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ABSTRACT
We develop a mixed-model approach for QTL analysis in crosses between outbred lines that allows for

QTL segregation within lines as well as for differences in mean QTL effects between lines. We also propose
a method called “segment mapping” that is based in partitioning the genome in a series of segments.
The expected change in mean according to percentage of breed origin, together with the genetic variance
associated with each segment, is estimated using maximum likelihood. The method also allows the estima-
tion of differences in additive variances between the parental lines. Completely fixed random and mixed
models together with segment mapping are compared via simulation. The segment mapping and mixed-
model behaviors are similar to those of classical methods, either the fixed or random models, under
simple genetic models (a single QTL with alternative alleles fixed in each line), whereas they provide less
biased estimates and have higher power than fixed or random models in more complex situations, i.e.,
when the QTL are segregating within the parental lines. The segment mapping approach is particularly
useful to determining which chromosome regions are likely to contain QTL when these are linked.

QUANTITATIVE traits arise from the joint action percentage of breed origin at a given position, assuming
that alternative alleles are fixed in each parental line.of the environment and multiple genes, usually

called quantitative trait loci (QTL). The wide availability We call this model the fixed model. Yet, the fact that
of DNA markers scattered along the genome, together heritability for a given trait is nonzero, as in most out-
with recently developed statistical methods, has spurred bred lines, implies that there exists additive variation
the massive search for QTL in any species of interest. within lines and thus not all alleles affecting the trait
Crosses between highly divergent lines are a powerful can be fixed. There are also methods that allow for
experimental design for this purpose (Lynch and QTL segregation where the QTL effect is modeled as
Walsh 1998). The optimum situation in a F2 design a normally distributed random variable with mean zero
occurs when all genes affecting the trait of interest are and variance to be estimated. This is the random model.
diallelic with the alternative alleles fixed in each paren- The random model strategy has been put forward by
tal line. Although in annual plant species and some lab several authors in the context of the analysis of outbred
animals highly inbred lines that may fulfill this condition populations (Fernando and Grossman 1989; Goldgar
have been developed, outbred parental populations are 1990; Xu and Atchley 1995; Grignola et al. 1996).
normally the only genetic material available in domestic The QTL variance is estimated by assessing the degree
animals (e.g., Andersson et al. 1994) or trees (e.g., Grat- of phenotypic similarity between relatives according to
tapaglia et al. 1995), as well as in allogamous wild the probability of sharing identical by descent alleles at
species (e.g., Hunt et al. 1998). The QTL analysis of specified positions. But the random model does not
crosses between outbred populations poses two main seem appropriate for the analysis of F2 crosses because
statistical problems (reviews in Bovenhuis et al. 1997; no particular distinction is made between allele breed
Hoeschele et al. 1997; Elsen et al. 1999). The first one origin in current implementations. A strategy similar to
concerns the validity of the genetic model assumed in the random model is the within-family analyses, where
the analysis. The second one is related to accounting each family (e.g., descendants of each sire) is analyzed
for the variation in the rest of the genome when fitting separately and the results pooled (e.g., Knott et al.
a QTL model at a particular position. 1996). However, this approach will tend to have small

The usual model for analyzing F2 crosses (Lander and power when the family size and the QTL effect decrease.
Botstein 1989; Haley and Knott 1992) is based on A mixed-model approach that accounts for variation
estimating the QTL effect from the phenotypic differ- both between and within lines is thus the most appro-
ences between individuals according to the estimated priate strategy for analyzing F2 crosses between outbred

lines. Goddard (1992) proposed a QTL mixed-model
strategy for genetic evaluation that can potentially be
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QTL effects, not means, and the method does not ac- length). However, the availability of marker information
makes it possible to compute the probabilities of identitycount for differences in means and heritabilities be-

tween breeds in the genetic covariance matrix of crossed by descent at particular positions of interest (e.g., Fer-
nando and Grossman 1989).individuals; it is also assumed that marker phases are

known in constructing the relationship matrix. Lo et al. The goal of the approach presented here is to esti-
mate, conditional on marker information, the contribu-(1993) developed the covariance between relatives in

crosses between outbred populations for a number of tion of each segment to total genetic variance/covari-
ance between the F2 individuals and to ascertain theunlinked loci and without marker information, whereas

Wang et al. (1998) studied the case of a single marker expected phenotypic mean of individuals according to
the percentage of breed origin in each particular seg-and a QTL in a genetic evaluation context.

The problem of accounting for the genetic variation ment. A reasonable strategy would be to include loci
of similar effect in the same segment but the theoryin the rest of the genome has been addressed by propos-

ing the use of cofactors (“composite interval mapping”; developed is valid for any partition strategy.
Assume that trait performance has been recorded inJansen 1993; Zeng 1993), but it would be desirable

to have a methodology that addresses the issue more a F2 cross population derived from breed A and B and
that parental, F1, and F2 individuals have been geno-generally. Other authors have included a polygenic ef-

fect in addition to the fixed QTL effect (e.g., Fernando typed for a series of markers. A general explanatory
model of the F2 records isand Grossman 1989), but this does not allow for the

fact that not all the genome contributes equally to the
y 5 Xb 1 ZgF2 1 e, (1)genetic variation and implies that this polygenic compo-

nent is unlinked to the QTL of interest. where y is a N 3 1 vector containing the F2 phenotypes,
In this work we derive the genetic covariance matrix X and Z are incidence matrices relating observations to

in crosses between outbred lines allowing for any num- the vector of fixed effects (b) and additive genetic values
ber of linked markers and QTL, thus permitting a gen- (g), respectively, and e contains the residuals. In the
eral QTL analysis of F2 crosses. This mixed model allows following we refer only to breeding values in the F2
for more flexible genetic models than current strategies. population and thus the subscript is omitted for brevity.
We also propose a method, “segment mapping,” aimed The distribution of the random variables in (1) is
at accounting for the variation in the whole genome
simultaneously. The method also allows us to test ge-
netic variance differences between breeds. A simulation 1y

g
e2 5 31Xb 1 QD

QD
O 2, 1 V GZ9 R

ZG G O
R O R24, (2)

study is carried out to compare the performance of
segment mapping and mixed model mapping with clas-
sical methods, i.e., a genome scan using fixed or random where V 5 ZGZ9 1 R, G is the genetic covariance matrix
models. conditional on marker information as specified below,

