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Abstract In a population intended for breeding and
selection, questions of interest relative to a specific
segregating QTL are the variance it generates in the
population, and the number and effects of its alleles. One
approach to address these questions is to extract several
inbreds from the population and use them to generate
multiple mapping families. Given random sampling of
parents, sampling strategy may be an important factor
determining the power of the analysis and its accuracy in
estimating QTL variance and allelic number. We describe
appropriate multiple-family QTL mapping methodology
and apply it to simulated data sets to determine optimal
sampling strategies in terms of family number versus
family size. Genomes were simulated with seven chro-
mosomes, on which 107 markers and six QTL were
distributed. The total heritability was 0.60. Two to ten
alleles were segregating at each QTL. Sampling strategies
ranged from sampling two inbreds and generating a single
family of 600 progeny to sampling 40 inbreds and
generating 40 families of 15 progeny each. Strategies
involving only one to five families were subject to
variation due to the sampling of inbred parents. For QTL
where more than two alleles were segregating, these
strategies did not sample QTL alleles representative of the
original population. Conversely, strategies involving 30
or more parents were subject to variation due to sampling
of QTL genotypes within the small families obtained.
Given these constraints, greatest QTL detection power
was obtained for strategies involving five to ten mapping
families. The most accurate estimation of the variance

generated by the QTL, however, was obtained with
strategies involving 20 or more families. Finally, strate-
gies with an intermediate number of families best
estimated the number of QTL alleles. We conclude that
no overall optimal sampling strategy exists but that the
strategy adopted must depend on the objective.

Introduction

In a population intended for breeding and selection,
questions of interest relative to a specific segregating
QTL are the variance it generates in the population, and
the number and effects of its alleles. Standard QTL
mapping methods that employ progeny developed from a
cross between two inbred parents deal with a maximum of
two alleles per QTL so that they cannot, in general,
address the questions of allelic number and effects at the
population level. One possible approach to address these
questions would be to extract several inbreds from the
population and use them to generate multiple mapping
families. In addition to making the above questions
answerable (Jannink and Wu 2003), joint analysis of these
families could lead to gains in detection power and
mapping resolution (Muranty 1996; Xu 1998; Reba� and
Goffinet 2000; Jannink and Jansen 2001). Appropriate
statistical techniques to identify QTL in multiple related
families and evaluation of optimal sampling strategies for
the development of such families are therefore needed.

Statistical methods that combine multiple families into
one analysis based on fixed QTL allele effect models
have been proposed (Reba� and Goffinet 1993, 2000;
Reba� et al. 1994; Liu and Zeng 2000). A major concern
with these methods is that the number of parameters to be
estimated increases with the number of families analyzed.
In contrast, random allele effect models (Xie et al. 1998;
Xu 1998) estimate only a single QTL variance so that the
number of model parameters per QTL is independent of
the number of families. In addition, random allele effect
models deal with multiple family QTL mapping more
naturally, shifting the focus from the effects of specific
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alleles to the variance generated by the QTL over the
original population. Regardless of the fixed or random
nature of the QTL effect, current methods all assume that
each inbred parent carries a distinct allele. In other words,
these methods assume that the number of alleles at a QTL
is equal to the number of the parents used to generate
mapping families. Unless an infinite allele model holds,
there is a non-null probability that two inbred parents
extracted from a population will carry the same QTL
allele, that is, they will be identical in state (IIS) at the
QTL. Knowledge of allelic IIS relationships among
parents, while of interest in and of itself, also provides
a means to estimate the number of alleles segregating at
the QTL (Jannink and Wu 2003). To obtain and use this
information, we proposed a single-QTL model in which
the number and IIS configuration of QTL alleles were
treated as unknown and subjected to Bayesian analysis
(Jannink and Wu 2003). Here, we extend this method to
multiple QTL that have not been previously mapped, and
to the estimation of the variance expected to be generated
by the QTL.

