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Stable geographically weighted Poisson regression for sparse count data

Daisuke Murakami*, Narumasa Tsutsumida**, Takahiro Yoshida*** Tomoki Nakaya****

Geographically weighted Poisson regression (GWPR) is widely used for spatial regression analysis of
count data. However, it tends to be unstable because of a fundamental drawback of Poisson regression.
To overcome the drawback, we introduce a log-linear approximation to estimate GWPR without relying
on the conventional Poisson regression framework. The proposed approach approximates GWPR using
the basic GWR modeling technique with transformed explained variables. Monte Carlo experiments
demonstrate that the proposed GWPR outperforms the conventional GWPR in terms of estimation
accuracy and computationally efficiency. The proposed GWPR is applied to a crime analysis, and

demonstrated its usefulness empirically.
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