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Simultaneous mapping of epistatic QTL in chickens reveals
clusters of QTL pairs with similar genetic effects on growth
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Summary

We used simultaneous mapping of interacting quantitative trait locus (QTL) pairs to study various
growth traits in a chicken F, intercross. The method was shown to increase the number of detected
QTLs by 30% compared with a traditional method detecting QTLs by their marginal genetic effects.
Epistasis was shown to be an important contributor to the genetic variance of growth, with the largest
impact on early growth (before 6 weeks of age). There is also evidence for a discrete set of interacting
loci involved in early growth, supporting the previous findings of different genetic regulation of early
and late growth in chicken. The genotype—phenotype relationship was evaluated for all interacting
QTL pairs and 17 of the 21 evaluated QTL pairs could be assigned to one of four clusters in which
the pairs in a cluster have very similar genetic effects on growth. The genetic effects of the pairs indicate
commonly occurring dominance-by-dominance, heterosis and multiplicative interactions. The results
from this study clearly illustrate the increase in power obtained by using this novel method for
simultaneous detection of epistatic QTL, and also how visualization of genotype—phenotype
relationships for epistatic QTL pairs provides new insights to biological mechanisms underlying

complex traits.

1. Introduction

The desire to dissect the underlying mechanisms of
complex traits has led to detection of major genes and
quantitative trait loci (QTLs) for many traits in vari-
ous species. The traditional way to detect major genes
and QTLs is by looking for marginal (additive and
dominance) effects of the individual loci. Larger
sample sizes in QTL mapping studies have increased
the opportunity to study the importance of more
complex genetic mechanisms such as epistasis. Epi-
stasis has been sought by estimation of the epistatic
effects of combinations of QTLs detected by their
marginal effects (e.g. Chase et al., 1997) or by using
one-dimensional searches with an epistatic model,
while including markers to control background gen-
etic effects (e.g. Fijneman ez al., 1996). Some attempts
have also been made to develop methods that assess
the physiological importance of epistasis (Cheverud &
Routman, 1995). More recently, several new methods
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and technologies have been proposed to increase the
power to map epistatic QTLs by performing genome-
wide mapping of epistatic QTLs (e.g. Boer et al.,
2002; Carlborg et al., 2000; Carlborg & Andersson,
2002; Kao et al., 1999; Jannink & Jansen, 2001 ; Sen &
Churchill, 2001). Several of the methods have also
been evaluated by simulation and several have also
been applied to map interacting QTLs in various ex-
perimental populations (e.g. Carlborg et al., 2003;
Leamy et al., 2002 ; Peripato et al., 2002 ; Shimomura
et al., 2001; Zeng et al., 2000). The application of
newly developed methods to experimental datasets is
an important part of the process of developing im-
proved method, because it gives new insights into
various properties of the analytical method. It also
gives an indication of the potential of the new method
for revealing previously unnoticed phenomena in ex-
perimental data.

Conventional genetic selection has resulted in lines
of laying fowl that are small and lean, and produce
many eggs in the course of a laying year. Selection of
fowl for high growth rates, high muscle yields and
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improved feed efficiency has led to the creation of very
large, heavily muscled broiler lines with relatively
poor reproductive fitness. Several recent studies have
reported associations between genetic markers and
quantitative traits of economic importance in chick-
ens (e.g. Dunnington et al., 1992; van Kaam et al.,
1998, 1999; Ikeobi et al., 2002; Sewalem et al., 2002).
The current study is based on a cross between a layer
line with a small body size and a sire line of broiler
parent stock with a very large body size that were
crossed to produce an F, in which many traits were
characterized. This cross has previously been analysed
using a variety of traditional QTL mapping techni-
ques (Ikeobi et al., 2002 ; Sewalem et al., 2002). Here,
we use the method described by Carlborg et al. (2003)
to map epistatic QTLs and to evaluate the relative
contribution of epistasis to live weight at 3, 6 and 9
weeks of age and for the growth in the age intervals
3—6 weeks and 69 weeks of age.

2. Animal material

The mapping population consisted of a three gener-
ation F, cross between a White Leghorn line and a
commercial broiler sire line. The layer was derived
from a commercial pure line and the broiler sire line
had been selected for high growth rates and breast
muscle yields as part of a commercial breeding pro-
gram. Three females and three males from both lines
were used to generate six F; families. Subsequently,
four of these families (two each of broiler male x layer
female and layer male X broiler female) were used to
create the F; population. Each F; family contained
10-16 birds. Eight male and 32 female F; were sel-
ected to produce an F, generation of 546 chickens. The
recorded traits were body weight at 3, 6 and 9 weeks
of age, and, from these, growth rates at 3—6 and 6-9
weeks of age were calculated. For the total genome
scan, 134 microsatellite markers covering 30 auto-
somal linkage groups and the sex chromosomes were
typed on eight Fy grandparents, 40 F; parents and 510
F, chickens. After parentage checking and genotyping
edits in the F,, data from 466 F, chicks in 30 full-sib
families with genotypes on 101 microsatellites cover-
ing 27 linkage groups were available for analysis. The
total map length was 2499 cM. The average marker
spacing was 40 cM and the average polymorphic
information content was 0-61 (ranging from 0-19 to
0-98). The sex chromosomes were excluded in the
search for epistatic QTLs. A more thorough descrip-
tion of the mapping population can be found in
Sewalem et al. (2002).

3. QTL mapping methods

This report uses two QTL mapping methods based on
two genetic models (without and with epistasis) and
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two genomic search strategies, forward selection (FS)
and simultaneous search (SIM) to map QTLs in an
outbred F, chicken cross. The methods are compared
based on the differences in the number of significant
QTLs detected and the amount of genetic variance
explained by the detected QTLs. Method I (FS) is a
traditional strategy for QTL mapping based on a lin-
ear model with marginal (additive and dominance)
effects for multiple QTLs. The final genetic model is
built by forward selection of significant marginal ef-
fects of individual QTLs. Method II (SIM) is a
method for simultaneous mapping of epistatic QTLs
(Carlborg & Andersson, 2002 ; Carlborg et al., 2003),
which is based on a linear model with marginal effects
for a pair of QTLs and their four possible pairwise
interactions. The locations for the two QTLs in the
model are selected simultaneously using either an
exhaustive search (in the real data) or a genetic al-
gorithm (during randomization testing). The contri-
bution of epistasis to the genetic variance explained
by the pair was evaluated for all the pairs. The pro-
cedures outlined here are described in more detail in
the following sections.

