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INTRODUCTION 
Location and effects of quantitative trait loci (QTL) can be inferred by combining information 
from marker genotypes and phenotypic scores of individuals in a population in linkage 
disequilibrium. Typically, a QTL analysis consists of a two-step procedure, where the genetic 
marker map is constructed first, followed by the QTL search, as if there were no error in the 
map. The objective of this study is to evaluate, via simulation, a MCMC approach where QTL 
inferences are obtained taking into account uncertainty about the order and distances between 
genetic markers. 
 
BAYESIAN TWO-STEP PROCEDURE FOR QTL ANALYSIS 
Here, the genetic marker map construction and the QTL analysis, taken as two distinct 
statistical procedures, are reviewed. Although we focus on a backcross situation and on 
Haldane’s mapping function, the methodology may be adapted to different designs and 
assumptions. 
 
Genetic map construction. Let the genotype for m markers of individual i be gi = (gi1, 
gi2,…,gim)’, where gij = 0 if i is homozygous recessive for locus j, and gij = 1 otherwise. For a 
sample of n independent individuals, the likelihood of parameters τ and β is the product of n 

terms such as . Here, kij = |gij – gi,j+1|, τ is the order of the 

marker loci and βj is the recombination rate between loci j and j + 1. In a Bayesian context, the 
likelihood is multiplied by a prior, and the resulting posterior is integrated out, to produce 
marginal inferences about the parameters. Here, we use the joint prior , 
where  is a probability distribution over the different orders for the m markers, and 

. The joint posterior density of τ and β is given by 

, where G represents the marker data for all individuals. 
The conditional posterior distributions are needed for a MCMC implementation. The fully 
conditional posterior distribution of βj is a Beta process. George et al. (1999) and Rosa et al. 
(2002) discuss alternatives for the updating of the gene order. 
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QTL analysis. Consider a simple linear additive model for a quantitative trait, supposedly 
affected by a major gene or QTL. The phenotype yi for the ith individual may be represented as 

, where ε  is a random residual with mean 0 and variance σ2. The parameters 
µ and α determine the expected response, given the QTL genotype qi. After an error 
distribution is specified, e.g., normal, this leads to the density , where 

. Given the location of the putative QTL (λ), the marker genotypes (G) and the 
genetic marker map (M), the probability distribution of the QTL genotypes can be modeled in 
terms the of recombination between the locus and the markers. For backcrosses, the probability 
distribution  is a Bernoulli process. It is important to highlight the dependency 
of this distribution on M or, equivalently, on the ordering (τ) and the recombination rates (β) 
between markers. Considering n independent observations, the likelihood of λ and θ is 

. Again, the likelihood is combined with a 

prior , and marginal posterior inferences are obtained via MCMC integration of the 
joint posterior density . The conditional 
distributions of µ and α are Gaussian. Updating σ2 is done by drawing a random sample from 
an inverse-Gamma distribution.  The distribution of λ does not have a closed form, and a 
Metropolis-Hastings step can be used for sampling (Satagopan et al., 1996 ; Uimari and 
Hoeschele, 1997). 
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JOINT INFERENCES ABOUT THE GENETIC MAP AND QTL SEARCH 
As noted, Bayesian inference on location and effects of putative QTL is based on the posterior 
distribution having density , where 

. Typically, since the genetic map is unknown, a point estimate  is used 
instead, as if this were the “true” map. Here, QTL inferences are obtained conditionally to the 
estimated map, using , so the uncertainty of 

the estimate  is completely ignored. Since such an uncertainty always exists, we 
propose a procedure for joint genetic map construction and QTL search. The two statistical 
procedures discussed above are implemented together, to account simultaneously for all 
sources of uncertainty in the model. The joint posterior density of quantities related to marker 
order and distances, as well as QTL position and its effects, is expressed as 

. For 
MCMC, τ and β are updated from their fully conditional distributions, via a reversible jump 
algorithm or a Metropolis-Hastings scheme (George et al., 1999 ; Rosa et al., 2002). The 
parameters in θ are updated, as before, by drawing from Gaussian and Inverse-Gamma 
distributions. The updating of λ and q is also similar. However, here, we have characterized 
well the dependency of these parameters on τ and β. The conditional distributions with 
densities  and  depend on the current values of τ and β, 
updated in each iteration of MCMC. 
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SIMULATION STUDY 
A simple situation was considered. A segment of a chromosome, with 3 markers and 1 QTL 
was assumed. Marker M1 was taken as reference, and placed at one end of the linkage group. 
Markers M2 and M3 were simulated at 17.83 and 40.93 cM from the reference. The QTL was 
located between M2 and M3, at 23.10 cM. The recombination rates between M1 and M2, M2 and 
the QTL, and the QTL and M3 were 0.15, 0.05 and 0.15, respectively. Parameters µ , α and σ2 
were set at 20.0, 3.0 and 10.0, respectively. Several data sets were simulated, adopting a 
backcross design and 150 progenies in each replicate. From all simulated sets, two specific 
ones were selected on the basis of their genetic marker map estimates. These data sets, denoted 
as ‘short’ and ‘long’, correspond to data sets where the estimated positions of markers M2 and 
M3 were smaller and longer than the actual values, respectively. The estimated positions of 
markers M2 and M3, using the Bayesian map construction procedure discussed earlier, are 
presented in Table 1. 
 