The analysis presented here assumes that random
individuals have been extracted from the population and
inbred by doubling one of their gametes to create a
doubled-haploid (DH) parent. These parents are then
crossed to generate DH-QTL mapping families. Given
random sampling of parents, sampling strategy may be an
important factor determining the power of the analysis
and its accuracy in estimating QTL variance and allelic
number. Uncertainty in sampling QTL alleles will take
place at two levels: when sampling founders to produce
the F1 parents, and during Mendelian segregation of the F1
parents to produce DH progeny families. Previous reports
have examined sampling strategy effects on QTL detec-
tion using maximum likelihood approaches. Xu (1998)
showed that different family number versus family size
sampling strategies affected QTL mapping results using a
random- or fixed-allele effect model. The power of QTL
detection was higher with an intermediate number (10–
20) of families than with a small number (1–6) of large
families or a large number (50–100) of small families.
QTL mapping using a single family caused the most
severe loss in power and large bias and errors of QTL
estimation. Using more than a single family for QTL
mapping clearly reduced type II error in QTL mapping
(Xu 1998). The cause of the loss of QTL detection power
when analyzing a large number of small families was
unclear. Using an identity by descent (IBD) variance
component method, Xie et al. (1998) found that the
likelihood ratio at the simulated QTL with 25 sibs per
family was 500% higher than that with only two sibs per
family. Their results again indicated that large family size
is desirable to increase QTL detection power. IBD-based
QTL analysis relies on modeling the covariance of sibs
given the marker alleles they received, such that using
two progeny per family did not give enough among-sib
information for analysis. Rao and Li (2000) investigated
the effect of sampling strategy (family number vs family
size) for mapping categorical traits. They found that QTL
detection power was greatest using a small number of

large families (2–5 families each with 250–100 progeny),
especially when QTL effect was small. All of these
analyses made specific assumptions concerning QTL
allelic number and allele frequencies. If allele frequencies
are intermediate, then allelic diversity is likely to be
captured within a small number of parents. If allele
frequencies are more extreme, however, more parents will
be needed to obtain a representative sample. While the
effect of sampling strategy on QTL detection power has
been examined, sampling strategy implications for the
accuracy of estimation of QTL allelic number and
variance have not. In what follows we describe extensions
of the methodology presented in Jannink and Wu (2003).
These extensions enable the mapping of multiple QTL
and the estimation of their variances. We apply the
complete methodology to simulated data sets to determine
optimal strategies for estimating these parameters.

Materials and methods

We describe the linear models and algorithms used to perform the
analyses below. The software package we developed and used is
available at http://www.public.iastate.edu/~jjannink/Research/Soft-
ware.htm.

QTL model

The QTL model is presented based on DH mapping families where
only additive effects of QTL are involved. Consider f F1 individuals
derived from P founder parents that are inbred and unrelated to
each other. The F1 parents were used to produce a total of n DH
progeny individuals. Assuming that the trait is affected by nqtl QTL,
the vector of observed phenotypes y can be modeled as

y ¼ Xbþ
Xnqtl

j¼1

QjCjaj þ e ð1Þ

where X is an n�f design matrix relating progeny to F1 parents
(families), b is a f�1 vector of family means, Qj is a n�P inheritance
matrix indicating from which founder parent a DH progeny
received alleles at QTL j, Cj is a P�lj allelic configuration matrix
linking a founder parent to a specific allele at QTL j (lj is the

number of alleles at QTL j), aj � N 0; Is2
j

� �
is a lj�1 vector of

allelic effects at QTL j, and e � N 0; Is2
e

� �
is a n�1 vector of the

residuals.
Observable model variables include trait values y and marker

genotypes M. Denoting Q={Qj}, C={Cj}, a={aj}, l={lj}, and

s2
a ¼ s2

j

n o
, the unobservable parameters in the model are

q ¼ b;Q;C; l; a; l;s2
a;s2

e

� �
, where l is a nqtI�1 vector of QTL

positions. The joint posterior density of all unobservables given the
observables and prior information is

p q yjð Þ / p y qjð Þp bð Þp lð Þp Q l;Mjð Þp lð Þp C ljð Þp a s2
a

��� �
p s2

a

� �
p s2

e

� �

ð2Þ
where p(y|q) is the likelihood assuming e � N 0; Is2

e

� �
, p(*) is the

prior distribution for parameter *, p(C|l) is the prior distribution for
QTL configuration conditional on the number of QTL alleles,
p(q|l,M) is the prior distribution for QTL genotypes conditional on
a QTL location and marker genotypes, and is derived from the rules
of Mendelian segregation and recombination, and p a s2

a

��� �
is the

prior distribution for allelic values conditional on QTL variance
and is multivariate normal. The prior distribution for QTL allelic
number is assumed to be a truncated Poisson distribution between 2
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and the number of founder parents. In MCMC analyses described
below we used 4 as the mean of this Poisson distribution. The prior
for QTL position is uniform over the genome. The prior distribu-

tions for {bf}, s2
j

n o
, and s2

e are assumed to be uniform on

predefined intervals, where the prior for the family mean is positive
with a maximum of twice the phenotypic mean, and the priors for
QTL variance and the residual variance are positive with a
maximum of twice the phenotypic variance.

