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Bayesian spatial cluster detection based on sparse modeling

Ryo Masuda*, Ryo Inoue**

Abstract: Spatial cluster detection has been one of the focus areas in spatial analysis. Its objective is to
identify clusters from the spatial distribution of point events aggregated at small area units. In recent
years, sparse modeling has been utilized for cluster detection. Sparse modeling-based methods have the
advantage of explicitly taking covariates observed at each area into account by employing regression
models. However, the existing estimation method fails to offer information on the reliability of estimated
parameters, which is useful in assessing the results. Therefore, this study extends the sparse modeling-
based cluster detection method to the Bayesian framework and examines the practicability of the

proposed method with simulation data.
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