(1) Linear models for single and multiple QTLs

In the marginal effects genetic model, used for for-
ward selection of non-epistatic QTL (method I, FS),
each QTL is modelled by its marginal (additive and
dominance) effects

y=PBy+FZ+pB;a;+By;d; +¢; )

where y; is a vector of phenotypes, 3, is the mean, F
is a vector of regression coefficients for full-sib family,
sex, rearing pen and earlier detected QTLs, Z is a
matrix of regression variables for full-sib family, sex,
rearing pen and earlier detected QTLs, f8,;, f,; are
regression coefficients for additive and dominance ef-
fects at genomic location j, and a; and d; are regression
indicator variables for additive and dominance effects
at genomic location j.

For simultaneous mapping of QTL pairs (method
I1, SIM), the linear model is a non-orthogonal expan-
sion of model I to include also the marginal genetic
effects of a second QTL and the four pairwise inter-
action terms for a QTL pair

Y=L+ FZ+ By ya;+ By .d; + Bsjax + By i
+ﬂ5_jkaajk +ﬁ6jkad_ik +ﬁ7_;‘kdajk +Bs jkddik t €k (2

where y, B, F and Z are the same as in model I, By,
Baji» Pajx and By are regression coefficients for addi-
tive and dominance effects for QTLs at locations j
and k cM, By, Beji, B and Py are regression coef-
ficients for epistatic effects between QTLs at locations
jand k cM, a;, d;, a; and dj. are regression indicator
variables for additive and dominance effects for QTLs
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at locations j and k cM, and aay., ady., da; and ddy,
are regression indicator variables for epistatic effects
for QTLs at locations j and k cM.

(i1) Parameter estimation

Estimation of the genetic effects for QTLs was per-
formed using variations of the commonly used least
squares framework for QTL mapping in inbred and
outbred crosses (Haley & Knott, 1992; Haley et al.,
1994). This framework involves two independent
tasks. First, QTL genotype probabilities are estimated
throughout the genome conditional on the measured
marker genotypes. Second, the QTL genotype prob-
abilities are used to calculate regression indicator vari-
ables for the genetic effects of QTL, which are then
used to estimate the genetic effects using least squares.
In this F, population, the marker genotypes were used
to estimate the probability of an F, offspring being
each of the four QTL genotypes (QQ, Qq, qQ and qq)
at 1 cM intervals throughout the genome. The mar-
ginal QTL effects considered are additive (allele sub-
stitution) and dominance (heterozygote deviation)
effects (model I above). Haley & Knott (1992) describe
how to form additive (a;) and dominance (d;) indi-
cator regression variables as

a;=P(Q0),— P(qq);
di=P(Qq), + P(qQ);,

where 7 is the genome location of QTLC[1 - genome
size cM], and P(XX), is the conditional probability of
the individual having QTL genotype XX at location
i given the flanking marker genotypes. We did not
consider parental origin effects because there was no
evidence of imprinting in this population (Sewalem
et al., 2002).

Method II involves a search for pairwise inter-
actions between QTLs, and the genetic model to evalu-
ate these effects includes four interaction effects in
addition to the marginal effects of the two QTLs in the
pair. To estimate these effects (additive by additive,
additive by dominance, dominance by additive and
dominance by dominance interactions), a new set of
indicator regression variables needs to be calculated.
Haley & Knott (1992) indicated that the indicator re-
gression variables could be calculated by multiplying
the respective additive and dominance regression in-
dicator variables for the QTL in the pair

Aajng =dp X djy,
adijlz =dp X djz,
dfli;‘m =dj ¥ aj,
ddzjjzz =dy x dea

where i and j are the genome locations in cM of QTLs
1 and 2C (1 genome size cM).
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Using these indicator regression variables, the gen-
etic parameters for single QTL (model I) and epistatic
QTL pairs (model II) can be estimated using ordinary
least squares.

(iii) Forward selection interval mapping

A simple way to map multiple QTLs is by forward
selection of non-interacting QTLs. This was the first
analysis we performed to detect significant marginal
(additive and dominance) effects of QTLs (Fig. 1, step
I). QTL genotype probabilities were calculated at
1 cM intervals and QTLs were fitted using model 1
at 1 cM intervals using ordinary least squares (Haley
et al., 1994). The additive and dominance regression
indicator variables for the most significant single QTL
in this scan were added as cofactors to model I and
a new genome scan was performed using the updated
model. This procedure was repeated until no ad-
ditional significant QTLs were detected. Statistical
significance was assessed by randomization testing
(Churchill & Doerge, 1994) in each step of the pro-
cedure using a 5% genome-wide threshold for signifi-
cant and a 20% genome-wide significance threshold
for nearly significant QTLs. All randomization tests
are based on analyses of 1000 permuted datasets.