Markov chain Monte Carlo sampling procedures

Bayesian inference was used to obtain the marginal posterior
probability for each parameter of interest. We used the Markov
chain Monte Carlo (MCMC) algorithm to generate samples from
the joint posterior density, from which a marginal distribution was
inferred. A scalar Metropolis Hastings procedure was used in all the
following steps except step 5, with each parameter in q sampled in
turn considering all other parameters fixed (Gilks et al. 1996). In
step 5, QTL location and genotypes were updated simultaneously.
After initializing unobserved variables by sampling them from their
priors, the MCMC iterations consisted of the following steps:

1. Update the number of QTL alleles for each QTL j
2. Update allelic configuration Cj at each QTL conditional on the

number of alleles
3. Update QTL variance s2

j at each QTL
4. Update QTL allelic effects aj at each QTL
5. Update QTL position lj and QTL genotypes Qj jointly for each

QTL
6. Update family means bf
7. Update residual variance s2

e

Step 1 involves changing the number of alleles via a reversible
jump algorithm and leads to necessary changes in the dimensions of
matrix Cj. Unlike Sillanp�� and Arjas (1998), we do not estimate
the number of QTL in this analysis but keep it fixed at nqtl. In the
analyses described below, Markov chains were initialized by
placing one QTL at the center of each of seven chromosomes, thus
fixing nqtl at seven.

Updating QTL allelic number and QTL configuration

QTL allelic number and configuration are updated locus by locus,
as discussed by Jannink and Wu (2003). Briefly, in each simulation
cycle, we give equal probability to adding a new allele into the
model or deleting an existing allele from the model. We propose an
increase of one allele only if the current number of alleles is less
than the number of founders (lj <P), and a decrease of one allele
only if the current number of alleles is greater than two (lj >2). To
increase allelic number, an allele carried by more than one parent is
randomly chosen and the parents carrying this allele are randomly
divided into two groups. A new allele is created with a new value
generated from its prior distribution. One group of parents is then
shifted to carrying this new allele. To decrease allelic number, two
alleles are chosen at random. The parents that carry them are
grouped together and assumed to carry a single allelic effect.

To update QTL configuration conditional on the number of
alleles (Cj | lj), we randomly select one allele among those that are
carried by more than one parent at QTL j. The proposal consists of
shifting one random parent from carrying this allele to carrying an
arbitrary different allele. This shift does not change the number of
alleles at the locus.

Updating QTL variances and QTL effect

To update QTL variances, a proposal ~s2
j is sampled at QTL j from a

symmetric uniform density around the previous value s2
j

~s2
j s2

j � unif max 0;s2
j � d

� �
;s2

j þ d
h i��� ð3Þ

where d is the radius of change in QTL variance. As a reverse

move, s2
j ~s2

j

��� is also a symmetrically uniform around ~s2
j . The

proposal is accepted with the following probability

a s2
j ; ~s

2
j

� �
¼ min 1;

Qlj

k¼1

QPk

r¼1
p a rð Þ

k:j ~s2
j

���
� �

Qlj

k¼1

QPk

r¼1
p a rð Þ

k:j s2
j

���
� ��

p s2
j ~s2

j

���
� �

p ~s2
j s2

j

���
� �

0
BBBB@

1
CCCCA

ð4Þ

where Pk is the number of founder parents carrying allele k, a rð Þ
k:j is

the value of allele k at QTL j that is carried by parent r, and

p a rð Þ
k:j s2

j

���
� �

and p a rð Þ
k:j ~s2

j

���
� �

are normal proposal density of allelic

values given old and new QTL variance, respectively.
Allelic value is updated for each allele at each QTL. The prior

for ak.j is normal with zero mean and variance s2
j . The proposal

density for allelic values is uniform centered on the previous
parameter value using a strategy similar to (3). The acceptance
probability is

a ak:j; ~ak:j

� �
¼ min 1;

p y ~q
��� �

p ~ak:j s2
j

���
� �

p y qjð Þp ak:j s2
j

���
� �

0
B@

1
CA ð5Þ

where ~q is identical to q except that ak.j is replaced by ~ak:j.

