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1 Introduction

Disease mapping tackles the problem of providing a description
of the geographical variation of disease by means of estimating
disease risk in small areas. Given the number of factors that
may effect the spatial variation of the risk, it is very important
to take into account possible risk factors and spatial interaction
between areas. If data have been collected at different times,
temporal effects can be explored too.
Hence, the estimation of the risk of disease can lead to the for-
mulation of complex spatial or spatio-temporal models whose
parameters need to be estimated. Hierarchical Bayesian models
can handle different types of effects and sources of variation,
and provide a unified way of dealing with the uncertainty of
the estimation of the parameters of the model. In a Full Bayes
(FB) setting, all the parameters are assigned prior distribution
whose parameters are also assigned hiperprior distributions to
cope with their possible variability. The estimation procedures
can be done by using Markov Chain Monte Carlo simulation
techniques. Alternatively, the parameters of the model can be
estimated by maximising their posterior distribution. This is
known as Empirical Bayes (EB) estimation.

2 Empirical Bayes Estimators

Clayton and Kaldor (1987) proposed two simple Empirical Bayes
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(EB) estimators based on the Poisson-Gamma and log-Normal
model that borrowed information from all the small areas but
without considering the spatial configuration of the small areas.
Marshall (1991) proposed an EB estimator without assuming
a prior distribution for the relative risks but only their priori
mean and variance. All these EB estimators produce estimates
of the disease risk that are a compromise between the direct
estimate of the risk (usually, the Standardised Mortality Ratio)
and the prior mean of all the relative risks.
Marshall (1991) also developed another EB that used only lo-
cal information and, hence, produce estimates that are shrunk
towards the local mean.
EB estimators have been criticised because they provide esti-
mates that they are too shrunk towards the global (or local)
mean. Furthermore, this is also reflected in the distribution of
the set of estimates which has less variability than that of the di-
rect estimates. Devine and Louis (1994) considered constrained
EB estimators that produce estimates whose joint variation is
similar to that of the raw data.

3 Full Bayes analysis for disease mapping

Best et al. (2005) summarise the most recent Hierarchical Ba-
yesian models that are used for disease mapping using Full Bayes
(FB) estimation. Knorr-Held (2000) describes four possible in-
teractions between space and time that can be used to construct
spatio-temporal models for disease risk. Inference is made by
using Markov Chain Monte Carlo techniques that provide an
estimate of the posterior distribution of the parameters of the
model.
The spatial interaction is usually modelled by mean of a Condi-
tional Autoregressive model(Waller and Gotway, 2004), so that
only the effects of nearby areas are included. In a similar way, the
temporal effects use an Autoregressive model that measures the
relation of the values in one area at different times. Finally, both
space and time effects can interact. Unfortunately, considering
some or all these effects at the same time may cause problems



of identifiability of the effects, and further assumptions may be
needed.

4 Empirical versus Full Bayes estimation

Bernardinelli and Montomoli (1992) made a comparison of EB
and FB estimation procedures with models that dealt with the
geographical variation of disease. As they point out, the FB is
preferable because it considers the uncertainty of the parameters
of the model whereas EB estimation conditions the estimation
on point estimates of the parameters of the model. Hence, EB
estimates may be less accurate. On the other hand, FB proce-
dures usually are more computer intensive.
Nevertheless, EB estimators have probed useful, for example, to
provide initial assessment of disease risk in the context of Geo-
graphical Information Systems for Spatial Epidemiology, where
large amounts of data are managed and the algorithms used
must be rapid and not very computer intensive (Aylin et al.,
1999). If the exploratory analysis indicates that there is a strong
risk variation between areas, a FB estimation can be used to de-
tect clusters of disease, for example.
The aim of this work is to compare different EB estimators and
FB analysis for spatio-temporal-models. We describe how time
can be incorporated following the guidelines proposed by Knorr-
Held (2000) to produce spatio-temporal EB estimators.
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