(iv) Simultaneous interval mapping

Simultaneous mapping of epistatic QTLs increases
the power to detect interacting QTL. The principle of
the SIM method performed here is as follows (Fig. 1,
step II). First, QTL genotype probabilities were cal-
culated at 1 cM intervals according to Haley et al.
(1994). An exhaustive simultaneous search for inter-
acting QTL pairs in the real data was performed using
model II. For all fitted pairs, the parameters of the
model were estimated using least squares and the
model fit (residual sum of squares) was retained. Sig-
nificance of fitted QTL pairs was assessed in three
ways depending on the number of QTLs in the pair
that had significant marginal effects (for further detail
on the randomization procedures see Carlborg &
Andersson, 2002). (i) When both QTLs in the pair had
significant marginal effects in the FS procedure de-
scribed above, the QTL pair was declared significant
without further significance testing. (i) Where one of
the QTLs in the pair had significant marginal effects, a
randomization test was used to test for the combined
effects of the marginal effects of the second QTL and
the interaction parameters for the pair, conditional
on the significant marginal effects of the first QTL.
(iii) Where neither of the QTLs had significant mar-
ginal effects, the significance of the pair is assessed
using a randomization test for a QTL pair without
significant marginal effects. For all these tests, a 5%
genome-wide threshold was used to declare significant
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Fig. 1. The analysis procedure used for detection of QTL. Further explanation of the figure can be found in the text.
Abbreviations: 1D, one-dimensional; 2D, two-dimensional; E, exhaustive search.

and a 20% genome-wide significance threshold to
declare nearly significant QTL pairs.

(v) Model selection for significant QTL pairs

To evaluate whether epistasis contributed signifi-
cantly to the genetic variance explained by significant
and nearly significant QTL pairs, a randomization
test was used to test whether a model including both
marginal (additive and dominance) and epistatic
QTL parameters significantly improved the fit over a
model including only marginal QTL effects (Carlborg
& Andersson, 2002). A nominal 5% significance
threshold was used for each of these tests.

(vi) Multiple regression modelling

To compare the explanatory power of the QTL de-
tected by the SIM and FS procedures, we used multiple

regression modelling to fit simultaneously all QTL
detected using the FS and SIM procedures. For all
traits in turn, we fitted model I with (i) all QTLs de-
tected by FS and (ii) all QTLs detected by SIM. The
fits of the models were compared by the reduction of
the residual sums of squares of these two models by
including the genetic effects of the QTLs. The relative
importance of epistasis for the analysed traits was
assessed by comparing the fit of model I, including the
marginal effects for all QTL detected by the SIM pro-
cedure, and model II, including the same marginal
effects together with interaction effects for pairs where
an epistatic QTL model was significantly better than a
marginal effects model. The variances contributed by
the marginal effects (model I) and by the marginal and
epistatic effects (model IT) were compared using the
reduction of the residual sum of squares by the re-
spective models by including the genetic effects of the
QTLs.
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(vii) Interpretation of epistasis

If the genetic mechanism behind the observed pairwise
QTL interactions could be understood, the infor-
mation would be valuable for identifying candidate
genes for detected QTLs. We have therefore plotted
the nine genotype class means for all the significant
and nearly significant QTL pairs to identify simi-
larities among the interaction patterns and those of
classic mendelian patterns of epistasis. The genotype
class means were estimated using the SAS software,
by regressing phenotypes on fixed effects and the two-
locus genotype probabilities (calculated by multiply-
ing the single locus genotype probabilities described
above) of the QTL pair.

4. Computational methods

In QTL mapping, the genome is modelled as a grid
based on genetic markers (where each marker is a
node in the grid) or on genetic map locations (where
each node in the grid is a genomic location in cM). The
grid is one-dimensional during a search for a single
QTL and multidimensional when multiple QTLs are
sought. A genome scan involves fitting a statistical
model at multiple locations in the genomic grid with
the objective of finding the location(s) in the genome
with significant statistical support for a QTL or mul-
tiple QTLs. We use a genetic-map-based grid with a
genetic distance of 1cM (Kosambi) between the
nodes.

We have used three different algorithms to select
the QTLs to be evaluated among all the possible
combinations of QTLs that exist in the grid. Below,
we give a short introduction to these methods but, for
a more thorough discussion of methods to search for
QTLs in genetic grids, we refer to Carlborg (2002).

(1) Exhaustive search

An exhaustive search involves fitting the statistical
model at all nodes in the one- or multidimensional
grid. The method guarantees that the best location in
the grid, at the given resolution, is found, but at the
price of a high computational demand. The compu-
tational demand for using an exhaustive search in a
one-dimensional grid (i.e. a search for a single QTL),
randomization testing in one-dimensional grids or
isolated scans in two-dimensional grids (i.e. fitting
two QTLs simultaneously in real data) is not pro-
hibitively high, especially when parallel computers
are used for the analysis (Carlborg, 2002). However,
randomization testing based on two-dimensional
grids and scans in grids of dimensions higher than two
is computationally intractable using an exhaustive
search and, for this, alternative search methods are
needed.
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(i1) Forward selection

Forward selection is a method to reduce a scan of a
multidimensional grid to a series of one-dimensional
scans. In QTL mapping, the method has been used to
map multiple non-interacting QTLs, where the most
significant QTL from a series of successive exhaustive
one-dimensional genome scans are sequentially added
to a multiple-QTL model. The method is expected to
perform well when the QTLs are independent, which
is the case for non-interacting and non-linked QTLs,
and has been widely used for this purpose. We have
selected this method to represent a traditional method
to search for multiple non-interacting QTLs.

(iii) Genetic algorithm

Genetic algorithms are search algorithms based on
the mechanisms of genetics and natural selection,
and can be used to perform a multidimensional search
in a more computationally efficient way than using an
exhaustive search. The advantage of using a true
multidimensional search instead of a search based on
repetitive one-dimensional searches is expected to be
greater for interacting QTLs than for non-interacting
QTLs, because pairs of QTLs with non-significant
marginal effects will not be found in a series of one-
dimensional searches. The importance of using true
multidimensional searches when mapping interacting
QTLs was first shown by Carlborg et al. (2000), where
a genetic algorithm was shown to be more efficient in
detecting interacting QTL than an FS-based method.
Here, a genetic algorithm has been used to reduce the
computational demand during randomization testing
for interacting pairs of QTLs without significant
marginal genetic effects. We used a genetic algorithm
(GA) from a library named PGAPack (Levine, 1996).
Ten independent GA populations of 20 individuals
with 1000 iterations per population were used for two-
dimensional genome scan. For each independent GA
population, a local exhaustive search of +5cM was
performed around the found optimum after the
GA had converged. More information on specific
parameters settings for PGAPack can be found in
Carlborg et al. (2000).