Updating QTL position and QTL inheritance matrix jointly

To update genotypes and position jointly at a QTL j involves the
proposal q ~Qj; ~lj Qj; lj

��� �
where lj and ~lj are the current and

candidate position for QTL j, and Qj and ~Qj are the current and
candidate QTL genotypes of all progeny at this QTL. First, ~lj is
generated from a uniform distribution [max(lj-1,lj-d), min(lj+1,lj
+d)], where d is a tuning parameter that affects the proposal
probability and the acceptance rate. Next, QTL genotypes are
sampled independently for all DH progeny conditional on flanking
loci but independently of phenotypic data. A flanking locus can be
a marker or a QTL, whichever is closer to QTL j. The proposal is
accepted with the following probability:

a Qj; lj; ~Qj; ~lj

� �
¼ min 1;

q Qj; lj
~Qj; ~lj

��� �

q ~Qj; ~lj Qj; lj

��� ��
p ~Qj; ~lj y;M; q�j
� �

p Qj; lj y;M; q�j
� �

 !

ð6Þ
whereq � corresponds to all elements in q without the position and
all genotypes at QTL j. This ratio can be simplified as follows:

q Qj; lj
~Qj; ~lj

��� �
¼ p lj ~lj

��� �
p Qj lj;M

��� �
ð7Þ

since lj is independent of ~Qj, and Qj is independent of ~lj and ~Qj.
Similarly,

q ~Qj; ~lj Qj; lj

��� �
¼ p ~lj lj

��� �
p ~Qj ~lj;M

��� �
ð8Þ

For the posterior terms, we have

p ~Qj; ~lj y;M; q�j
� �

/ p ~Qj; ~lj; y;M; q�
� �

¼ p y ~Qj; q�
��� �

p ~Qj ~lj;M
��� �

p ~l
� �

p Mð Þp q�ð Þ ð9Þ
and

p Qj; lj y;M; q�j
� �

/ p Qj; lj; y;M; q�
� �

¼ p y Qj

�� ; q�
� �

p Qj lj;M
��� �

p lð Þp Mð Þp q�ð Þ ð10Þ
Putting these terms in Eq. 6 gives

a Qj; lj; ~Qj; ~lj

� �
¼ min 1;

p lj ~lj

��� �
p y ~Qj; q�
��� �

p ~lj lj

��� �
p y Qj

�� ; q�
� �

 !
ð11Þ
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Updating family means and residual variance

Denote bf as the mean for family f. A family mean is sampled with
a proposal density similar to (3). The proposal is accepted with the
following acceptance probability

a bf ; ~bf

� �
¼ min 1;

p y ~q
��� �

p y qjð Þ �
p bf

~bf

��� �

p ~bf bf

��� �
 !

ð12Þ

where ~q is identical to q except that bf is replaced by ~bf .
We update the residual variance similarly to updating the family

mean, except that residual variance is assumed to be equal across
all families. The proposal is sampled from a symmetric uniform
density around the previous value. The residual variance is updated
with a probability defined similarly to (12).

Calculating marginal posterior distributions

Following Sillanp�� and Arjas (1998), the location-wise posterior
QTL density supplies evidence for the presence of a QTL. We
divide each chromosome into 2 cM bins (denoted D1, D2, ..., Dt, ...).
Let

Ît ¼
1
ns

Xns

s¼1

Xnqtl

j¼1

1
l sð Þ
j 2Dt

n o
2

4

3

5=0:02 ð13Þ

be the estimated posterior QTL intensity on interval Dt obtained
from the Monte Carlo simulation, where ns is the number of saved

MCMC iterations,
Pnqtl

j¼1
1

l sð Þ
j 2Dt

n o is the number of QTL in bin Dt in

iteration s. The intensity Ît integrates to nqtl over the genome.
For assessing QTL variance and allelic number, location-wise

posterior densities are defined. Let f(Dt) be the probability density
associated with either posterior QTL variance or allelic number in
interval Dt, the estimate f̂ Dtð Þ is given as

f̂ Dtð Þ ¼

Pns

s¼1

Pnqtl

j¼1
d̂ðsÞj � 1

lðsÞj 2Dt

n o

Pns

s¼1

Pnqtl

j¼1
1

lðsÞj 2Dt

n o
ð14Þ

where d̂ sð Þ
j is a posterior estimate of either QTL variance or allelic

number at QTL j mapped to this interval at iteration s. For example,
we replace parameter dj

(s) in equation 14 with s2 sð Þ
j when

determining the location-wise posterior density for QTL variance,
and replace parameter dj

(s) with lj(s) when determining the location-
wise posterior density for allelic number.

