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Abstract. Accurate and precise knowledge about the distribution and evolution of a disease in space
and time is crucial to develop health policies and to help researchers to look into risk factors related
to the disease. During the last years, the availability of modern computers has made it possible the
development of statistical models and estimation techniques to analyze spatio-temporal data. Such
spatio-temporal models have been used in disease mapping to study how a disease evolves in space
throughout the years. It is common in practice to study age-standardized mortality or incidence risks
or rates such that a single measure is provided for the whole region and all age groups. However, if the
evolution of the disease is not the same among the age groups, age-specific rates within each region
should be provided. In this work, several age-space-time models are considered and fitted to study the
evolution of age-specific rates along time in different small areas. Spanish prostate cancer mortality
data during the period 1986-2010 will be used for illustration.
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1 Introduction

Disease mapping comprises a collection of statistical tools to describe and analyze the spatial or the
spatio-temporal distribution of a disease. A deep knowledge and understanding of such spatio-temporal
trends is very important for epidemiologists and health policy makers to allocate the more and more
scarce resources, to detect and reduce risk factors and to implement prevention-intervention programmes.

Conditional autoregressive (CAR) models have been widely used to smooth risks in space and space-
time (see for instance Ugarte et al., 2006 and Knorr-Held, 2000, for space and space-time models respec-
tively), typically aggregating counts over all age groups in the population, based on the assumption that
the region and time effects are the same over all age groups. However, if the age groups are not equally
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affected by the disease, this may not be informative, and consequently the geographical and temporal
evolution of mortality or incidence is different among the age groups. To deal with the effect of age
(or other variables), some research has been conducted to model relative risks or rates by age groups.
For example, Dean et al. (2001) consider a CAR model to smooth risks with a region-age interaction
term and develop a score test to assess its significance, while Zhang et al. (2006) consider rates and
propose a model to describe interaction effects among demographic variables such as age, region effects
and temporal effects on colorectal cancer incidences.

In this paper mortality rates by region, time and age groups are smoothed to have a complete pic-
ture of the spatial variation and temporal evolution of mortality. The main goal of this work is to detect
different spatio-temporal patterns according to the age groups the population is divided into. Addition-
ally, the use of rates makes it possible to directly compare the mortality figures among regions and age
groups. Firstly, additive models with CAR structures for the region, time and age effects will be taken
into account, but these models may not be appropriate in practice as space-time, space-age and time-age
interactions can occur (see for instance Knorr-Held and Besag, 1998). Consequently, interaction models
of the type described by Knorr-Held (2000) are considered. An approximate method for Bayesian in-
ference based on nested Laplace approximations, INLA (Rue et al, 2009), will be used for model fitting
and inference. A spatial prior for the region effect proposed by Leroux et al. (1999) will be used instead
of the widely used spatial prior given by Besag et al. (1991). The reason is that this latter prior has been
shown to yield negative correlations for regions far apart (see MacNab, 2011; Botella-Rocamora et al.,
2013). The Leroux spatial prior can be implemented in INLA (see Ugarte et al., 2014). The results will
be illustrated with Spanish prostate cancer mortality data during the period 1986-2010.
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