5. Results
(1) Detection of non-interacting and interacting QTLs

For the five analysed bodyweight and growth traits,
a total of nine QTL regions were detected as signifi-
cant using a 5% genome-wide significance threshold
(Table 1). Three of the regions (chromosome 1,
150 cM; chromosome 1, 470 cM; chromosome 27,
0 cM) were only detected by their marginal effects
and one region was only detected using simultaneous
mapping of epistatic QTL pairs (chromosome 2,



Table 1. Genomic regions with a significant or nearly significant QTL affecting at least one growth trait. The information content at the location of the QTL and
the markers flanking the QTL peak are also given

QTL LM RM BW3 BW6 BW9 GR36 GR69 Sum IC Int
GGA  Pos Name Pos  Name Pos FS SIM FS SIM FS SIM FS SIM FS FS SIM T Y/N  Pairs
1 70 MCWO010 48  ADLISS 109 ¢ c a a a - a a a L Y 1
1 150  LEIl46 145 MCW007 178 - c a c - c a c a H Y 5(4)
1 390 MCWO036 362  LEIN06 394 — c - b a a a c c a a a M Y 4(3)
1 470  LEI079 422 ROSO025 503 a c a b a b a L Y 1
2 240 ADL196 225 LEI127 270 - a - b - a a M Y 3(2)
2 290  LEI127 270  ROS074 302 - b c - c - c b b H N
3 50  MCWO083 51 MCWO083 51 - b - - b b M Y 1
4 165 ADL266 126  LEI073 231 a a a c a b a a a a L N
5 127  ROS084 57  ADL298 166 - - c c L Y 1
6 35  ROS003 33 ADLI142 51 a a a b a a a H Y 4
7 105 ROSO019 101  ADLI180 109 - c - c c H Y 1
8 15 ADLI179 11 ROS075 80 c c c c c c c L Y 1
13 55 ADLI147 32 ADL255 70 a c a a ¢ a a b a a a M Y 5(3)
18 15  ROS022 0  ROS027 23 - c - c - c c H Y 2(1)
27 0  ROS071 0  ROS071 0 c - a c a c a H Y 2

Abbreviations: GGA = Gallus gallus chromosome, Pos = Estimated chromosomal position (cM) based on the results from all traits, No=QTL ID number, LM/RM = Left/Right
Marker flanking QTL interval (LM =RM if the QTL peak is located at a marker), BW3/6/9 =Body weight at 3/6/9 weeks of age, GR36/69 = Growth from 3 to 6 and 6 to 9 weeks
of age, Sum =Summary of QTL mapping results, FS=Significance of QTL mapped using forward selection, SIM = Significance of QTL mapped using simultaneous mapping,
T =Significance of QTL mapped by the entire SIM procedure, a/b/c=QTL significant at 5/10/20 % genome-wide significance threshold, Int=QTL involved in interactions,
Y /N =Yes/No, Pairs =No. of epistatic pairs (No. of unique epistatic pairs) in which QTL is involved, IC=combined information content for QTL location classified as 0 < Low
(L)<0-30, 0-31 <Medium (M) <0-60, 0-61 <High (H) < 1-00.
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240 cM). When a 20% genome-wide significance
threshold was used, 15 QTL regions were detected,
and five of these (chromosome 2, 240 cM; chromo-
some 3, 50 cM ; chromosome 5, 127 ¢cM ; chromosome
7, 105cM; chromosome 18, 15cM) were only de-
tected using simultaneous mapping of epistatic QTL
pairs. A summary of all QTL pairs that were detected
for the five analysed traits and the model that was
selected for each of the pairs are given as supplemen-
tary information on the publisher’s website. Two QTL
regions (chromosome 2, 290 cM; chromosome 4,
165 cM) were never included in a significant epistatic
QTL pair, and seven regions were significant on more
than one occasion and two of these were only detected
using SIM (chromosome 2, 240 ¢cM; chromosome
18, 15 cM). The least squares estimates for the two-
locus genotypes for all detected QTL pairs are given
in Table 2.

(i1) Variation explained by epistasis

The additional residual phenotypic variance ex-
plained by adding significant epistatic parameters to
the genetic model varied from 0% to 34 % using a 5%
genome-wide threshold and from 20 % to 103 % using
a 20% genome-wide threshold. The largest contri-
bution of epistasis when using the 5% threshold was
for bodyweight at 6 weeks and 9 weeks. For the QTLs
detected using the 20% threshold, the largest con-
tribution of epistasis was found for bodyweight at
6 weeks and the growth rates at 3—6 and 6—9 weeks.
Fig. 2 shows the amount of residual phenotypic vari-
ation explained by the QTLs detected by their mar-
ginal effects using FS and by the SIM procedure for
the five analysed traits.

(iii) Interpretation of epistasis

In total, 30 QTL pairs were detected for the five ana-
lysed traits (Table 3) and, for 16 of these, an epistatic
model was selected. Among the 30 pairs, there were 21
unique combinations of loci that had significant gen-
etic effects on at least one trait. The patterns among
the genotypic effects for the locus pairs that had sig-
nificant effects on multiple traits were very similar and
so only the unique combinations were evaluated fur-
ther. Four clusters of QTL pairs with similar genetic
effect patterns were identified by visual inspection
(representative pairs are given in Fig. 3).

The first cluster consists of five pairs, in which sev-
eral of the homozygote—heterozygote genotypes have
lower phenotypes than expected under a two-locus
additive model. An epistatic model was significant for
four of the pairs in this group. An example of a pair
from this cluster is shown in Fig. 3A.