Simulations

Mapping families

The mapping families were simulated using a circulant diallel
mating design. Inbred founders were randomly ordered and each
founder was mated with its two immediate neighbors to produce F1
parents, and the latter were used to produce a family of DH
progeny. In this mating design, the number of mapping families
equaled the number of founder parents from which these mapping
families were derived, except that when two parents were used,
only a single DH family was obtained.

Genome, markers and QTL

The simulated genome consisted of seven chromosomes, resem-
bling a barley genome (Qi et al. 1996). The whole genome was
1,040 cM in total linkage length and covered by 107 co-dominant
markers and six QTL (Table 1). The number of markers varied
from chromosome to chromosome, with marker spacing ranging
from 5 cM (chromosome 5) to 20 cM (chromosomes 6 and 7). The
six QTL were simulated on the genome. Chromosome 1 carried one
(QTL 1), chromosome 2 carried two (QTL 2 and 3), and
chromosome 5 carried three QTL (QTL 4, 5 and 6). The genetic
effects of these QTL differed in terms of the additive variance
contributed to the trait. Expressed as a percent of phenotypic
variance, the total variance contribution of all the six QTL was
60%, with the largest additive variance (18%) contributed by QTL
6 and the smallest (6%) by QTL 4 and QTL 5. All QTL were
assumed to be in linkage equilibrium with each other: any
correlations between allelic effects at different QTL were due
strictly to sampling effects. Note that QTL 4 and QTL 5 were
simulated on the same chromosome and separated by only 10 cM
(Table 2). These two QTL were used to test the power of the
analysis to distinguish closely linked QTL.

Sampling strategies

Fully informative markers were simulated in each mapping family.
In other words, all F1 individuals were heterozygous at all marker
loci (though not necessarily at all QTL). The focus of simulations
was on the possible trade-off between QTL mapping family number
and family size. The number of families ranged from f=1 to 40 and
the family size ranged reciprocally from nf‚=600 to 15 so that the
total number of progeny was fixed at 600. We denoted the sampling
strategies 1:600; 5:120; 10:60; 20:30; 30:20, and 40:15 where the

Table 1 Map length, marker number and spacing and QTL number
in simulated genome

Chromosome 1 2 3 4 5 6 7

Map length, cM 150 150 130 130 150 140 190
Marker number 16 16 14 11 31 8 11
Marker spacing, cM 10 10 10 10 5 20 20
Number of QTL 1 2 0 0 3 0 0

Table 2 Information about QTL simulated on the genome. The
map position was based on Haldane’s map function. The allelic
number and QTL variance refer to parameter values in the original
population. In each simulation, however, the actual allelic number

and QTL variance of extracted inbred parents were subject to
sampling variation. The QTL variance is expressed as a percent of
the total phenotypic variance

QTL Chromosome Map position, cM Allelic number QTL variance

1 1 75 10 12
2 2 33 4 9
3 2 99 2 9
4 5 45 3 6
5 5 55 6 6
6 5 121 5 18
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first number represented mapping family number and the second
number represented family size.

Results

Sampling effects

Due to random extraction of inbred parents from the
original population, the total number of sampled alleles in
parents and subsequent mapping families did not neces-
sarily correspond to the number of alleles in the original
population (Table 3). When the number of parental lines
used in a sampling strategy was less than the number of
QTL alleles, the number of alleles sampled was biased
downward in an obvious way. Taking QTL 1 as an
example, the number of sampled alleles averaged 1.93
and 3.76 in strategies 1:600 and 5:120, respectively, even
though 10 alleles segregated at this locus. As the number
of founder parents increased from 10 to 40 the number of
sampled alleles approached the true allelic number, and
the sampling standard error also decreased. Sampling of
parents also affected QTL variance, at times dramatically.
Observed total QTL variance in strategy 1:600 averaged
0.366 over 30 replicate runs, much lower than the true
variance of 0.6. The standard error of the variance was
also large with this strategy (0.130). Sampling more
parents rapidly reduced the downward bias in observed
QTL variance. In strategies 5:120 and 40:15, observed
total QTL variance averaged 0.544 and 0.586, with
respective standard errors of 0.094 and 0.033.

