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Geographically Weighted Regression for Compositional Data
Considering the Constant Sum-Constraint and Correlated Errors
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Abstract: This study proposes geographically weighted seemingly unrelated regression for
compositional data (GWSURcoda) by combining geographically weighted regression (GWR),
seemingly unrelated regression (SUR), and compositional data analysis (CoDA). GWR allows the
modeling of spatial heterogeneity in regression models and is increasingly used in various fields. SUR
assumes correlated errors among regression models. CoDA provides unique and useful tools for
compositional data, which are restricted by a constant-sum constraint. It allows us to model spatially
varying relationships with considering correlated errors and the constant-sum constraint. We apply
GWSURcoda to analyze household income compositions at the county-level in the US. The spatial
varying compositional semi-elasticities showed insightful and easy interpretation to understand spatial
heterogeneity.
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