The second cluster contains six pairs, in which the
broiler double homozygote has a lower phenotype
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Trait and significance level
Fig. 2. The variance explained by the QTLs detected by
their marginal effects using forward selection and by the
SIM procedure for the five analysed traits, calculated as
the reduction of the residual sums of squares by adding
marginal and epistatic genetic effects to the model.
Abbreviations: FS, QTL mapped using forward selection;
SIM, QTL mapped using simultaneous mapping; BWX,
bodyweight at X weeks of age; GRXY, growth from X to
Y weeks of age; Marginal, model used included additive
and dominance effects; Epistatic, model used included
additive, dominance and epistatic effects.

than expected given the other genotypic-effects for
the pair. The QTL pair in Fig. 3B is an example
from this cluster. An epistatic model was selected for
the three most significant of the pairs in this group.
Three of the six pairs include a QTL on chromosome
1, closely linked to marker LEI106 at 393 cM, and
two more pairs include a close, but unlinked, QTL
located at 455 cM.

The third cluster includes four pairs that show a
continuous increase in the phenotype from the low
phenotype Leghorn double homozygote to the high
phenotype broiler double homozygote. The transition
of the phenotype between the genotypes varies from
near linear (‘additive’) to non-linear. Fig. 3C shows
a pair from this cluster with a non-linear phenotype
transition between the genotype classes. An epistatic
model was selected for the two most non-linear of the
pairs in this group.

The last identified cluster includes two pairs that
have their genotypic effects divided into three distinct
classes, in which the high-effect group contain broiler
homozygotes or the double heterozygote, the inter-
mediary-effect group only contains the Leghorn
double homozygote and the low-effect group contain
the rest of the genotype classes. Both of the pairs are
significantly epistatic. Fig. 3D shows one of these
pairs.

There are no striking similarities with a mendelian
pattern of digenic epistasis or other similarities among
the remaining five pairs and they have not been
classified further. The plots of the genotypic effects for
all the 22 genotype combinations are given as sup-
plementary information on the publishers website.

QTLs with significant pairwise interactions or non-
significant interactions for QTL clustering into groups
1 and 2 above were joined by connecting arrows to



Table 2. Estimates of the genotypic effects (as deviations from the LLLL genotype) and the respective standard errors for the QTL pairs detected in the study

Genotypes
QTL information
BBBB BBBL BBLL BLBB BLBL BLLL LLBB LLBL LLLL
Pair
no Trait Location Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE
1 bw3  1-147|1-373 720 19-6 824 188 392 201 352 191 472 177 504 194 509 196 60-3  21-8 00 -
2 bw3  1-147|1-471 18-1 344 367 327 —538 348 23 319 -7-5 295 —-376 312 354 279 —437 436 00 -
3 bw3  1-471|]13-59 141-1 51-3 167-8 463 70-3 380 116:5 500 93-7 357 12119 563 1145 502 106:6 517 00 -
4 bw6  1-71]6-34 1236 100-9 84-3 823 962 821 12609 853 1182 754 —47-5 11666 —519 92:0 —729 838 00 -
2 bw6  1-150|1-455 1260 1074 96:8 101-0 —109-0 1065 359 100-4 4-8 887 —735 1028 1129 876 —127-4 1341 00 -
5 bw6  1-150/4-168 381-6 1448 160-2 134-1 —12-5 1496 1657 135-1 1367 1140 3-5 143-8 3398 1131 4-3 191-3 00 -
6 bw6  1-150|18-13 617 64-3 732 565 —839 629 392 591 —543 538 —507 61'1 —653 648 —674 657 00 -
7 bw6  1-383|6-34 87-3 597 1982 495 1257 526 2105 487 14114 443 1121 588 1314 556 91-7 551 00 -
8 bw6  1-383|13-56 1734 869 391-0 750 1205 749 3985 779 2339 637 243-0 797 2181 834 2652 9144 00 -
9 bw6  1-455/4-168 81:6 3248 5664 3527 —1057 2595 495-3  328-5 746 191-1 1522 3903 1940 2166 1406  391-8 0-0 -
3 bw6  1-455|13-56 387-8 147-1 5129 1325 219-6 1089 3653 1432 3250 1023 346-8 1612 3660 1439 2969 1482 00 -
10 bw6  2-239|6-34  178-8 59-7 160-8  53-5 1362 562 1597 535 1558 49-1 856 632 1230 644 866 546 00 -
11 bw6  2-239|13-56 360-5 93-8 2089 696 779 702 882 723 246:1 581 1177 759 3441 797 62:6 852 00 -
12 bw6  3-34/6-34 1485 523 556 474 —61-2 513 1-0 434 592 404  —30-5 479 672 536 —524 484 00 —
13 bw6  4-168|6-34  476:6 144-1 317-8 1240 323-5 1032 2109 1292 2596 1158 165-3 1808 1186 144-1 89-7 1275 00 -
14 bw6  4-168|13-56 481-1 1869 286:5 1717 250-1 1326 59-5 181:7 3164 1222 112:0 2092 3640 1880 —13-6 1805 00 -
15 bw9  1-397|4-168 4953  308-8 456-8 2630 —60-8 2714 607-4 256:0 3035 2195 725 2667 3639 2022 184-1 3523 00 -
8 bw9  1-397|]13-55 3019 1296 508-8 110-1 1134 1134 447-4 1123 3076 977 3189 1086 352-6 127-1 239-8 1317 00 -
16 bw9  8-13]13-55 9114 2709 —83-1 2166 99-0 1887 —3287 2303 3340 1474 —131-0 2599 3470 2419 -—-2702 2305 00 -
6 gr36  1-145|18-16 469 43-8 447  38-1 —67-5 426 34-8 397 —397 366 —287 388 =227 445 —546 438 00 -
17 gr36  1-145)27-0 1823 419 100-4 355 345 394 1026 374 570 346 47-1 359 60-6 448 54-1 37-8 00 -
15 gr36  1-400/4-170 1343  149-1 2551 1274 —53-3 1299 306-1 1227 1072 1046 492 1305 1705 956 734 1681 00 -
7 gr36  1-400|6-33 92-5 37-8 1453 322 90-1 364 1294 319 1165 288 79-1 361 1170 361 488 347 00 -
11 gr36  2-245|13-52 2694 79-3 152:5 606 94-5 605 653 652 2058 500 904 674 2757 688 423 757 00 -
13 gr36  4-170/6-33 2949 109-2 243-4 932 2583 776 180-0 975 1675 883 758 1369 223 109-3 509 949 00 -
14 gr36  4-170|13-52 3756  153-7 2082 1414 254-1 106-3 60-7 1514 2475 966 717 1682 2512 1536 21 148-0 00 -
18 gr36  6-33]27-0 146-4 389 1048 309 725 351 1541 325 90-7 289 652 322 647 390 586 324 00 -
19 gr36  7-105/27-0 77-8 40-9 121-0 333 525 409 142-3 351 446 316 442 354 925 409 533 349 00 -
20 gr36  8-2527-0 3335 1353 181-1 868 239-1 786 120-5 937 2065 736 141-1 1175 2712 108-2 69-6 838 00 -
21 gr69  3-63|5-127 7203 2050 —386:1 2022 260-2 1931 —3319 2032 2136 1605 —984 2195 2402 1523 —1622 2709 00 -

