by Paterson et al. (1995) to test for the
concordance between QTLs for agronomically im-
portant traits in various independently domesticated
cereal species. Using the test suggested by Lin er al.
(1995), Paterson et al., concluded that QTLs in
different species affecting a given trait (e.g. seed mass)
are often at homologous positions of the genomes in
such diverse species as rice, sorghum and maize.
However, the definition of a match (when the peaks
from different experiments coincide) is somewhat
arbitrary, as is the maximum number of identifiable
QTL locations possible in the genome. Similarly,
Mackay (1995) has also noted a tendency for QTLs
for bristle number in Drosophila identified in different
experiments to cluster together, although the hypo-
thesis has not been tested formally.

Mackay (1995, 1996) has also presented exper-
imental evidence that QTLs for Drosophila bristles
often map to locations near ‘candidate genes’ (loci at
which alleles with major mutant phenotypes arise),
and there is evidence from quantitative comple-
mentation tests that the QTL variants are alleles at
these loci or loci that interact with them (Long et al.,
1996). To test in a formal manner for the coincidence
between mapped QTLs for Drosophila bristle and
candidate genes, Nuzhdin et al. (1998) used a
resampling strategy. No evidence was found for an
overall association in the sternopleural bristle mapping
experiment reported by Nuzhdin ez al., but there was
a significant association in data from an abdominal
bristle mapping experiment by Long et al. (1995). A
similar test with five candidate loci for obesity was
applied by Keightley ez al. (1998) to data on QTLs for
fatness in mice. The test was negative for overall fat
content, suggesting no coincidence between detected
QTLs and candidate loci, and was only weakly positive
for gonadal fat pad weight in males.

Here, we develop the resampling tests proposed by
Keightley et al. (1998) and Nuzhdin ez al. (1998) to
test for concordance between the positions of QTLs in
pairs of experiments. Rather than taking the approach
of Paterson et al. (1995), who compared the map
positions of significant QTLs only, we produce an
overall correlation between the test statistics of two
complete genome scans, and test its significance by per-
muting the test statistic results from the experiments.
We investigate the power and robustness of the permu-
tation test in Monte Carlo simulations, and apply it to
genome-wide QTL scans from three recently published
QTL mapping studies on body weight in mice.

2. Materials and methods

(1) A permutation test for QTL correspondence

Our measure of concordance between a pair of QTL
mapping experiments is simply the correlation between
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the test statistics over the genome, r. Only the regions
of the genome for which there are interval mapping
data in both experiments are compared, so some of
the chromosomes are truncated in one or other of the
experiments. Test statistic values at closely linked sites
are highly positively correlated within an experiment
and, hence, standard tests for the significance of r are
not valid. We propose, therefore, to generate the
distribution of r under the null hypothesis of no
genetic correspondence between the experiments by
permuting the data while maintaining the autocorrela-
tion between linked test statistic values and to use this
distribution to obtain suitable significance thresholds.
This study focuses on QTLs in mice, which have 19
autosomes, so we chose to permute the data by
randomizing the order of chromosomes for each
experiment. The reordered chromosomes are lined up
and the correlation between the test statistics obtained.
This process is repeated many times to give the
distribution of r under the null hypothesis.

If all chromosomes are of equal length, discon-
tinuities in the autocorrelation at chromosome bound-
aries appear at the same place in both experiments in
all permutations. However, if chromosomes are of
unequal length (the situation with the real data),
discontinuities appear at different places in the
reordered data of the two experiments and this can
lead to a biased sampling distribution for the
correlation between the test statistics. The extent of
this bias is investigated by simulation.