R 5 Is2
e, I being a diagonal unit matrix and s2

e the resid-
ual variance, Q is a N 3 nseg matrix with elements qi,s 5THEORY
(R2

h51 ph
i,s 2 1)/2, ph

i,s is the average probability of segment
The breeding value of an individual is, by definition, s from individual i and haplotype h being of breed origin

twice the average performance of an infinite number A, and D 5 {Ds, s 5 1, nseg}, i.e., a vector containing the
of its offspring when mated to a random sample of average differences between individuals carrying an A
spouses from the same population. The starting point breed origin segment s minus those carrying a B origin
is the assumption that the breeding values (g) of two segment. Further, Var(g) 5 G 5 Rnseg

s51 Gs, assuming link-
outbred populations A and B are normally distributed age equilibrium in the parental populations and that
gA z N(m 1 D/2, s2

A) and gB z N(m 2 D/2, s2
B), respec- markers are informative (see the appendix). Otherwise,

tively. The phenotypic difference between breeds for the gs from different within-chromosome segments will
the trait of interest is thus D. Genetic variation within be correlated. The matrix Gs contains elements Var(gi,s)
breeds is assumed to be caused by an indeterminate in the diagonal and Cov(gi,s, gi9,s) in the off-diagonal. It
number of loci in genetic equilibrium with additive ac- is shown in the appendix that the variance of breeding
tion. Further, consider that the whole genome is divided values of F2 individuals, conditional on marker informa-
in nseg segments and that a vector containing the additive tion, is approximately
genetic values from the population of breed A can be
expressed as gA 5 R

nseg
s51gA,s, where gA,s is the contribution Var(gi) ≈ o

nseg

s51

Var(gi,s)≈ o
nseg

s51
o
2

h51

[ph
i,s s2

A,s 1 (1 2 ph
i,s)s2

B,s],
of segment s to total breeding value, and Var(gA) 5
R

nseg
s51 Var(gA,s) 5 R

nseg
s51 GA,s because of linkage equilibrium. (3)

In the absence of molecular information, Var(gA) is
the well-known additive relationship matrix and GA,s is where s2

A,s and s2
B,s are the genetic variances contributed

by segment s within parental populations A and B, re-the same for all segments (weighed by the segment’s
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spectively. Thus, the genetic variance of F2 individuals, these quantities are easy to compute. For instance the
fraction of the genome of origin A isconditional on marker information, is a weighted aver-

age of the genetic variances in the pure breeds. It is
important to realize that the segregation variance pi 5

1
2L o

nseg

s51

Ls o
2

h51

ph
i,s 5

1
2Lo

2

h51
#

L

0
dh

i (x)](x),
(Wright 1968) can be neglected in (3) because the
expression above is the genetic variance conditional on where dh

i (x) is a Dirac function taking value 1 if haplo-
marker information. Equation 3 would be exact if the type h at point x is of origin A and zero otherwise, and
breed origin along the whole genome could be identi- Ls and L are the segment length and the total length
fied without error. Suppose that a subset of individuals of the genome in morgans, respectively. If markers are
with its whole genome of origin A could be identified not completely informative or the map is not infinitely
in an infinitely large F2 population; the genetic variance dense, several options can be employed. Note that only
of these individuals would be s2

A, exactly that of the the breed origin probabilities are needed to compute
founder breed A. The additive genetic covariance be- ph

i,s and, e.g., the method in Haley et al. (1994) can be
tween F2 individuals is employed. In contrast, the identity by descent probabili-

ties need to be obtained to compute rh
A(i,i9),s and rh

B(i,i9),s.
Cov(gi, gi9) 5 o

nseg

s51
o
2

h51

[rh
A(i,i9),s s2

A,s 1 rh
B(i,i9),s s2

B,s], (4) These are given by Fernando and Grossman (1989)
for a QTL linked to a single marker. Grignola et al.
(1996) provide a more general algorithm. Monte Carlowhere rh

A(i,i9),s (rh
B(i,i9),s) is the probability of individuals i

Markov chain methods like that in Heath (1997) canand i9 having identical by descent alleles of breed origin
also be employed. We have developed a Monte CarloA (B) at segment s and haplotype h. Equation 4 shows
Markov chain algorithm because of its flexibility andthat two individuals can share alleles identical by descent
because it takes into account all available information,of breed origin A or B and that the total genetic covari-
considering simultaneously the molecular informationance is a weighted average of both probabilities.
from all individuals. The procedure is based on a GibbsThe model in (1) and (2) together with (3) and (4)
sampler that samples and updates successively the phaseprovides the general framework to analyze F2 popula-
of markers for every individual conditional on the phasetions using standard mixed-model theory and molecular
of its spouse, parents, and offspring. For each Gibbsmarkers. These equations account for the fact that the
iteration, crossover locations for an individual’s genomeaverage effect of alleles can be different between breeds,
are simulated conditional on its current phase and thebut also that there can simultaneously exist a QTL segre-
phase of its parents. A noninterference Haldane’s map-gation within breeds. The average difference in allelic
ping function is used. Once all crossover locations areeffects between both breeds is included as a fixed effect
simulated, the parentage between all individuals is ob-through QD, whereas the additional variation within
tained by tracing back the genome origins at the speci-breeds is allowed through G. The usual genome scan/
fied segments. The total relationship is obtained by aver-regression strategy means that model (1) is fitted with
aging the relationship over Gibbs iterates.an infinitesimally small segment (5 1 QTL) in successive

Parameter estimates of b, Ds, s2
A,s and s2

B,s can obtainedpositions assuming s2
A 5 s2

B 5 0. If only one QTL is
by maximum likelihood using the Simplex algorithm.fitted at a time, the matrix Q is a vector with coefficients
This algorithm is a derivative-free method and requiresas in, e.g., Haley and Knott (1992). In contrast, s2

A only the logarithm of the likelihood, i.e.,and s2
B are larger than zero for those QTL with alleles

not fixed in the parental populations. The simple fixed L 5 21⁄2[Constant 1 log|V|
model is not appropriate because not all differences

1 (y 2 Xb 2 Q D)9V21(y 2 Xb 2 QD)].between individuals due to that segment are fully ac-
counted for by Ds. Note that it is straightforward to It should be noted that the average G over Gibbs iterates
accommodate that alleles are fixed in only one of the is used here and that the method can be, potentially,
two breeds. improved by marginalizing with respect to G, b, D, and

s2, as in a Bayesian framework.Molecular information is used to calculate ph
i,s,

rh
A(i,i9),s, and rh

B(i,i9),s. Note that only the breed origin proba-
bilities are involved in obtaining ph

i,s, whereas the identity
SIMULATIONby descent probabilities between marker alleles are re-

quired to compute rh
A(i,i9),s and rh

B(i,i9),s. If two F2 individuals We carried out a simulation study to test the perfor-
do not have any common ancestor, rh