Abbreviations: Pair no, number of unique QTL pairs if the same pair has significant effects for more traits the pair has the same number; L, Leghorn allele; B, broiler allele;

XXYY, genotype XX at locus 1 and genotype YY at locus 2.

Locations: a-b|c-d, first QTL at chromosome a in location b and second QTL at chromosome ¢ in location d.
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Table 3. Number of QTL pairs identified by a simultaneous mapping strategy for epistatic QTL pairs (SIM) and
the number of pairs detected with a marginal effects model including additive and dominance effects (A + D) and
an epistatic QTL model (E) were selected. Also, the number of times two, one or none of the QTLs in the
detected pair were also detected using forward selection (FS) and a marginal effects model

5% genome-wide significance

20 % genome-wide significance

Selected model Detected by FS

Selected model Detected by FS

No of pairs No of pairs
by SIM A+D E 2 1 0 by SIM A+D E 2 1 0
BW3 0 0 0 0 0 0 3 1 2 2 1 0
BW6 4 1 3 2 2 0 13 6 7 8 5 0
BW9 1 0 1 0 1 0 3 1 2 3 0 0
GR36 0 0 0 0 0 0 10 6 4 6 3 1
GR69 0 0 0 0 0 0 1 0 1 0 0 1
(A) Growth 6 to 9 weeks of age B) Bodyweight 6 weeks of age
g T 250
1200 ¢ |
1000 | 200
- | c
B 800 2 150
£ 0! e
ki | £ 100
> 400 a
R | 50
200 BB
6 BL Chr 5, BL Chré6,
BB 127 cM 34 cM
BL LL
Chr 3, Chr 1,
63 cM 383 cM
©) Growth 3 to 6 weeks of age (D) Bodyweight 6 weeks of age
] )
£ g
Chr 27,
0 cM
Chr1, Chr 1,
145 cM 150 cM

Fig. 3. Phenotypic expression in the nine genotype classes for representative epistatic QTL pairs from the four clusters of
QTL pairs with similar genetic effects on growth in a broiler layer cross. Abbreviations: Deviation, phenotype expressed as
the deviation (in grams) of the phenotype from the genotype class with the lowest mean; Chr, chromosome; Pos, position;
BB, genotype is homozygote broiler; BL, genotype is heterozygote; LL, genotype is homozygote layer.

understand further the genetic architecture of the
traits (Fig. 4). The figure shows a chain of eight QTLs
linked by pairwise interactions, two branches with a
single QTL and three loops on the chain (two of which
are created by non-linear type interactions). Two
QTLs (chromosome 2, 290 cM, and chromosome
4, 165cM) are not included in the figure because

they were not involved in any significant pairwise
interactions.

6. Discussion

The use of efficient computational algorithms in QTL
mapping allows researchers to move from approximate
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Fig. 4. Graphical representation of the interactions
detected between the QTLs affecting growth in a

broiler x layer cross. Circles indicate QTLs and the number
in the circle is the relevant QTL number given in Table 1.
The connectors between the circles indicate two-locus
interactions, where black connectors indicate significant
epistatic interactions and grey connectors indicate
interactions where the significance threshold is not reached
but where inspection of the genotype means indicate that
the QTL pair belongs to one of the four interaction
clusters identified. Dashed connectors indicate additive-like
interactions. The style of the ends of the connectors
indicate the trait for which the interaction was significant:
circular, body weight at 3 weeks; square, body weight at

6 weeks; arrow, body weight at 9 weeks; circular 4 square,
growth between 3 weeks and 6 weeks; square + arrow,
growth between 6 weeks and 9 weeks.

methods to screen for epistasis to true multi-
dimensional searches (Carlborg et al., 2001 ; Carlborg,
2002; Ljungberg et al., 2002). We have previously
shown by simulations that simultaneous mapping of
multiple epistatic QTLs has the potential to increase
the power to map interacting QTLs (Carlborg et al.,
2000; Carlborg & Andersson, 2002). The benefits of
using this method are, however, not universal. Be-
cause the true genetic architecture of complex traits,
and therefore the impact of epistasis, is unknown,
the potential benefit of using these methods can only
be assessed when they are applied in analyses of ex-
perimental data. High power to detect epistasis can
only be expected in reasonably large datasets with
high-quality phenotypic measurements and highly
informative markers. Owing to limited practical ex-
perience from applying these methods to experimental
data, the practical usefulness and limitations of the
method in experimental datasets are still largely un-
known. The analysis of this dataset serves as an
exploration of potential use of the method in a
reasonably sized experimental dataset, which was not
initially designed for detection of epistasis. The model
selection procedures used in this study were based on
stringent, population-based genome-wide thresholds
in order to control the rate of false-positive epistatic
QTL pairs. We felt that this was justified, because this
study is one of the first aiming to detect genome-wide
epistatic QTLs and it is important to avoid making
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inferences and recommendations for future studies
based on false-positive QTLs. This does limit the
power of the study but, when the method has been
more thoroughly evaluated, other thresholds can be
used to obtain a balance between type I and type II
errors that is suitable for each individual experiment.

