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Geographic Segmentation Analysis of the Rental Housing Market Focusing on Sub-regional
Differences in Rent-determining Factors Using Bayesian Estimation:
An Application of the Bayesian Generalized Group Lasso

Yoichiro Hemmi*, Ryo Inoue**

Abstract: The real estate market is often segmented into sub-regions with distinct rent formation mechanisms.
This study extends research on geographic market segmentation by incorporating Bayesian estimation into the
Generalized Group Lasso (GGL) framework. Specifically, for each explanatory variable we set region-specific
coefficients that measure deviations from the study-wide mean effect, and place sparse multivariate-Laplace priors
on them. The model defines sub-regions at the Chome level and explicitly accounts for adjacent relationships
between them. This approach enables both the detection of spatial heterogeneity in rent determinants and the
quantification of parameter uncertainty. The proposed Bayesian GGL model is applied to rental apartment data in
Suginami Ward, Tokyo. The results demonstrate differences in the evaluation of rent determinants across
neighborhoods, providing new insights into the geographic segmentation of the rental housing market.
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