A(i,i9),s 5 rh
B(i,i9),s 5 0 mance of segment mapping and mixed-model scan vs.

necessarily for all segments. But if both are homozygous standard strategies. The F2 pedigree consisted of 5 pa-
for marker alleles that can be traced back unambigu- rental sires from breed A, each mated to 2 dams of
ously to breed A, ph

i,s 5 ph
i9,s 5 1, for that particular posi- breed B that produced 5 F1 sires (1 per parental sire)

tion, and could differ for other segments. In an ideal and 40 F1 dams (4 per parental dam). The number of
F2 offspring was 400. A 60-cM chromosome was simu-situation of infinite number of informative markers,
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cording to its expected distribution, e.g., for breed A,
N[(m 1 D/2)/(2 nloci), s2

A/(2 nloci)], where nloci is the
number of loci, i.e., 1, 2, and 40 for scenarios 1, 2, and
3, respectively. Phenotypes were generated by summing
the allele effects of the F2 individual and adding a resid-
ual normal variate of mean zero and variance 1 (case a
and c) or 2 (case b). There was no sexual dimorphism
and the general mean was the only fixed effect consid-
ered.

Four methods of analysis were compared:
Segment mapping: The chromosome was divided into

two segments, a 10-cM segment (genetic scenarios 1 and
2) or 20 cM (scenario 3) and a segment comprising the
rest of the chromosome. The model was

y 5 m 1 gs 1 gs 1 e

5 m 1 p s Ds 1 us 1 ps Ds 1 u s 1 e, (5)

where the subscript s is used to indicate the complement
of segment s (here the rest of the chromosome). It
was assumed that genetic variances were equal in bothFigure 1.—(a) Scheme of the genetic scenarios and cases

considered. The open bar represents the chromosome with breeds and a single variance component was fitted per
numbers at the marker positions. The solid arrows/bars indi- segment (s2

A,s 5 s2
B,s 5 s2

s and s2
A,s 5 s2

B,s 5 s2
s). Above,

cate the positions of the QTL for each scenario; the thickness gs is split for convenience into its mean (ps Ds), where
is proportional to the effect of the QTL. The cases considered

ps is a vector with elements (p 1
i,s 1 p 2

i,s)/2, and a randomwithin each scenario are shown within the frame, where D is
genetic variable (us) with mean zero. Thus,the phenotypic difference between breeds A and B, and s2

A

and s2
B are the genetic variance in breeds A and B, respectively.

Only case c was considered in scenarios 2 and 3. (b) Scheme
of chromosome partitions used with segment mapping in sce- 1us

us

e2 zN 31O
O
O2, 1Gs O O

O Gs O
O O R24.narios 1 and 2. The two segments considered are hatched and

open, respectively.

Several segment partitions were considered. In genetic
lated, and completely informative markers (i.e., each scenarios 1 and 2, the 10-cM segment was shifted along
line had different marker alleles and as many alleles as the chromosome and a total of six analyses were consid-
founder individuals were generated) were located at ered, i.e., the first partition consisted of segments at
positions 0, 20, 40, and 60 cM. Three genetic scenarios as positions 1–10 cM and 11–60 cM; second partition, seg-
depicted in Figure 1 were considered. A single telomeric ments 11–20 cM and the rest (1–10, 21–60 cM); and so
locus explained all genetic differences between lines in on. A scheme of the partitions is in Figure 1b. A similar
scenario 1, and there were two telomeric loci at positions strategy was followed for genetic scenario 3, except that
0 and 60 cM in scenario 2. In scenario 3 there were two three partitions of 20 and 40 cM were considered; i.e.,
spaced clusters of 20 genes each, and the loci were of the first partition comprised segments 1–20 and 21–60
equal effect located every centimorgan in positions 1–20 cM. Note that it is not necessary to establish these succes-
and 41–60 cM. Three distinct cases were studied in sce- sive partitions but it facilitates the comparison with ge-
nario 1. First (case a) s2

A 5 s2
B 5 s2

e 5 1 and D 5 0; i.e., nome scan strategies.
this is equivalent to an outbred population, as there are Mixed model: The point model was
no expected phenotypic differences according to allele
origin. In case b the alleles were fixed within breed y 5 m 1 gs 1 e 5 m 1 ps Ds 1 us 1 e, (6)
(s2

A 5 s2
B 5 0), s2

e 5 2, and D 5 2. This is the current
where us z N (0, Gs) as above. This model was fitted ingenetic model assumed in analyzing F2 crosses. And
10-cM intervals for genetic scenarios 1 and 2 and infinally (case c), s2

A 5 s2
B 5 s2

e 5 1 and D 5 2; i.e., there
intervals of 20 cM for scenario 3. The relationship matrixare phenotypic differences between breeds but still
Gs contains the average relationships in that particularthere exists additive variance within the parental popula-
interval. The probabilities ps used were the average prob-tions. This is the situation occurring in F2 crosses be-
abilities in the intervals considered. Note that the com-tween divergent outbred populations. It was the only
mon strategy is to compute point probabilities, e.g., everycase considered for genetic scenarios 2 and 3. Thirty
centimorgan, but this has a negligible effect on thereplicates per model and case were run. The allele ef-

fects of the founder individuals were simulated ac- results given the small size of the interval and allows us
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to compare segment mapping with the mixed model hood ratios. The distributions analyzed were those cor-
responding to the maximum LR at each scan or at eachand the two other strategies below.

Random model: The point model was chromosome partition. They are not far apart from the
theoretical asymptotic values. There is a trend, as ex-

y 5 m 1 us 1 e, (7)
pected, in increasing the mean and variance with the
degrees of freedom and, in fact, the empirical thresholdFixed model: The point model was
is sometimes less conservative than the theoretical chi-

y 5 m 1 ps Ds 1 e. (8)
square figure P(x 2 . x0.05) . 0.05. Figure 2 shows the
empirical cumulative distribution functions (CDFs) to-Random and fixed models were fitted in identical inter-

vals as in the mixed-model strategy. gether with their chi-square counterparts. We can con-
The relationship matrices and ps were obtained after clude as Knott and Haley (1992) that, for all practical

1000 iterates of the Gibbs sampling scheme. The param- purposes, the chi-square distribution is a valid approxi-
eters were estimated in all cases by maximum likelihood mation in this instance.
using a Simplex algorithm. At each genome partition Scenario 1: Here there is only one QTL in the linkage
(segment mapping) or interval position (mixed, ran- group studied. The average LRs over segments are in
dom, and fixed models), the likelihood ratio (LR0) com- Figures 3–5 for cases a, b, and c, respectively. These
paring models (5), (6), (7), or (8) vs. y 5 m 1 e was figures are equivalent to a LOD score or F-graphics in
computed. In addition, the segment mapping model a chromosome scan, but we prefer a bar representation
(5) was compared vs. model to underline that they are tests at discrete positions.

