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Macro-level transportation safety modeling based on
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Abstract: On the basis of the data of Orange County, Florida, USA, this paper describes the macro-
scopic transportation safety modeling at traffic analysis zone(TAZ) level, extracting effective indices
of road network patterns, traffic features and other impact factors. The advanced Bayesian spatial sta-
tistical model is used to investigate the relation between transportation safety and impact factors at
TAZ level. The Bayesian conditional autoregressive regression(CAR) model is used to analyze the da-
ta of spatial correlation. The road network pattern of the zone is calculated by the theory of topology.,
and a significant relation between the road network pattern and safety is proved.
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