(1) Simulation experiments

To investigate the performance of the permutation
test, data were simulated under a range of different
genetic models. Our first set of simulations was carried
out to investigate the performance of the proposed
test when all chromosomes were identical in length. A
marker map was generated for each population with
19 equal-length chromosomes and 16 randomly
located markers per chromosome. Every third marker
was selected to give six markers per chromosome to be
simulated in the F2. Phenotypes were generated for
500 F2 individuals for each experiment with no
genetic component and a normally distributed re-
sidual. In our second set of simulations, two typical
mouse mapping experiments, each with 500 F2
individuals, were simulated. Two marker maps were
generated, one for each experiment. Markers were
randomly located within a given chromosome and, as
before, every third marker selected for use in the
simulation and analysis of the F2 to give 80 markers
in the genome. These two marker maps were used for
all subsequent analyses with 80 markers. The mapped
regions of each genome covered approximately 12
morgans (M), with about 9-5M mapped in both
experiments. One set of simulations was performed
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with no genetic variance. In other simulations, the
heritability was assumed to be approximately 0-5 in
both experiments, which was explained by a number
of QTLs of equal, additive effect. Models with 4, 8 and
100 QTLs affecting each trait were simulated. The 4-
QTL model had all QTLs in association and gave a
difference between the original lines of 5-6 residual
standard deviations. The other models had a pro-
portion of QTLs in dispersion in order to give
approximately the same heritability and line differ-
ence. Three situations were considered with regard to
the covariance between experiments. In the first, the
same QTLs were contributing to the variance in both
experiments; in the second, 50% of the QTLs were
segregating in both experiments and 50% were
unique; and in the last, no QTLs were in common in
the two experiments. The QTLs were randomly located
in the genome with the constraint that they were
within the mapped regions common to both experi-
ments. In the third set of simulations we examined the
effect of the number of F2 (decreasing it to 100 or
increasing it to 1000), and increasing the number of
markers to 160 (with approximately 13 M mapped in
each experiment and 12 M in common).

The data were analysed using a least squares
approach (Haley & Knott, 1992), fitting both an
additive and dominance effect at 2cM intervals
throughout the genome (the same locations in the two
experiments). F-ratios within the regions mapped in
both experiments were selected and the correlation
between these calculated. The permutation test as
described above was performed with 1000 permuta-
tions to obtain the distribution of r under the null
hypothesis. We were interested in both positive and
negative values of r (i.e. both concordance and
discordance between the results of the mapping
experiments) and, hence, used a two-tailed test. The
observed r, therefore, was compared with the 2-5 and
97-5 percentiles from the distribution obtained by
permutation giving a 5% significance level. For the
first set of simulations, after the QTL analysis,
chromosomes were truncated to be equal in length,
taking the F-ratios from the central portion of the
regions common to the two experiments. Each set of
simulations was repeated 100 times.

(iii) Mouse body weight QTL mapping experiments

There are three genome-wide QTL mapping experi-
ments for body weight in mice that could be used for
a concordance test:

(a) Cherverud et al. (1996) (CHE96) crossed two
inbreds derived from outbred lines that had been
divergently selected on body weight, and mapped
QTLs in an F2 population of 535 individuals with 75
microsatellite markers. Several growth traits were
measured, including body weight at various ages.
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Many QTLs were detected, often with age-specific
effects. For example, a total of 15 QTLs affecting 6-
week weight (6 wkwt) were detected, although some
of these were linked on the same chromosome.

(b) Brockmann et al. (1998) (BRO9S8) crossed an
extremely high body weight selection line (DU6) with
its control line to produce an F2 population of 341
individuals, and mapped QTLs with 94 microsatellites.
A total of 9 QTLs for 6 wkwt were detected. One-
eighth of the genome of the DUG6 ancestral population
was derived from a C57BL inbred strain (cf. (¢)).

(¢) Morris et al. (1999) (MOR99) mapped QTLs
with 80 microsatellites in an F2 of 927 animals from
a cross between the C57BL/6J and DBA/2J inbred
strains. Selective genotyping was practised, with 173
individuals typed at all loci, although the complete F2
was typed with a subset of 19 markers. Results from
the analysis of the full marker data set are used here.
In contrast to CHE96 and BRO98, the parental lines
differ little for body weight. QTLs for body weight at
3, 6 and 10 weeks were mapped. A total of 3 QTLs for
6 wkwt were detected. As for CHE96, there was
evidence of age-specific QTL effects.

The data used in the concordance test were log
likelihood ratios (CHE96, MOR99) or F-ratio stat-
istics (BRO98) from interval mapping analyses with
1cM (BRO9S) or 2cM (CHE96, MOR99) steps
between evaluations. In order to align the genetic
maps and their corresponding test statistics we
assumed the Mouse Genome Database (MGD) map
(Blake et al., 1998) as a consensus map. BRO9S
assumed this map in their analysis, so no rescaling of
their data is needed. However, CHE96 and MOR99
constructed maps from the linkage data of their
respective experiments with mapping software, so a
rescaling is necessary. We scaled the data from the
published interval mapping analyses by setting the
positions of the makers typed to the corresponding
MGD positions, and then calculated new map
positions for the positions of each test statistic
evaluation on the basis of the expanded or contracted
map distances between the flanking markers. Linear
interpolation between locations of test statistic evalua-
tions was used to compare F-ratios or log likelihoods
at the same positions in pairs of experiments.