The first application of the QTL mapping method
used in this study was for analyses of growth traits
from an exotic cross between the Red Jungle Fowl
and a White Leghorn layer (Carlborg et al., 2003).
The use of the method increased the number of QTLs
detected dramatically, and epistasis was shown to be
a large contributor to the genetic variance of early
growth in that cross. The study described in this re-
port serves two purposes. First, we analysed a set of
similar growth traits in a different chicken cross be-
tween broiler and layer chickens. By doing this, we
hoped to evaluate further the importance of epistasis
in chicken growth and to identify genetic mechanisms
underlying detected epistasis. Second, this dataset is
significantly smaller (466 rather than 752 F, in-
dividuals) and the results from this study will indicate
the potential of the method in the more moderately
sized experiments that are common used.

The previous analyses of the growth traits in this
dataset (Sewalem et al., 2002) were based on an older
version of the dataset and different combinations of
background QTLs and fixed effects in the models used
for analyses. Despite this, a brief comparison of the
results from these studies shows that the two studies
together report 16 QTLs as significant using a 20 %
genome-wide significance threshold. Sewalem et al.
(2003) detected 12 QTLs, one of which was unique to
that study, and we here report 15 QTLs, four of which
could only be detected using SIM and were unique to
this study. Two of these unique QTLs were, however,
detected for growth rate at 3—6 and 6—9 weeks of age,
which have not previously been analysed.

Both the number and the significance of epistatic
QTLs were lower in this cross than in the exotic cross
between the Red Jungle Fowl and a White Leghorn.
This is expected because this cross has about 300
fewer F, individuals and a sparser genetic map (aver-
age marker spacing is more than 15cM greater).
There are also fewer unique QTLs detected by the
SIM procedure and this could be due to the decrease
in power caused by the above reasons, but also to the
considerably shorter time since the divergence of the
broiler and layer than of the domesticated chicken
and its wild ancestor (a few hundred compared with
several thousand years). This could influence the op-
portunities for co-adaptation of genes within the lines
that might be one cause of the large amount of epis-
tasis detected in the more exotic cross. However, a
significant amount of epistasis was still detected in
this study, which implies that epistasis is a rather im-
portant mechanism for generation of poultry lines in
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general, and that certain favourable allelic combi-
nations occur at high frequencies within the lines. The
creation of an experimental cross creates new allelic
combinations, which in turn increases the power to
detect epistasis. Further studies are needed to evaluate
how much epistasis that is segregating within natural
chicken populations.

In the Red Jungle Fowl x White Leghorn cross, epi-
stasis was found to be very influential on early growth
(846 days of age), whereas the importance of epistasis
on later growth was low. In the broiler x layer cross,
the largest total genetic and epistatic contribution to
growth is to the bodyweight at 6 weeks of age (42 days
of age) and to growth between 3 weeks and 6 weeks of
age (21-42 days). There also seems to be a discrete set
of epistatic QTLs involved in earlier growth. This
study is therefore consistent with the previous finding
that there could be different genetic regulation of
early and late growth in chickens, and that epistasis is
more important for early than for late growth.

There were 101 unique QTL pairs detected in the
Red Jungle Fowl x White Leghorn cross, and of the
21 unique pairs detected in the broiler x layer cross,
ten mapped to the same chromosome pairs and six
mapped to closely linked marker intervals in the two
crosses. When the genotype—phenotype relationships
were compared between the crosses for these pairs,
the Leghorn alleles for one pair (chromosome 1,
417 cM, and chromosome 13, 7 cM) appeared to have
a very similar phenotypic effect in both a broiler and
a Red Jungle Fowl background.

The marker spacing in this cross is on average
40 cM and, owing to this, there are relatively large
proportions of the genome where the genetic infor-
mation for detecting a QTL is low. Several QTLs have
been located in low information regions both as single
QTLs and as part of epistatic QTL pairs. The method
used for mapping epistatic QTL pairs is designed to
detect significant additional variation explained by an
epistatic QTL model. There is no evidence here that
would suggest that the additional variation explained
for the pairs is due to low information content. On the
contrary, there is an indication that the additional
QTLs found are in most cases located in more in-
formative regions in the genome than the QTLs de-
tected by their marginal effects. There is furthermore
no evidence that segregation distortion is more com-
mon in the regions detected using the simultaneous
mapping procedure. There is also no evidence that
there was a deviation from normality within the QTL
genotype classes of the detected epistatic QTL pairs.
This observation strengthens the evidence that the
method is robust when applied to real data.

Close linkage causes some genotype combinations
to be rare, which could cause problems in estimating
genetic interactions. Several QTLs were detected on
chromosome 1 but only in one pair did the epistatic
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model fit significantly better than the marginal effects
model. In that specific case, the QTLs were located
226 cM apart (chromosome 1, 147 ¢cM, and chromo-
some 1, 373 ¢cM), which means that they are virtually
unlinked. For the QTLs that were located closer
than that, no interactions were detected, which could
be because either there are no interactions or there is a
lack of recombination and hence limited information
means that the power is too low to detect interactions.

The genotypic patterns for means of the detected
QTL pairs suggested four clusters of pairs with similar
patterns of genotype—phenotype expression. The first
group contain pairs where several (and in some in-
stances all) homozygote—heterozygote genotype com-
binations have inferior phenotypes. In the estimates
for the two-locus interaction model, this type of
genotype pattern becomes apparent by large estimates
of the two single-locus dominance and the domi-
nance-by-dominance interaction terms. For example,
almost all of the variation for the single epistatic QTL
pair for growth at 6-9 weeks of age (chromosome
3, 63cM, and chromosome 5, 127 cM) is due to
the dominance and dominance-by-dominance com-
ponents. The underlying genetic mechanism for this is
unclear but the relatively frequent occurrence of the
pattern indicates that there could be some general
mechanism that causes this phenomenon.