Note again that the LR0,SM corresponds to a test wherey 5 m 1 gs 1 e
the whole chromosome is considered; it changes only

for each segment partition (LRs); i.e., the null hypothesis the partition employed (Figure 1b). In the presence of
(H0) tested is that there is no genetic effect in the 10- a single QTL, the segment mapping test shows a distinct
cM segment (hatched segments in Figure 1b). The likeli- behavior from that of the point scan strategies (mixed,
hood ratios are asymptotically distributed as a chi square random, and fixed models). As expected, the scan strate-
with degrees of freedom the difference in number of gies produce LR0 maxima at the QTL position, and LR0

parameters between models tested. Degrees of freedom decreases as the test position moves away. In contrast,
are then 1 for LR0,RM (the H0 in the random model is LR0,SM also shows a clear maximum with partition 1,
that s2

s is 0) and LR0,FM (the H0 in the fixed model is whereas the rest of the partitions show a rather flat and
that Ds is 0), 2 in LR0,MM (the H0 in the mixed model nonclearly decreasing profile. The differences between
is that both Ds are 0), 4 in LR0,SM (the H0 for segment partitions should be due to random fluctuations be-
mapping is that all Ds, Ds, s2

s , and s2
s are 0), and 2 for cause no clear pattern emerges. Now consider LRs. This

LRs in segment mapping (the H0 is that Ds and s2
s are statistic should be larger than zero whenever there is

0). To study the empirical null distribution of the differ- a QTL in the position considered and close to zero
ent LR, we simulated 200 replicates under the null hy- elsewhere. This is what we observe, and LRs shows clear
pothesis (D 5 s2

A 5 s2
B 5 0). maxima at the QTL positions irrespective of the genetic

case, a, b, or c. The drop in LRs when we move away
from the QTL position is much larger than in scan

RESULTS
methods; e.g., compare the change in LR0,MM and in LRS

between positions 1 and 2 (Figures 3–5).Table 1 shows the statistics corresponding to the em-
pirical (simulated) distributions of the different likeli- Although there are some similarities between LR0,MM,

TABLE 1

Empirical likelihood-ratio distributions

LRa d.f.b mc s2 d x 0.05e P(x2 . x0.05)f

Segment mapping 4 3.30 4.71 7.72 0.102
RSa 2 2.54 3.24 6.42 0.040
Mixed model 2 2.03 2.51 5.03 0.081
Random model 1 0.53 1.11 2.92 0.088
Fixed model 1 1.78 1.98 4.55 0.033

a LRs in the segment mapping approach.
b Expected degrees of freedom.
c Empirical mean obtained by simulation.
d Empirical variance.
e Empirical 5% significance threshold.
f Probability corresponding to a chi square with degrees of freedom.
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Figure 2.—Empirical and
theoretical (Chi-2) cumula-
tive distributions of the sev-
eral likelihood ratios used
in this work. RS corre-
sponds to LRS in the seg-
ment mapping approach;
the remaining figures corre-
spond to LR0 (see text): SM,
segment mapping; MM,
mixed model; RM, random
model; FM, fixed model.
The Chi-2 are the solid thick
lines, with degrees of free-
dom in parentheses in the
inset.

LR0,RM, and LR0,FM, their performance depends critically segment 1. All three methods had a 100% power in
detecting the QTL. In contrast, the fixed model wason the underlying genetic model. Consider first case a

(Figure 3), where the random model is the most appro- the worst strategy considered; not only in 61% of the
replicates did maximum LR0 coincide with the QTLpriate strategy. It is not surprising that LR0,RM is very

close to LR0,MM and LR0,SM in position 1, despite the position, but also in only 68% out of those 61% repli-
cates were the LR0,FM significant. The s2

e estimate waslarger number of parameters involved in the latter two
methods. Moreover, Table 2 shows that segment map- clearly biased (Table 2).

In contrast, the fixed model (8) is the best choice inping as well as the mixed and random models lead to
the same s2

s estimate. Segment mapping and the mixed scenario 1b because the premise that the QTL affecting
the trait are diallelic with alternative alleles fixed in eachmodel clearly show that the mean of allelic effects (D/2)

is zero and that there is no additional variation out of parental line is fulfilled. Here LR0,RM was much lower

Figure 3.—Bar profiles of
the different likelihood ratios
at the positions (partitions)
considered. RS corresponds to
LRS in the segment mapping
approach; the remaining fig-
ures correspond to LR0 (see
text): SM, segment mapping;
MM, mixed model; RM, random
model; FM, fixed model. Sce-
nario 1a (1 QTL, s2

A 5 s2
B 5

s2
e 5 1, D 5 0).
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Figure 4.—Bar profiles of
the different likelihood ratios
at the positions (partitions)
considered. RS corresponds to
LRS in the segment mapping
approach; the remaining fig-
ures correspond to LR0 (see
text): SM, segment mapping;
MM, mixed model; RM, random
model; FM, fixed model. Sce-
nario 1b (1 QTL, s2

A 5 s2
B 5 0;

s2
e 5 2, D/2 5 1).

than LR0,FM, and this was very similar to LR0,MM and LR0,SM, alleles are not fixed and their average effect differs from
line to line (case c). All four analysis strategies identifiedbecause no additional parameters are needed. The fixed

model yielded unbiased estimates of s2
e, m, and Ds/2, as the correct QTL location (except for one replicate in

the fixed-model analysis) with power 100%, and in thisdid the segment mapping and the mixed-model analysis.
A random-model analysis also yielded with power 100% sense all methods would lead to the detection of a QTL.