3. Results and discussion
(1) Simulation experiments

The mean value for r, the mean 5% significance
thresholds derived by permutation (2-5 and 97-5
percentiles), and the proportion of replicates signifi-
cant are shown for experiments with F2 populations
of size 500, 80 markers, and various QTL models in
Table 1. We performed an initial check of the
permutation test by simulating experiments with
chromosomes of equal length and no QTLs in either
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Table 1. Simulation results: effect of changing number of QTLs
simulated and degree of concordance in experiments with 500 F2

individuals and heritability of 50 %

Simulated parameter values

Number of QTL effects Concordance Mean 5% Proportion
QTLs (SD units) (%) I thresholds”  significant
0 — — —000 —024 0-30 0-044
0 — — —001 —025 0-31 0076
4 0-7 0 —002 —021 046 013
4 0-7 50 047 —021 047 057
4 0-7 100 093 —021 0-51 10
8 0-5 0 003 —025 048 011
8 05 50 036 —025 046 0-36
8 0-5 100 0-86 —025 0-48 100
100 0-14 0 002 —029 045 012
100 0-14 50 027 —028 044 029
100 0-14 100 0-81 —028 046 100

One hundred replicates were carried out.

“ Mean 2-5 and 97-5 percentiles of the distribution of r obtained by permutation.
* Equal chromosome lengths; otherwise chromosomes were of variable length.

population. As expected, the mean value of r over
experiments is close to zero and the proportion of
significant r values (i.e. type I errors) is close to 5%.
The mean significance thresholds are not symmetrical
about zero, however, an effect caused by a degree of
non-randomness in the positions of markers in the
simulated experiments, coupled with the tendency for
the test statistic values to be highest at positions of
markers when there is no QTL. With chromosomes of
unequal length and no QTLs, the mean value of r is
also close to zero but the type I error rate based on
permutation is slightly higher than 0-05. The reason
for this bias is connected with discontinuities that
occur at chromosome boundaries. The unpermuted
data from the two experiments align perfectly, because
only regions of chromosomes that coincide are
compared. In the permuted data, however, the
chromosome boundaries, which break the auto-
correlation between linked sites, occur in different
locations in the two data sets, giving more breaks
when considering the two experiments together and,
hence, the r values obtained are lower.

For simulations incorporating QTLs, if the QTLs
are in exactly the same places in both experiments, r is
always significant, and its mean value is > 0-8 (Table
1). If the simulation is set up with zero concordance
between the locations of the QTLs in the two
experiments, the mean value of r is close to zero and
around 12 % of runs were significant (compared with
8 % when no QTLs were simulated). There is therefore
a higher level of bias than for the case of no QTLs,
and this is reflected as greater asymmetry in the mean
significance thresholds. Results for the intermediate
levels of concordance between the experiments are
more likely to reflect real experimental situations. In
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the cases with 4 QTLs of large effect, the mean r value
is about 50 %, and is significant more than 50 % of the
time. However, with increasing numbers of QTLs, 7
and the power to detect correspondence between
QTLs decreases substantially. Note that the mean
upper significance threshold approaches 50 % in the
cases shown in Table 1; hence the empirical » would
have to exceed this value to be significant. Table 2
shows the results when the marker density and the
number of F2 individuals were altered for the case of
50 % of the QTLs in common. Decreasing the number
of F2 to 100 decreased both the mean r and the
proportion significant, presumably because the F-
ratio plots become noisier. Although individually
increasing the number of F2 and marker density had
only a small effect, increasing both together had a
large effect on power. This is presumably due to an
increased sharpness of the F-ratio peaks near the
QTLs, and leads to a small increase in 7, but
surprisingly little change in the average significance
thresholds.

(i1) Correspondence between body weight QTLs in mice

We computed r values for each of the three pairs of
mouse QTL experiments, and tested the significance
of the observed r values by permutation (Table 3). It
was necessary to truncate the data sets in regions of
the genome that were not typed in both members of a
given pair of studies. The results show no evidence of
correspondence between the positions of mapped
QTLs in any pair of experiments. The most extreme r
value is —0-22, from the comparison of CHE96 and
BRO98 (i.e. the QTLs are in different positions in
these experiments); the correspondence between
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Table 2. Simulation results: effect of changing number of QTLs
simulated, F2 population size (n), and number of markers for the case of
50% concordance between the QTL locations, and heritability = 50 %

