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Bayesian Sparse Covariance Structure Analysis
for Correlated Count Data
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Abstract: In this paper, we propose a Bayesian Graphical Lasso for correlated countable data and apply it
to spatial crime data. In the proposed model, we assume a Gaussian Graphical Model for the latent variables
which dominate the potential risks of crimes. To evaluate the proposed model, we determine optimal hyper-
parameters which represent samples better. We apply the proposed model for estimation of the sparse inverse
covariance of the latent variable and evaluate the partial correlation coefficients. Finally, we illustrate the
results on crime spots data and consider the estimated latent variables and the partial correlation coefficients
of the sparse inverse covariance.
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Fig. 1 The graphical model of the proposed model
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Fig. 2 (a) shows the estimated partial correlation coefficients of © and (b) shows the

true partial correlation coefficients of €2.
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Fig. 3 The visualization of sparse partial correlation coefficients between areas on Port-

land city’s map. The thickness of the curved black lines shows the magnitudes

of the coefficients.
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