But classical methods, either fixed or random models,the first position as the most likely one to contain a
QTL. But note that total variance (s2

e 1 s2
s) was overesti- are not capable of extracting all available information

from the data. According to previous results, it is notmated and the mean estimate was biased downward
because the assumed genetic model was not adequate. surprising that the fixed-model analysis resulted in a

biased estimate of s2
e, whereas the estimates of D wereThe most complex, and realistic, scenario is when

Figure 5.—Bar profiles of
the different likelihood ratios
at the positions (partitions)
considered. RS corresponds to
LRS in the segment mapping
approach; the remaining fig-
ures correspond to LR0 (see
text): SM, segment mapping;
MM, mixed model; RM, random
model; FM, fixed model. Sce-
nario 1c (1 QTL, s2

A 5 s2
B 5

s2
e 5 D/2 5 1).
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TABLE 2

Results with genetic scenario 1 at segment 1 (1–10 cM)

Case Method %a P1
b s2

e
c s2

s
d s2

s
e mf Ds/2g Ds/2h

a Segment mapping 100 100 1.02 6 0.02 0.00 6 0.00 0.58 6 0.02 0.06 6 0.05 0.03 6 0.02 20.02 6 0.03
Mixed model 100 100 1.02 6 0.02 — 0.58 6 0.02 0.06 6 0.05 — 0.00 6 0.03
Random model 100 100 1.02 6 0.02 — 0.58 6 0.02 0.06 6 0.05 — —
Fixed model 61 68 1.84 6 0.07 — — 0.06 6 0.06 — 20.06 6 0.04

b Segment mapping 100 100 2.04 6 0.02 0.00 6 0.00 0.01 6 0.01 20.01 6 0.01 20.20 6 0.03 1.18 6 0.03
Mixed model 100 100 2.06 6 0.02 — 0.00 6 0.00 20.02 6 0.01 — 1.04 6 0.02
Random model 100 100 2.03 6 0.02 — 0.52 6 0.05 20.39 6 0.02 — —
Fixed model 100 100 2.06 6 0.02 — — 20.02 6 0.01 — 1.04 6 0.02

c Segment mapping 100 100 0.98 6 0.02 0.01 6 0.01 0.59 6 0.05 20.04 6 0.08 20.22 6 0.03 1.12 6 0.09
Mixed model 100 100 0.98 6 0.02 — 0.66 6 0.05 20.04 6 0.08 — 0.97 6 0.08
Random model 100 100 0.97 6 0.02 — 0.92 6 0.07 20.46 6 0.07 — —
Fixed model 96 100 1.55 6 0.06 — — 0.01 6 0.09 — 0.99 6 0.09

The statistics are the average of 30 replicates. The average simulated mean QTL variance and D/2 were 0.92 and 0.01 in case
a and 0.78 and 0.92 in case c, respectively.

a Percentage of replicates where partition or segment 1 (the QTL position) corresponded to maximum likelihood.
b Power, computed as the percentage of replicates where LR exceeded the empirical 5% significance threshold (see Table 1),

out of those where the maximum LR was at position 1.
c Residual variance estimate.
d Estimate of the genetic variance due to the complement of segment 1 (11–60 cM).
e Estimate of the genetic variance due to segment 1.
f Estimate of the general mean.
g Estimate of the mean difference due to the complement of segment 1.
h Estimate of the mean difference due to segment 1.

much more accurate. Alternatively, the RM analysis pro- unbiased estimates of s2
e irrespective of the partition

because the variation along the whole chromosome isvided aberrant estimates of the general mean, but s2
e

and s2
s estimates were more realistic. Finally, the mixed always considered (at the expense of logically increasing

the number of parameters). The other strategies, themodel is the most parsimonious and correct model and
results in the best estimates. The segment mapping in- mixed and random model, but especially the fixed

model, overestimated s2
e. The mixed-model point esti-dicates that there is a single segment contributing to

the F2 genetic differences, as can be inferred from the mates of s2
s and of D/2 collected the variation along

the whole chromosome and not only on that positiondramatic drop in LRs for s . 1. The estimates of s2
s and

Ds show that the QTL affects both the variance and the (a phenomenon already described by Jansen 1993 and
Zeng 1993 for the fixed model but we can see thatmean.

Scenario 2c: Consider first the behavior of the likeli- applies equally to the random or mixed models). The
random and fixed models provided much poorer esti-hood ratio under the different models of analyses (Fig-

ure 6). The scan approaches (mixed, random, and fixed mates than the mixed model.
Scenario 3c: Here the marker positions coincidedmodels) peaked at both QTL positions with probability

close to 50% in all methods (Table 3) because the two with segment bounds. The presence of a close but dis-
tinct cluster of genes results in a different LR0 patternQTL were of about the same effect. Again, LR0,RM was

higher than LR0,FM, and the power was slightly larger with as compared to scenario 2c. The LR0,MM and LR0,RM tend
now to peak in between both clusters, whereas LR0,FMthe random model than with the fixed-model approach.

The LR0,SM peaks were more scattered, but almost 50% results in a completely flat profile, with maxima ran-
domly located along the chromosome (Figure 7, Tableof the maxima were located at intermediate positions

(partitions 3 and 5). These partitions correspond to 4). The LRs allows us to identify convincingly that the
intermediate segment contains no QTL. Note that LRsthose where segments containing QTL are grouped vs.

segments without QTL. We can think of these partitions for s 5 1 and 3 are significant despite the much lower
value compared to the other LR. Again LR0,SM peakedas the most “reasonable” ones. Occasionally the LR0,SM

peaked at partitions 1 or 6 because in that particular at partition 2. The phenomena already described in
scenario 2c are noted again but to a larger extent be-replicate a given QTL effect was much larger than the

other QTL effect. In no replicate did the maximum cause more than one linked loci are involved now: there
is a bias in s2

e estimates and the point genetic varianceLR0,SM coincide with partition 2 or 5. The plot of LRs

clearly indicates that only segments 1 and 6 contain QTL collects the variance from the whole linkage group.
Note, e.g., that s2

s estimates are the same for all s 5 1,(Figure 6). Moreover, Table 3 shows that SM resulted in
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Figure 6.—Bar profiles of
the different likelihood ratios
at the positions (partitions)
considered. RS corresponds to
LRS in the segment mapping
approach; the remaining fig-
ures correspond to LR0 (see
text): SM, segment mapping;
MM, mixed model; RM, random
model; FM, fixed model. Sce-
nario 2c (2 QTL, s2

A 5 s2
B 5

s2
e 5 D/2 5 1).