Simulated parameter values

Number of Number of Mean 5% Proportion
n QTLs markers I thresholds” significant
100 4 80 0-30 —024 0-44 0-31
500 4 80 0-47 —021 0-47 0-57
1000 4 80 0-46 —021 0-45 0-57
500 4 160 0-47 —0-19 0-43 0-59
1000 4 160 0-49 —0-19 0-43 0-70
100 8 80 0-23 —0-26 0-42 0-21
500 8 80 0-36 —0-29 0-46 0-36
1000 8 80 0-38 —025 0-50 0-43
500 8 160 0-38 —023 0-45 0-41
1000 8 160 0-41 —023 0-43 0-58
100 100 80 0-11 —028 0-39 0-17
500 100 80 0-27 —028 0-44 0-29
1000 100 80 0-29 —028 0-45 0-31
500 100 160 0-24 —0-26 0-41 0-31
1000 100 160 0-31 —026 0-43 0-39

One hundred replicates were carried out.
“ Mean 2-5 and 97-5 percentiles of the distribution of r obtained by permutation.

Table 3. Values of r and corresponding probabilities obtained by
permutation for three pairs of mouse body weight QTL mapping

experiments
Trait Experimental pair F Probability”  Significance thresholds’
3 wkwt MOR99-CHE96 —0-15 039 —025 0-41
6 wkwt MOR99-CHE96  —0-060 0-89 —026 0-37
6 wkwt MOR99-BRO98 014 041 —0-26 0-39
6 wkwt CHE96-BRO98 —022 009 —024 0-71
10 wkwt  MOR99-CHE96  —0-069 0-79 —025 0-43

“ Probability of the observed r based on a two-tailed test.
 The significance thresholds are limits outside which an observed r value would
be judged significant at the 5% level.

MOR99 and BRO98, which had genes in common in
their base populations, is only weakly positive, and
non-significant. It seems that the QTLs segregating in
the different mouse body weight mapping experiments
are, on the whole, different from one other, although
the empirical r values could have been quite high, but
non-significant (see significance thresholds, Table 3).

Unsurprisingly, r values computed for pairs of
traits within an experiment are highly significant and
positive: e.g. for CHE96, values are 0-81 (3 wkwt,
6 wkwt), 094 (6 wkwt, 10 wkwt) and 0-71 (3 wkwt,
10 wkwt).

(ii1) Concluding remarks

Our simulation results suggest that obtaining a
statistically significant correlation between two QTL
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mapping experiments would be unlikely if the vari-
ation in the trait is explained by large numbers of
QTLs and the experimental populations are not closely
related. This seems to be the case with the mouse body
weight selection experiments investigated here. The
most likely situation in which a significant result
might be obtained with unrelated strains is where
there is one or more QTL in common that explains a
very high fraction of the variance in both experiments.
If there are several minor-effect concordant QTLs, the
test will be swamped by non-concordance between
major effect QTLs. It seems more likely that significant
correspondence would be found for traits such as
Drosophila bristle number, for which QTLs with quite
large effects are often picked up (e.g. Shrimpton &
Robertson, 1988 ; Long et al., 1995) and the number
of genes capable of having a large effect is likely to be
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lower than for growth rate, which can be considered
as a life history trait. However, our permutation test
has been tailored to an organism with many chromo-
somes, for which randomization of the chromosome
order would generate a very large number of combin-
ations. In a species with few chromosomes, such as
Drosophila which has only three major chromosomes,
too few combinations would be generated by simply
randomizing the chromosome order. An appropriate
strategy could therefore be to randomize the chromo-
some orders of the two experiments, then to join the
two linear arrays of chromosomes to make circles,
followed by sampling of different alignments between
two genomes by rotating them past each other. In
models of the mouse genome we did not achieve a
wholly satisfactory test of correspondence, due to the
problem of discontinuities at chromosome boundaries.
In species with fewer chromosomes the problem is
likely to be more severe, although this would have to
be tested for specific cases by simulations.

The approach taken in this paper is applicable to
experiments which can be quite different in structure,
as the only requirements are that a common marker
map can be obtained and that test statistics throughout
the genome are available. In fact, problems may arise
if all the same markers are used in the experiments.
This is because the markers will cause the test statistics
to be more similar in the original orientation when
marker locations coincide, compared with all permu-
tations when the locations will be different. If
experiments are similar in structure and the raw data
are available, an alternative approach would be to
perform a joint analysis of the experiments together.
This would require a consensus map and markers
could be identical in the experiments. A joint analysis
would enable direct tests of whether a given QTL is
acting in each population (for example Walling et al.,
1998). This is in contrast to the correlation approach
here which considers the whole genome.

We thank J. Cheverud and G. Brockmann for kindly
providing the data from their mouse growth rate QTL
mapping experiments, and for comments on the manuscript,
and the Royal Society for support.
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