Table 1. Posterior means and standard deviations of genetic marker locations for the two 
data sets 
 

Data sets M2 M3 
Short 13.65 ± 3.29 33.85 ± 6.12 
Long 25.16 ± 5.36 51.68 ± 7.75 
Actual values 17.83 40.93 

 
The two data sets were analyzed for QTL inferences in 3 situations. First, the QTL screening 
was performed assuming the actual genetic marker map was known without error. This 
represents the best situation for studying QTL. However, this situation is usually unrealistic. 
The other two analyses considered the marker locations as unknown. The first analysis under 
this assumption used the two-step procedure discussed previously. Here, the genetic marker 
map was estimated (as presented in Table 1), and the QTL analysis was performed 
conditionally to those point estimates. The last alternative analysis was based on the joint QTL 
analysis and map construction as proposed in this study. Flat priors were assumed for all 
analyses. A burn-in period of 1,000 iterations was adopted, followed by 50,000 iterations with 
thinning intervals of 10. Table 2 shows the posterior means and standard deviations for the 
location and effect of the QTL, as well as for other parameters. The results for the data set 
‘short’ show that the two-step approach overstates the precision of the QTL location. The 90% 
credibility interval for the QTL location in the two-step approach was [14.57; 21.64], and this 
does not contain the actual position of the QTL in the chromosome. In the case of the joint 
procedure, the lower and upper limits of the 90% credibility interval for the QTL position were 
[1.32; 26.96]. Similar results were also observed for the data set ‘long’. The limits of the 
interval (90%) for the QTL position, for the two-step and for the joint procedures, were [24.09; 
34.07] and [5.32; 41.54], respectively. Table 3 presents the recombination rate estimates 
between the QTL and its closest marker (M2) for the two data sets. Again, when uncertainty 
associated to the marker loci map is ignored, the precision of  the QTL analysis is overstated. 
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Table 2. Posterior means and standard deviations of QTL location and other parameters 
of the model for the two data sets 
 

Data set and Method λ µ α σ2 

Data set ‘Short’     
Known Map 22.24 ± 2.72 19.8 ± 0.29 3.02 ± 0.29 11.2 ± 1.40 
Two-step 17.78 ± 2.30 19.8 ± 0.29 3.02 ± 0.29 11.2 ± 1.40 
Joint 14.08 ± 7.54 19.8 ± 0.30 2.84 ± 0.38 12.3 ± 1.98 

Data set ‘Long’     
Known Map 21.24 ± 2.80 20.11 ± 0.25 2.88 ± 0.25 8.68 ± 1.07 
Two-step 28.96 ± 3.04 20.11 ± 0.25 2.88 ± 0.25 8.66 ± 1.09 
Joint 24.76 ± 10.9 20.12 ± 0.26 2.75 ± 0.33 9.31 ± 1.62 

Parameter values 23.10 20.0 3.0 10.0 
 
Table 3. Posterior means and standard deviations of the recombination rate (%) between 
the QTL and the marker (M2) for the two data sets 
 

Method Short Long 
Known Map 4.36 ± 2.12 3.52 ± 2.19 
Two-step 3.91 ± 1.88 4.08 ± 2.34 
Joint 5.38 ± 3.69 6.81 ± 5.04 
Parameter value 0.05 0.05 

 
CONCLUSION 
The joint QTL search and map construction seems to give more reliable results, relative to the 
standard two-step procedure. These results should lead to a better assessment of the merit of, 
say, marker assisted selection (MAS). Researchers and/or breeders may focus on a specific 
QTL assumed to be tightly linked to a specific marker based on the results from a two-step 
procedure, when this is not the case. In many instances, the outcome of MAS may not conform 
to the expectations due to the estimation error of the QTL position and/or its effects. We have 
considered a simple situation, with 3 markers, 1 QTL, and a backcross design. The 
methodology can be adapted to more general situations, e.g., more markers, different 
chromosomes, multiple QTLs, dominance and epistatic effects, and different designs. 
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