Posterior QTL intensity

Posterior QTL intensity peaks were consistently observed
at the locations where the QTL were simulated, regardless
of sampling strategy (Fig. 1). Maximal posterior QTL
intensities on chromosomes where no QTL were simu-
lated were 0.66, 0.60, and 0.51 for the 1:600, 10:60, and
40:15 sampling strategies, respectively. The intensity
peaks of QTL were higher at a QTL with a large effect
(e.g., QTL 6) than at a QTL with a small effect (e.g., QTL
4 and QTL5). An influence of sampling strategy on QTL
mapping was observable in terms of posterior QTL
intensity. In general, posterior QTL intensity peaks were
higher with large than with small family size (Fig. 1).
While posterior QTL intensity peaks were sometimes
very high for strategy 1:600, variation in peak height was
also largest for this strategy. Averaged over the six QTL,

strategy 10:60 had significantly less variability in peak
height than either strategies 1:600 or 40:15. The standard
deviations in peak height were 4.2, 2.7, and 3.1 for
strategies 1:600, 10:60, and 40:15, respectively. Peak
intensity and therefore success of QTL mapping was
largely subject to sampling of parental alleles. Peak

Table 3 Sampled number of
QTL alleles in mapping fami-
lies as a function of sampling
strategy. The mean € standard
deviation over 30 repeated
simulations are shown

Strategy QTL 1 QTL 2 QTL 3 QTL 4 QTL 5 QTL 6

1:600 1.93€0.24 1.70€0.45 1.57€0.49 1.50€0.49 1.77€0.42 1.80€0.39
5:120 3.76€0.61 3.06€0.57 1.93€0.24 2.63€0.48 3.60€0.84 3.50€0.61

10:60 6.37€0.87 3.70€0.45 2.00€0.00 2.93€0.24 4.97€0.79 4.33€0.59
20:30 8.57€0.71 4.00€0.00 2.00€0.00 3.00€0.00 5.83€0.37 4.93€0.24
30:20 9.43€0.61 4.00€0.00 2.00€0.00 3.00€0.00 5.97€0.17 4.97€0.17
40:15 9.83€0.37 4.00€0.00 2.00€0.00 3.00€0.00 6.00€0.00 5.00€0.00

Fig. 1a–c Location-wise posterior QTL intensity under various
sampling strategies given as family number:family size. a 1:600, b
10:60 and c 40:15. Chromosomes 1, 2, and 5 are shown. The X-axis
indicates map position within each chromosome. Inverted triangles
show the positions of simulated QTL. Values shown are averages
over 30 replicate simulations
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intensity at a QTL was high when the two parents carried
alleles of divergent effect whereas it was low when the
two parents carried alleles of similar effect. This type of
sampling variation did not occur in strategies involving
many parents.

QTL detection power

With repeated simulations, we determined the statistical
power for detecting a QTL by counting the number of
runs where QTL intensity integrated over a 10 cM
interval centered on the simulated QTL was greater than a
threshold. Let p 0 be the prior QTL intensity. In the
present analysis, p 0=7[QTL]/10.40[Morgans]=0.67[QTL/
Morgan]. The arbitrary threshold we chose to declare a
QTL present was 3p 0�0.10 where 0.10 is the length in
Morgans of the interval over which intensity was
integrated. We used a 10 cM interval for all QTL except
QTL 4 and QTL 5 for which we used a 20 cM interval
covering them both. For these QTL then, the power of
QTL detection reflected the power that either or both of
the two QTL were detected whereas the power of QTL
detection calculated at other intervals applied to only one
single QTL.

Various sampling strategies dramatically affected QTL
detection power (Fig. 2). Overall, sampling strategies
5:120 and 10:60 were found to be similar to each other
and more effective that the other strategies, with strategy
20:30 performing only marginally less well. This inter-
mediate optimum reflects the tradeoff between the need to
adequately sample the population’s alleles (requiring
sampling many parents) and the need to obtain sufficient
within-family segregation information (requiring large
family size).

We also evaluated the effect of sampling strategy on
the power to separate closely linked QTL 4 and QTL 5.
Three typical intensity profiles occurred for these QTL
(Fig. 3). In the first, two peaks of posterior QTL intensity
were clearly observed, indicating that QTL 4 and QTL 5
were detected separately. In the second situation, the two
peaks were confounded, mimicking a single QTL located
between the true positions of QTL 4 and QTL 5. The third
situation, where a QTL intensity peak was found at only
one of the two simulated QTL positions, was most
frequently observed. We considered QTL 4 and QTL 5 to
be separately detected only if the following conditions
were both met: the integrated posterior QTL intensity for
a 10 cM interval centered at the simulated QTL position
was greater than 3p 0�0.10 for both QTL 4 and QTL 5
and the low point between the peaks for QTL 4 and QTL
5 was lower than half the average height of the two peaks
and lower than 3p 0. Based on these standards, the optimal
sampling strategies were again 5:120 and 10:60 (Fig. 4).
Though the power to distinguish QTL 4 and 5 was much
lower than that to detect them jointly, the trend in Fig. 4
was very similar to that in Fig. 2.