A second commonly occurring interaction pattern
is where the hybrid genotypes (i.e. genotypes that con-
tain at least one heterozygote genotype) have higher
phenotypes than both double homozygotes. The
broiler genotype has a higher phenotypic effect on
growth than the layer genotype in all genotypic com-
binations. This pattern indicates a pair of QTLs with
a heterosis-type interaction. One possible explanation
for this could be that the broiler line is fixed for an
allele with deleterious effect on growth in homo-
zygous form and that the layer allele is able to comp-
lement this allele in the hybrid individuals. Five of the
six pairs that exhibit this pattern contain QTLs lo-
cated on the distal end of chromosome 1 (three pairs
with one of the QTLs located around 400 cM and two
pairs with one of the QTLs located around 455 cM).
This similarity could indicate that these QTLs are the
same, even though their estimated locations are more
than 50 cM apart.

A third group reflect QTL pairs with a genotype—
phenotype pattern with a smooth transition from low
phenotypes for Leghorn double homozygotes to high
phenotypes for broiler homozygotes. The deviation
from additivity and dominance for these pairs is gen-
erally due to a non-linear (‘multiplicative’) rather
than a linear (‘additive’) increase in the phenotypic
values with genotype. This pattern indicates a co-
adaptation between the alleles at the two loci, where
the broiler double homozygote was associated with
the highest phenotypic values.
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The fourth identified group involves two pairs where
there are three levels of phenotypes —high, medium
and low. One of the pairs (chromosome 1, 150 cM,
and chromosome 18, 13 cM) showed a pattern where
a high phenotype is expressed when either or both of
the loci contain the broiler homozygote and the other
loci contain one broiler allele (BBB— or B-BB). The
intermediary phenotype was expressed only by the
layer double homozygotes (LLLL), and the rest of
the genotypes express a low phenotype. Biologically,
this could indicate an inhibitory action on growth by
the layer alleles at these loci, unless they are present in
the double homozygote (where the inhibition is lower)
or it is overridden by homozygote broiler alleles from
either locus. The second pair in this group has a
similar appearance but is more difficult to interpret
genetically.

For some of the QTL pairs it is, however, not
possible to cluster or find immediate biological ex-
planations for the patterns of the genotypic means.
This could be due to our limited knowledge about
the relationships between gene interactions and
phenotype. It could also be due to violations of as-
sumptions made in the QTL mapping procedure (e.g.
segregation of multiple QTL alleles within the original
lines, existence of multiple linked genes in the QTL
region or simply poor estimates of the genotypic
effects owing to chance or low information content
at the genomic location of interest). The results for
most QTL pairs will therefore only be an estimate of
the importance of epistasis for the combined effects
of the two genomic regions and aid in the selection of
genotypes for further genetic characterisation of these
regions.

By creating a figure joining pairwise interacting
QTLs, we obtained a visual representation of the com-
plexity of the genetic network behind the analysed
traits. The pairs that were detected or assigned to be
epistatic in this study are connected as shown in Fig. 4.
The interpretation of this figure is speculation until
the true genetic components of each QTL have been
identified, but it is possible to suggest alternative in-
terpretations of the figure. It could be viewed as an
enzymatic chain (the eight connected horizontal
QTLs) in which each step is affected by the result of the
enzymatic processes that precede and proceed from
that step. The branches represent modulators of the
enzymatic chain or provide alternative substrates for
the chain. The loops (and especially the loops involv-
ing non-linear additive type of epistasis) indicate
feedback inhibitors or accelerators of the enzymatic
activity. An alternative interpretation is that the QTLs
in the centre of the chain involved in most interactions
are central to the process of growth (e.g. for depo-
sition of protein or fat). There are then several
branches (enzymatic chains) leading to these QTLs
and providing substrates for the growth process. The
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loops could also in this scenario indicate feedback
regulation.

A QTL study can be used to find the chromosomal
locations that contribute to the variation of the F,
individuals. It can also be used to predict the genetic
effects of individual QTL genotypes. The latter is
more difficult because many individuals are needed to
draw strong conclusions about the magnitude of the
effects. In the Jungle Fowl x Leghorn cross described
by Carlborg et al. (2003), about half of the detected
QTL pairs had epistasis patterns that conformed to
previously described mendelian patterns of epistasis
(O. Carlborg, unpublished results). The evaluations of
the effects of the genotypes of the individual QTL
pairs in this cross shows that 17 of the 21 unique QTL
pairs can be classified into four clusters of similar
types of interactions. From this, we conclude that,
even though this study was based on a population
with a rather low-resolution genetic map and rela-
tively few individuals in each genotype class, the extra
effort to map epistatic QTL pairs and inspection of
the genotype class made a valuable contribution to
interpreting the results.

The method used for mapping of interacting QTLs
is based on detection and estimation of epistatic QTL
pairs one at the time. Owing to a high computational
demand and the small number of individuals in the
cross relative to the number of parameters that would
need to be estimated, it is not possible simultaneously
to fit all QTLs and to estimate their joint effects.
Therefore, some of the QTL pairs that are proposed
in this article might not be significant if all parameters
were fitted jointly. The major aim of this study is,
however, not to describe an optimal method for de-
tection of epistatic QTL but rather to highlight gen-
etically interesting findings that deserve to be further
evaluated in future generations in this pedigree (e.g. in
an advanced intercross line) as well as to indicate the
potential benefits of considering epistasis in genome
scans for QTLs. If an experiment was designed with
the aim of exploring further the importance of epi-
stasis, we recommend that many individuals and a
more informative genetic map should be used. None-
theless, the results from this study show that this
method for mapping epistatic QTLs can be valuable
for experimental datasets of limited size that are in-
itially not designed for detection of epistasis.
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