3 with the mixed- and random-model analyses, although pure fixed or random models. Segment-mapping,
there are no QTL on positions 20–40 cM. Again it is mixed model, and pure fixed or random models are
not surprising that the fixed model provided unrealistic hierarchical levels of analysis complexity, as can be seen
estimates of s2

e, whereas the QTL effect estimates (D) from comparing (5), (6), (7), and (8). A likelihood-
are confounded, as in scenario 2c. Segment mapping ratio test can be used to decide whether there is evidence
is the most appropriate analysis tool here and it is the to consider a genetic model more complex than the
only method providing accurate results. one assumed in classical methods. Overall, the point

mixed model showed optimum performance with a sin-
gle QTL. The segment-mapping approach will be most

DISCUSSION useful in the case of linked QTL (Tables 3 and 4). The
LRs will help to determine which chromosome regionsThe QTL mixed model developed here is a general-
are likely to contain QTL. It is interesting that the seg-ization over the Wang et al. (1998) approach by allowing
ment-mapping partition corresponding to the maxi-that loci can be linked and making use of the informa-
mum likelihood (at equal number of parameters) oc-tion provided by any number of molecular markers
curs when the genome is partitioned according to itsjointly; thus the method can be applied to the analysis
effect on the trait. For instance, when the QTL areof QTL studies of F2 crosses. The methodology pre-
in both extremes, the likelihood is maximized when asented here shows as well that the covariance between
model-partitioning segment equidistant between theF2 individuals should be split into the probabilities of
two QTL or the two clusters vs. the rest of the genomeidentity by descent contributed by each breed. Further,
is chosen (Tables 3 and 4). But it is also a nice propertythe segment-mapping approach allows a global analysis
of segment mapping that, irrespective of the partitionby partitioning the genome, or the chromosome, in
actually chosen, it results in general in accurate esti-segments. Rodolphe and Lefort (1993) proposed con-
mates of s2

e and of the total contribution of the chromo-sidering the whole genome simultaneously but their
some, s2

s 1 s2
s and Ds 1 Ds. This contrasts with fixed-,approach is a fixed model with multiple regression on

random-, or mixed-model approaches, where accurateall markers genotyped. And this results in a loss of power
estimates are obtained only at the exact position of theas the number of markers increases. This does not occur
QTL.with segment mapping because the number of parame-

The classical fixed-model approach is simple to com-ters depends on the number of segments defined, not
pute and easy to interpret in F2 crosses, although iton the number of markers used.
makes very strong assumptions about allele distributionsThe simulation results presented show that, under a
in the parental lines. We have shown that fixed-modelvariety of genetic architectures, the mixed-model and
estimates can be dramatically affected if alleles are notsegment-mapping procedures are more robust and

flexible strategies than the classical methods based on fixed within lines, even in one-locus scenarios (Tables
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TABLE 3

Results with genetic scenario 2c

Method sa %b P1
c s2

e
d s2

s
e s2

s
f mg Ds/2 h Ds/2 i

Segment mapping 1 30 100 1.02 6 0.02 0.77 6 0.07 0.37 6 0.04 0.06 6 0.07 0.43 6 0.09 0.64 6 0.08
2–5 47 100 1.03 6 0.02 1.14 6 0.08 0.00 6 0.00 0.05 6 0.07 1.50 6 0.13 0.43 6 0.07
6 23 100 1.03 6 0.02 0.79 6 0.07 0.32 6 0.05 0.03 6 0.08 0.44 6 0.08 0.62 6 0.10

Mixed model 1 53 100 1.35 6 0.03 — 0.67 6 0.06 0.07 6 0.08 — 0.79 6 0.06
2–5 0 — 1.47 6 0.04 — 0.84 6 0.10 0.02 6 0.07 — 0.74 6 0.06
6 47 100 1.37 6 0.04 — 0.70 6 0.07 0.00 6 0.08 — 0.81 6 0.08

Random model 1 50 100 1.34 6 0.03 — 0.87 6 0.07 20.26 1 0.07 — —
2–5 0 — 1.47 6 0.04 — 1.03 6 0.10 20.28 6 0.06 — —
6 50 100 1.37 6 0.04 — 0.94 6 0.07 20.33 6 0.06 — —

Fixed model 1 43 85 1.86 6 0.06 — — 0.00 6 0.07 — 0.79 6 0.07
2–5 0 — 1.92 6 0.07 — — 0.00 6 0.07 — 0.72 6 0.06
6 57 100 1.85 6 0.07 — — 0.00 6 0.07 — 0.79 6 0.08

The statistics are the average of 30 replicates. The average simulated mean QTL variance and D/2 were 0.48 and 0.54 for the
first QTL and 0.42 and 0.55 for the second QTL.

a Segment (partition) order.
b Percentage of replicates where partition or segment 1 (the QTL position) corresponded to maximum likelihood.
c Power, computed as the percentage of replicates where LR exceeded the empirical 5% significance threshold (see Table 1),

out of those where the maximum LR was at position 1.
d Residual variance estimate.
e Estimate of the genetic variance due to the complement of segment 1 (11–60 cM).
f Estimate of the genetic variance due to segment 1.
g Estimate of the general mean.
h Estimate of the mean difference due to the complement of segment 1.
i Estimate of the mean difference due to segment 1.

2 and 4). A systematic upward bias of the s2
e estimate QTL worsens the performance of the fixed model if the

alleles are not fixed within breeds.was observed in particular. Allele segregation also results
in a loss of power with the fixed model (Alfonso and It is interesting to compare the performance of ran-

dom and fixed models under the genetic models consid-Haley 1998), and it can be seen that the LR0,FM is lower
in case a and c than in b, when alleles are fixed (Table ered. The random model was more robust than the

fixed-model approach in terms of locating a QTL: the2). In contrast, segment mapping gave reasonable esti-
mates of the QTL mean effects and variance. All in all, LR0,RM was higher in case b (Figure 4) than LR0,FM in

case a (Figure 3), as well as in case c (Figures 5, 6, andit cannot be overlooked that the standard regression
approach (Lander and Botstein 1989; Haley and 7). That is, the random model behaved better when the

random-model assumptions were violated than the fixedKnott 1992) has been successful in identifying QTL in
crosses between outbred lines. Some of these QTL have model did when fixed-model assumptions did not hold.