Fig. 2 Power of QTL detection under various sampling strategies.
Bar set QTL4+QTL5 indicates the power to detect at least one of
the 2 QTL. Bar set Average indicates the average over all six QTL

Fig. 3 QTL intensity profiles for closely linked QTL. Arrows show
the positions of simulated QTL. Case 1, two distinct posterior peaks
of QTL intensity were observed, and QTL 4 and QTL 5 were
detected separately. Case 2, two QTL intensity peaks were
confounded as a single peak. Case 3, a QTL intensity peak was
observed at only one of the simulated QTL

Fig. 4 Power to distinguish QTL 4 from QTL 5 under various
sampling strategies

1439



Posterior QTL variance

Sampling strategies also strongly affected posterior QTL
variance (Fig. 5). Location-wise posterior QTL variance
for strategies 1:600 and 5:120 was inaccurate and
background locations where no QTL were simulated
(e.g., between 0 and 50 cM or between 100 and 150 cM
on chromosome 1) showed high levels of variance
(Fig. 5a, b). This “background variance level” decreased
substantially for strategies sampling 10 or more parents

(Fig. 5c–f). The cause of high background variance levels
in strategies 1:600 and 5:120 can be understood by
examining Eq. 4. When few parents are involved, the
density of the vector of allelic effects, aj, is relatively
insensitive to the sampled QTL variance ~s2

j . Consequent-
ly, the prior for the variance largely influences the
estimated variance. The mean for that prior was 1, much
higher than the true variances, and this high prior mean
biased all variance estimates upwards, including at

Fig. 5a–f Location-wise poste-
rior QTL variance under vari-
ous sampling strategies given as
family number:family size.
a 1:600, b 5:120, c 10:60,
d 20:30, e 30:20 and f 40:15.
Chromosomes 1, 2, and 5 are
shown. The X-axis indicates
map position within each chro-
mosome. Circled Xs indicate
simulated QTL position and
variance. Values shown are av-
erages over 30 replicate simu-
lations
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positions devoid of QTL. Consequently, the average
posterior QTL variances at the simulated QTL locations
were close to their true values only when 20 or more
parents were sampled (Fig. 5d–f). Note that the fourth
peak of posterior QTL variance corresponded to the sum
of variances for QTL 4 and QTL 5.

We quantified the accuracy of QTL variance estima-

tion using its mean squared error, mse s2
j

� �
¼

bias s2
j

� �2
þ var s2

j

� �
; the sum of the squared measure-

ment bias and the measurement variance. Bias is calcu-

lated as bias s2
j

� �
¼ 1

R

PR

r¼1
ŝ2

j

� �

r
� s2

j where R is the

number of replicate simulations, ŝ2
j

� �

r
is the estimate for

analysis r, and s2
j is the true value. Measurement variance

is the usual variance among replicate estimates. Strategies
sampling many parents had much lower mean squared
error for QTL variance than strategies sampling few
parents (Fig. 6). Counterintuitively, and against this trend,
strategy 1:600 had among the lowest measurement
variances. Our hypothesis concerning this result refers
back to Fig. 5a: the high background observed for this
sampling strategy meant that the measurement could not
drop below a certain level so that variation in the
measurement was restricted.

Posterior QTL allelic number

Sampling strategy affected estimation of the number of
alleles in two ways. First, if a small number of parents
were used, the estimate of allelic number was biased
downward for the sampling reason discussed above
(Fig. 7, bar sets a, b, and c). Second, if a large number
of parents were sampled, the variance of the allelic
number estimate increased (Fig. 7, bar sets d versus e).

The prior distribution for allelic number was a truncated
Poisson with a lower bound of two alleles and an upper
bound equal to the number of sampled parents. Conse-
quently, the variance of the prior distribution also
increased for strategies in which a large number of
parents were sampled.

Within a given sampling strategy, the posterior esti-
mate of allelic number was somewhat sensitive to the
number of alleles actually sampled among the mapping
parents (Fig. 7, bar set b versus c). Evaluated across all
QTL, the posterior allelic number was positively corre-
lated with the actual number of alleles sampled among
mapping parents when the latter ranged from one to five
alleles. When the number of alleles sampled ranged above
five (as could happen for QTL 1 or QTL 5), the estimated
allelic number was no longer affected by the number of
alleles (data not shown). When a large number of alleles
segregate at a QTL, some of the alleles have similar
effects and the analysis would lump them into a single
group (Jannink and Wu 2003). When few alleles segre-
gate, their effects diverge sufficiently to be distinguished
by the analysis. This reasoning suggests that for analyses
evaluating data on 600 progeny, the maximum number of
alleles that the analysis can effectively distinguish is five.

