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INTRODUCTION
Gaussian linear mixed models are widely used in quantitative genetics. This last decade,
emphasis has been made on such models with heterogenous variances (Foulley et al., 1990).
Joint modelling of effects on variance together with effects on the mean (Meuwissen et al.,
1996 ; Robert-Granié et al., 1999) is of particular interest. This kind of models is relevant in
situations for which the variance of the trait needs to be evaluated accurately. For example in
canalising selection (SanCristobal et al., 1998), or simply to take into account a complex
heterogeneity structure in the variances that can bias dramatically the fitting of position
parameters (Hill, 1984).
The main difficulty when estimating the parameters of this kind of model is to assess the
quality of the fit, for example by deriving consistent estimation variances.
In this paper, two (re)sampling methods of computing the estimation variances of the
dispersion parameters (i.e. parameters involved in the modelling of the variance) are tested :
the first one is a bootstrap approach and the second an MCMC (Monte Carlo Markov Chain)
method, dealing with an equivalent Bayesian model. A comparison is made with asymptotic
theory. The framework is voluntary restricted to fixed effect models as no bootstrap method is
up to now available for double generalized mixed models. Although the philosophies of
frequentist and Bayesian statistics are opposite, numerical comparisons of estimation bias and
variance are performed.

MODEL AND METHODS
Model. The phenotype ( ijy ) is represented as following :

ijiij
iey εβ δqx +=

where i=1,...,n; n is the number of cells and j=1,...,ni; ni is the number of repetitions for the ith

cell. ix and iq are incidence vectors, β and δ are fixed effects in the case of the bootstrap
(frequentist approach) and effects with uniform priors in the MCMC context (Bayesian
approach). { }

injniij ,...,1;,...,1 ==
= εε is a random standardised Gaussian vector of residuals.

The Maximum Likelihood estimators MLβ  and MLδ of this model can be computed via an
iterative algorithm (Smyth, 1989 ; Moulton and Zeger, 1989).
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Bootstrap. A generalised linear model linking the phenotype y with fixed effects β and δ is set
up as in McCullagh and Nelder (1989). The model is separated into two distinct parts, one
corresponding to the effect β on the mean of a first covariate ix  : 

and a second describing the effect δ of another covariate iq  on the variance of y :

with hij=(yij-µi)².
A resampling on the residuals allows to compute the empirical distributions of the parameters
(β and δ).
Denoting by e={eij}i=1,...,n;j=1,...,ni the vector of Pearson standardised residuals of the model on
the mean, we compute B approximate errors vectors e*(b)  by resampling in e. Bootstrap
responses y*(b) and further bootstrap estimates β*(b) can be derived by replacing e by e*(b)

(Efron and Tibshirani, 1993 ; Zabalza-Mezghani, 2000). The resampling on model (3) for the
variance follows the same scheme (bootstrap on standardised Pearson residuals of model (3),
reconstruct h*(b) then δ*(b)).

MCMC. The model considered here is a Bayesian one :

taking uniform non informative priors on β and δ to mimic the frequentist approach.
In order to obtain the posterior marginal distributions of the parameters β and δ, the
conditional posterior densities of these parameters are derived and a Gibbs sampling algorithm
is then performed (see e.g. Robert, 2001).

SIMULATIONS
One data set was simulated and corresponding results are presented in detail in order to
illustrate the ML, bootstrap and MCMC approaches. A very simple balanced design was
chosen with n = 16 cells (4 levels for β crossed with 4 levels for δ) and ni = 100 observations
per cell. The true values of the parameters (β and δ) were randomly drawn from a uniform
distribution in the interval [-1.5,1.5]. The bootstrap sample for β1 (resp. δ1) is given in the left
(resp. right) low part of figure 1, while the MCMC empirical posterior distributions are
presented in the upper part of the same figure. There is no statistical difference between the 3
approaches. 

100 data sets were randomly drawn as described previously (the number of 100 corresponds
to a coefficient of variation for the dispersion parameters approximately equal to 15 %).
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Average bias, sampling variance and Mean Squared Error were calculated over 100 data sets
and are presented in tables 1 and 2 for the 3 approaches (ML, bootstrap and MCMC).

Table 1. Results for β (statistics averaged over the 4 elements of β)

MSE Bias Variance

ML 0.008 0.0006 0.0947
Bootstrap 0.011 0.0038 0.0950
MCMC 0.008 0.0007 0.0041

Table 2. Results for δ (statistics averaged over the 4 elements of δ)

MSE Bias Variance 
ML 0.0099 -0.0119 0.0852
Bootstrap 0.0156 -0.0124 0.0854
MCMC 0.0098 0.0066 0.0047

s
Figure 1. Distributions for Bootstrap and MCMC sample
n of additive and non-additive genetic parameters Communication N° 17-12
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Results. Bootstrap shows higher bias compared with ML and MCMC, particularly for the β’s.
This surprising result was also described in Friedl (1995). MCMC is the least variable method
and it reduces the bias of nearly 50 % in the estimation of the δ. 

CONCLUSION
The two techniques presented here in a fixed effect framework would be more interesting in
quantitative genetics if random effects could be included. This is not a problem for the MCMC
model in the Bayesian scheme, as it only requires changes in the posterior distributions and the
use of Metropolis Hastings algorithm in addition to Gibbs sampling.
The case of bootstrap is more delicate, as no literature on the subject is yet available.
Other situations will be studied, with decreased information per cell. In this case,
computationally intensive methods, in particular MCMC, are expected to perform at best,
taking into account reduced sample sizes.
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