This is an interesting result; the random model doesbeen confirmed in independent experiments (e.g., An-
dersson et al. 1994; Walling et al. 1998; M. Peréz- not seem a priori a reasonable strategy for analyzing F2

crosses as no differences in allelic effects between breedsEnciso, A. Clop, J. L. Noguera, C. Óvilo, A. Coll, J.
Fulch, D. Babot, J. Estany, M. A. Oliver, I. Diaz are assumed. Xu (1998) studied by computer simulation

the performance of random models in analyzing crossesand A. Sánchez, unpublished results, for a QTL on
chromosome 4 affecting fatness in pigs), strongly sug- but in a context where several crosses between different

inbred lines were analyzed together. We are not aware ofgesting that they are not false positives and that allele
effects are distinct between breeds. Note (Table 2) that actual F2 QTL experiments analyzed using a completely

random model. Nonetheless De Koning et al. (1999)the fixed model will tend to identify the correct QTL
position even if all genetic assumptions are not fulfilled, have analyzed a F2 cross in pigs using a within-sire regres-

sion approach (Knott et al. 1996) and a classical fixedat the price of biased estimates and misleading signifi-
cance levels. The fixed model can be generalized to model. The former method does not make specific as-

sumptions about number of alleles and frequencies indeal with more than one QTL using cofactors or an n-
QTL model, but the presence of gene clusters inevitably the parental lines, at the expense of increasing the num-

ber of parameters and disregarding genotypic informa-causes individual QTL not to be resolved individually,
and estimates obtained with a genome scan approach tion of dam origin. Interestingly, the two statistical ap-

proaches lead to distinct results, both in QTL effect andwill probably be unreliable. In addition, more than one
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Figure 7.—Bar profiles of
the different likelihood ratios
at the positions (partitions)
considered. RS corresponds to
LRS in the segment mapping
approach; the remaining fig-
ures correspond to LR0 (see
main text): SM, segment map-
ping; MM, mixed model; RM,
random model; FM, fixed
model. Scenario 3c (40 QTL,
s2

A 5 s2
B 5 s2

e 5 D/2 5 1).

in location (with the exception of a QTL for backfat pending on whether or not there is a QTL in the particu-
lar segment under consideration (Figures 3–7).thickness on chromosome 7). The within-sire approach

exhibited, overall, smaller power than the fixed model. The simulations carried out here have assumed that
loci behave additively, both between and within breeds.This analysis seems to contradict our simulation results

concerning the robustness of the random model, but This may seem a quite strong assumption in view of the
ample empirical evidence for heterosis in line crossesthere are important differences between the random

model and the within-sire regression. First, the within- (Lynch and Walsh 1998). The general theory to deal
with dominance in crosses between outbred lines hassire regression as used by De Koning et al. (1999) disre-

gards dam information. This can have a negligible effect been developed by Lo et al. (1995), and it can be ex-
tended to deal with molecular markers. Unfortunatelyin very large and outbred populations, but not necessar-

ily so in modest family sizes (22–51 half-sibs in De Kon- the number of parameters that need to be estimated is
very large so that in practice one may be confined toing et al. 1999) and in a F2 between divergent breeds

where the variation contributed by the meiotic segrega- providing only approximate estimates of the dominance
variance or making strong assumptions about allele dis-tion in the dam can be large compared to the environ-

mental variance. Second, we have assumed in the simula- tributions. The fixed-model approach and regression-
type methods take into account dominance by addingtions a maximum informativity in terms of marker

alleles, and it is plausible that the relative performance an additional covariable to the probability of the QTL
being heterozygous at the position of interest. The sameof the methods differs at lower levels of heterozygosity.

The approximation of (3) depends on the informativ- course of action can be followed here, but it should be
noted that this strategy presupposes that a diallelic locusity and density of molecular markers. We have not ex-

plored in detail the impact of noninformativeness on is fixed in each line. Otherwise, the dominance devia-
tion estimate will be biased and not accurate.the segment mapping approach, but it can be seen that

the partitions used in genetic scenarios 1 and 2 (Tables We have assumed a model s2
A 5 s2

B, i.e., equal genetic
variances across the parental lines, in the analyses re-2 and 3) have segments with one bound not coinciding

with markers, i.e., the least informative possible situa- ported here. Note, however, that the theory developed
allows us to distinguish between genetic variances intion. Despite this, the estimates were quite reasonable.

Take, e.g., genetic scenario 1 (Table 2): in partition 1 each breed. To test this, we ran 30 additional replicates
in scenario 1 with parameters s2

e 5 s2
A 5 1 and D 5the variance associated with segment 1–10 cM collects

almost all genetic variance and s2
s is zero, as it should s2

B 5 0. We analyzed the data using a random model
with s2

A and s2
B as distinct parameters. The average actualbe. In scenario 2c the only partitions where the 10-cM

segment collects a significant variance are the first and simulated value for s2
A was 0.901, and the estimates were

0.98 6 0.02 (s2
e), 0.90 6 0.07 (s2

A), and 0.01 6 0.00last, where QTL are actually located (Table 3). In addi-
tion, the LRs statistic has a very distinct behavior de- (s2

B). The estimate of s2
B was exactly 0 in 14 replicates.
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TABLE 4

Results with genetic scenario 3c

Method sa %b P1
c s2

e
d s2

s
e s2

s
f mg Ds/2 h Ds/2i

Segment mapping 1 30 100 1.04 6 0.02 0.53 6 0.04 0.29 6 0.04 20.03 6 0.10 0.60 6 0.08 0.44 6 0.07
2 57 100 1.03 6 0.01 0.72 6 0.06 0.06 6 0.02 20.02 6 0.10 1.24 6 0.09 20.16 6 0.07
3 17 100 1.04 6 0.01 0.50 6 0.05 0.31 6 0.04 20.03 6 0.10 0.59 6 0.08 0.45 6 0.07

Mixed model 1 23 100 1.28 6 0.03 — 0.67 6 0.07 20.02 6 0.10 — 0.82 6 0.07
2 40 100 1.22 6 0.02 — 0.72 6 0.05 20.08 6 0.11 — 0.85 6 0.06
3 37 100 1.28 6 0.04 — 0.68 6 0.05 20.03 6 0.11 — 0.85 6 0.06

Random model 1 23 100 1.27 6 0.03 — 0.92 6 0.07 20.38 6 0.11 — —
2 40 100 1.22 6 0.03 — 0.92 6 0.05 20.44 6 0.10 — —
3 37 100 1.27 6 0.04 — 0.89 6 0.05 20.38 6 0.10 — —

Fixed model 1 33 100 1.80 6 0.07 — — 20.07 6 0.10 — 0.88 6 0.07
2 33 90 1.77 6 0.07 — — 20.07 6 0.10 — 0.92 6 0.08
3 33 100 1.80 6 0.08 — — 20.07 6 0.10 — 0.89 6 0.07

The statistics are the average of 30 replicates. The average simulated mean QTL variance and D/2 were 0.41 and 0.58 for the
first cluster, and 0.42 and 0.46 for the second cluster.

a Segment (partition) order.
b Percentage of replicates where partition or segment 1 (the QTL position) corresponded to maximum likelihood.
c Power, computed as the percentage of replicates where LR exceeded the empirical 5% significance threshold (see Table 1),

out of those where the maximum LR was at position 1.
d Residual variance estimate.
e Estimate of the genetic variance due to the complement of segment 1 (11–60 cM).
f Estimate of the genetic variance due to segment 1.
g Estimate of the general mean.
h Estimate of the mean difference due to the complement of segment 1.
i Estimate of the mean difference due to segment 1.