Discussion

The QTL mapping design using a single family derived
from two inbred parents provides a simple situation for
mapping and estimating gene substitution effects using a
fixed-model approach (Lander and Botstein 1989). Using
a single family, however, reduces the inference space of
the estimated parameters to that single cross so that this
design is not an optimal strategy to sample a population
(Xu 1998): If the QTL is not segregating in the family, it
will go undetected. Multiple-family QTL mapping, first
introduced by Muranty (1996), can avoid this problem.

Fig. 6 Measurement variance, squared bias and mean square error
of posterior QTL variance under various sampling strategies. Each
bar represents an average of each statistic over all six QTL and all
30 replicate simulations with the vertical line giving the standard
error averaged across the six QTL

Fig. 7 Posterior distribution of QTL allelic number for QTL 6,
with five alleles in the original population, under various sampling
strategies given as family number:family size. Four versus five
alleles were sampled for bar sets b and c, respectively
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Using multiple line crosses broadens the parameter
inference space to the original population. From an
applied point of view, this analysis will provide relevant
estimates of genetic parameters that can be used to predict
individual genotypic values in practical breeding programs
and will improve QTL detection at the population level.

In this context, sampling strategy (family number vs
family size) becomes an important factor in the design of
QTL mapping experiments. The results presented above
do not point to an unequivocal overall optimal sampling
strategy but instead suggest that the strategy adopted must
be tailored to the objectives at hand. In particular, we
found highest QTL detection power for strategies that
employed relatively few parents (5–10) but most accurate
estimation of QTL variance for strategies that employed
many parents (at least 20, but preferably 30 or more).
These results may reconcile to some extent previous
disagreements in the literature relative to optimal QTL
mapping designs. In particular, Rao and Li (2000)
recommended the use of a small number of large families
whereas Xu (1998) and Xie et al. (1998) both suggested a
larger number of intermediate-sized families. Rao and Li
(2000) may have based their recommendation on a fixed-
allele model assumption. Indeed, a reanalysis of QTL
variances based on allelic values reported in Rao and Li
(2000) shows that additive QTL variances using two to
five families ranged from 0.14 to 0.27 with standard
errors approximately equal to the estimates themselves.
As more families were used, however, the standards
errors of additive QTL variance decreased, consistent
with results reported here.

A mechanism that counteracts the advantage of
sampling many families is that in the statistical analysis
used here, all QTL information derives from within-
family genetic segregation. The analysis discards poten-
tial information deriving from QTL effects that contribute
to differences among families so that the higher the
number of families, the more among-family information
is lost. Methods to capitalize on among-family informa-
tion have recently been presented (Jansen et al. 2003) and
could be usefully incorporated into the present analysis. A
second refinement that would improve the current anal-
ysis when it is applied to many families would be to
model family means as random rather than fixed effects.
The mean for family i would then be bj=m+hj, and the
single parameter s2

b would be of interest rather than the
large array of family means. Alternatively, given the
relatedness among families, a gametic model could be
applied to family means. In that case, the contribution Ui,
of inbred parent i, i=1...P to each family mean would be
modeled directly as a random effect, and the parameter of
interest would be the variance among contributions s2

U .
A final approach to improving QTL variance estima-

tion could come from the mating design rather than the
statistical analysis. In the simulations presented here, we
only investigated a circulant diallel mating design in
which each parent is mated to two other parents. For the
specific purpose of distinguishing among QTL alleles

carried by different parents, the circulant diallel may not
be the most effective crossing scheme. Alleles carried by
two parents will be contrasted with the greatest power if
those two parents are crossed directly. This reasoning
suggests that all pair-wise crosses be performed among
parents sampled from the original population, leading to a
half-diallel design. The drawback of such a design is that
it also maximizes the number of mapping families
produced relative to the number of parents sampled. For
reasons discussed above, analyzing a high number of
families may not be best. An alternative would be to cross
all sampled parents to the same reference parent. That
approach does not allow the direct contrasts among QTL
alleles that the half-diallel allows, but instead an indirect
contrast relative to a very well characterized reference
allele. The effectiveness of different mating designs for
QTL analysis merits further research.
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