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1

Tab.1 Continuous variable features statistics summary

TAZ km? 2.453 0.463 18.055 2.183
20. 240 0 1 840 23.560
15.570 4 124 15.019
0.692 0 9 1.116
35.502 7 244 35.778
km 3.600 0 4.428 1.615
km 1. 818 0 2.452 0.769
km 24.562  16.835 83.470 0. 787
km « km 2 10.136 6.628 32.756 3.024
pcu 10 349.267 4 400 15233 1 051.730
pcu 10 309.342 2400 16 936 1 130.600
388. 764 0 745 77.140
394. 385 0 645 63.770
2
Tab.2 Categorical variable features statistics summary
/%
0 22.4
1 28.9
2 11.0
3 11.0
4 7.6
5 9.1
6 7.2
7 2.7
0 1~2 22.4
1 3~5 27. 4
2 50. 2
0 70.7
1 29.3
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3 CAR
Tab.3 Modeling results of Bayesian Negative Binomial (NB) CAR model and Bayesian NB model
CAR
95% 95%
0. 7120 0.083 1 (0.599,0. 826) 1.546 0 0.742 7 (0.687,2.583)
0.039 3 0.031 6 (0.008,0.081) 0.062 1 0.046 2 (0.016,0.133)
3.770 0 1.130 0 (1.592,6.342) 3.974 0 1.830 0 (1.764,6.213)
—0.159 3 0.1751 (—0.391,—0.125) —0.216 1 0.203 1 (—0.433,0.085)
0.082 0 0.061 4 (0.019,0.152) 0.062 3 0.010 5 (0.043,0.095)
3~5 0.319 5 0.108 9 (0.202,0.437) 0.135 8 0.104 0 (0.097,0.274)
0.413 5 0.028 3 (0.397,0. 450) 0.242 3 0.115 6 (0.103,0. 412)
0.009 1 0.002 6 (0.006,0.012) 0.013 5 0.006 4 (0.005,0.021)
—0.166 4 0.097 1 (—0.280,—0.062) —0.8210 0.379 0 (—0.128,—0.461)
CAR - — - 0.373 4 0.147 0 (0.231,0. 544)
1~2 s
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, CAR . Hadayeghi ™"
N N N TAZ
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TAZ 95%
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) 1 . TAZ
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