A likelihood ratio showed that a model including s2
B did 1996). The importance of accuracy of QTL location or

correctly ascertaining the number of QTL need not benot improve over a model without s2
B. The approach

developed here thus provides insight into the genetic overestimated. First, if a very dense genotyping is carried
out, segment-mapping will be able to separate intervalsarchitecture of the trait in the parental lines, as it should

allow us to estimate s2
A,s and s2

B,s for each segment consid- contributing to variation more effectively than genome
scan because external “genetic noise” is properly ac-ered. These are the most relevant parameters in the

study of an outbred population and it is a bonus of the counted for in segment mapping. Compare, e.g., the
drops in LR0,MM and LRs between positions 1 and 2,usefulness of F2 crosses. With current statistical ap-

proaches, the only loci detected with maximum power which have very similar distributions under the null
hypothesis (Figure 2). The change in LRs is larger thanare those with alleles fixed within line, which limits

the inferences with respect to loci segregating in the in LR0,MM for all genetic cases. We may thus conjecture
that a combination of LR0,SM and LRs tests may lead toparental lines. Moreover, the mixed model and segment

mapping encourage the use of performance records a more accurate location of the QTL than a simple
scan with LR0,MM, although more extensive simulation isfrom F1 and parental individuals not usually analyzed

jointly with F2 records nor even recorded. F1 and paren- needed to prove this. Second, the candidate genes will
be readily located once a promising region is identifiedtal records can be analyzed jointly with the F2 data with-

out any significant modification of (1)–(4). An advan- as genetic maps are becoming densely populated with
known genes. The current strategy in QTL analysis istage of including these records is that they will provide

insight into the presence and extent of dominance to look for candidate genes within the chromosome
regions that have shown association with the trait. It isaction.

Note that in segment mapping we do not make the likely, in fact, that the reverse strategy will be predomi-
nant in the future: once the number of cloned candidatedistinction between a QTL and a polygenic background,

and it is not necessarily assumed in segment mapping genes becomes very large and their physiological effects
are ascertained or inferred, it will be routine to estimatethat a single locus is segregating within the segment or

segments considered. It follows that it is more relevant the fraction of genetic variance associated with these
genes, including possible epistatic effects, in a particularin the segment-mapping context to test whether a given

segment, however small, contributes significantly to ge- population.
A feature of the segment-mapping strategy is thatnetic variation than in an accurate QTL location, as is

emphasized in interval mapping (e.g., Visscher et al. there is not an obvious course of action to conduct a
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Fernando, R. L., and M. Grossman, 1989 Marker-assisted selection
genome regions can be studied, together with elucidat- using best linear unbiased prediction. Genet. Sel. Evol. 21: 467–

477.ing whether fixed, random, or mixed models are more
Goddard, M. E., 1992 A mixed model for analysis of data on multiplesuitable for each segment. Interactions between seg-

genetic markers. Theor. Appl. Genet. 83: 878–886.
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(A2)APPENDIX
where pi is the fraction of the genome of origin A. TheThe variance/covariance matrix of additive genetic
second term in (A1) isvalues in the F2 generation, G, is derived. First a finite

number of loci (nloci) is considered and then extended Cov
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[E(gh
i,k | wkk9), E(gh
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to an infinitesimal model. Genetic equilibrium and ad-
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origin allele at the kth locus. Assume for simplicity but
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i )(mk 2 Dk/2)]2,without loss of generality that all alleles from all loci

are assumed, a priori, to have equal effects on the trait. (A3)
Then

where rk,k9 is the recombination fraction between loci
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Dk 5 D/(2nloci),
Setting rk,k9 5 0.5 for all k ? k9, we retrieve the equation
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by Lo et al. (1993) for an arbitary number of unlinked
loci. The last two terms in (A4) are the segregationand
variance when loci are linked. Equation A4 can be gen-
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B/(2 nloci), ∀ h, i, k; eralized to an infinite number of loci by integrating rk,k9

over the whole genome comprising nchr chromosomes
h is the haplotype (S or D origin). Breeding values in of length Lc using results in Hill (1993) for Haldane’s
the F1 are distributed as N[m, (s2
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B)/2]. The variance mapping function,

of F2’s additive values is given by
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where r 5 1⁄2 2 [2Lc 2 1 1 exp(22 Lc)]/4 L2
c , when

Define as in Lo et al. (1993) a variable wk,k9 that takes Haldane’s mapping function is assumed, L is in mor-
values AA, AB, BA, and BB according to the breed origin gans, ph

i,c is the fraction of chromosome c, haplotype h
of each allele at loci k and k9: of individual i of breed origin A, mc is the mean effect
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mosome c.
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i,k9|wkk9)]6. In the absence of marker information, ph
i,c is 0.5 along

the whole genome and for all F2 individuals, and (A5)
is consequently of little relevance. Now consider that(A1)
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molecular information such that the probability of The last three terms in (A6) can be neglected: (1) if
breed origin ph

i (x) can be obtained at any point x of the molecular markers are relatively close, r s and ph
i,s (1 2

genome and the genome is partitioned in a series of ph
i,s) tend to zero; (2) the segment’s mean breeding value,

segments. The genetic variance conditional on marker ms, will be negligible in most cases if a general mean is
information is included in model (1); and (3) the sum R
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In practice one is interested in assessing the particular
contribution of a given genome segment, as geneticwhere ms and Ds are the mean of loci in segment s and
covariance between individuals is not strictly propor-the average deviation of that particular segment. The
tional to the percentage of genome shared; rather, thisnull hypothesis is that the contribution to total varia-
percentage needs to be weighed by the relevance oftion and differences between lines is proportional to

genome length, i.e., ms 5 mLs/2L, Ds 5 DLs/2L, with each genome location, s2
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