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Research on Predicting Accident Risk from Driving Behavior by
Statistical Prediction and Machine Learning
Student :  Szu-Han, Chang Advisor : Dr. Jin-Yuan Wang

Department of Transportation and Logistics Management

National Yang Ming Chiao Tung University
Abstract

The prediction of accident risks enables the identification of high-risk drivers and high-
risk factors. However, previous related studies often encountered challenges in the length of
collecting accident data and insignificance when including too many variables. To address these
challenges, this study aims to propose a comprehensive accident risk prediction method, which
can be divided into three parts: rapid establishment of accident risk indicators, extraction and
selection of risk influencing factors, and establishment and selection of accident risk prediction
models. The establishment method for accident risk indicators involves inputting ADAS
warnings into K-means to cluster accident risk groups. The results of comparing group means
and group means difference tests are used to name the accident risk groups. The method for
extracting and selecting risk influencing factors involves extracting driver behavior
characteristics and environmental factors, and then using t-tests, RFE, and Lasso to identify
important variables. The method for establishing and selecting accident risk prediction models
involves training logistic regression, discriminant analysis, decision trees, and SVM. The
average AUC is used to identify the best model. This study utilized ADAS warnings data and
driving data from the bus in Taipei metropolitan area to empirically test the aforementioned
analytical methods. The results are as follows: Drivers are divided into relatively low-risk and
relatively high-risk groups, and the number of ADAS warnings differs significantly between
the two groups. Therefore, there is a significant difference in accident risk between the two
groups. The results of the three variable selection methods are not entirely consistent. It is
advisable to consider all three methods comprehensively. The final model is logistic regression

due to its highest average AUC.

Keywords: accident risk, driving behavior, variable selection, statistical prediction, machine
learning
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gap_min <0.001 1 94 3 1.16 3 2.33
gap_ql <0.001 2 75 7 1.64 2 3.67
speed_std <0.001 11 105 1 0.58 4 5.33
speed_max <0.001 5 100 2 0.11 13 6.67
gap_std <0.001 14 77 6 1.97 1 7.00
speed_q1 <0.001 9 91 4 0.27 9 7.33
gap_mean <0.001 3 24 17 0.53 5 8.33
speed_mean <0.001 4 46 13 0.13 11 9.33
gap_max <0.001 16 85 5 0.28 8 9.67
speed_g3 <0.001 6 49 12 0.10 14 10.67
speed_skewness <0.001 18 68 9 0.35 6 11.00
gap_g3 <0.001 10 37 15 0.24 10 11.67
night 0.20 19 50 11 0.35 7 12.33
speed_min <0.001 12 70 8 0.02 19 13.00
gap_skewness <0.001 15 33 16 0.12 12 14.33
speed_kurtosis <0.001 17 53 10 0.03 18 15.00
gap_g2 <0.001 8 7 21 0.04 17 15.33
gap_kurtosis <0.001 13 42 14 0.01 20 15.67
speed_Q2 <0.001 7 13 20 0.00 21 16.00
workpeak? 0.39 20 19 18 0.05 15 17.67
workpeakl 0.52 21 17 19 0.04 16 18.67
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gap_min 2.33 1 2
gap_ql 3.67 2 2
speed_std 5.33 3 2
speed_max 6.67 4 A
gap_std 7.00 5 2
speed_q1 7.33 6 2
gap_mean 8.33 7 2
speed_mean 9.33 8 2
gap_max 9.67 9 2
speed_q3 10.67 10 2
speed_skewness 11.00 11 A
gap_g3 11.67 12 2
night 12.33 13 £
speed_min 13.00 14 2
gap_skewness 14.33 15 2
speed_kurtosis 15.00 16 2
gap_g2 15.33 17 2
gap_kurtosis 15.67 18 &
speed g2 16.00 19 &
workpeak?2 17.67 20 Z
workpeakl 18.67 21 Z
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4 441 & 7T AUC
ey SVM R 2 fF 2] 5] A 47
35 AUC 0.678 0.568 0.747 0.735

4.4.2 B ¥ H7)

Bt priw e R e T Ao PHE NP 1T BREY (3§ T ) B EETIOE
BFEQ2 BFEQ3 hp EAN 005 AT AEG B A BK (ERES KR LE )
)’I&{t“i REHIT LGB EL I HEF -7 2L R duulja,ért p EEk*z #FE Q2 £ £47
£ 3 e

442 REfEERESE-

5 i I 2 Z i p iE
(Intercept) 0.740 0.676 1.096 0.273
speed_mean 0.149 0.059 2.538 0.011
speed_std -0.600 0.037 -16.150 0.000
speed_skewness -0.395 0.072 -5.478 0.000
speed_Kkurtosis -0.034 0.011 -2.990 0.003
speed_min -0.015 0.003 -5.312 0.000
speed_ql -0.282 0.034 -8.314 0.000
speed_qg3 0.089 0.033 2.748 0.006
speed_max 0.118 0.009 12.438 0.000
gap_mean -0.537 0.567 -0.946 0.344
gap_std -1.579 0.245 -6.449 0.000
gap_skewness -0.248 0.050 -4.928 0.000
gap_min -1.065 0.120 -8.860 0.000
gap_ql -1.629 0.287 -5.683 0.000
gap_g2 -0.142 0.290 -0.488 0.626
gap_qg3 0.228 0.149 1.531 0.126
gap_max 0.276 0.041 6.810 0.000
night -0.357 0.108 -3.308 0.001

AETEFIIE T RF REL EATR AN DI REFEEF A L P B
Q216> 2FETIDEME 2R Q3 MR HF » 4ok 422 e F 2 IEQ3 > £ LATIfR
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443 RFArREFSE
S 15 35 Z i p e
(Intercept) 0.760 0.675 1.126 0.260
speed_mean 0.149 0.059 2.542 0.011
speed_std -0.600 0.037 -16.157 0.000
speed_skewness -0.396 0.072 -5.481 0.000
speed_kurtosis -0.034 0.011 -2.985 0.003
speed_min -0.015 0.003 -5.313 0.000
speed_ql -0.282 0.034 -8.317 0.000
speed_qg3 0.089 0.033 2.752 0.006
speed_max 0.118 0.009 12.442 0.000
gap_mean -0.712 0.439 -1.623 0.105
gap_std -1.546 0.236 -6.561 0.000
gap_skewness -0.247 0.050 -4.911 0.000
gap_min -1.057 0.119 -8.876 0.000
gap_ql -1.625 0.287 -5.671 0.000
gap_qg3 0.228 0.149 1.531 0.126
gap_max 0.275 0.040 6.794 0.000
night -0.357 0.108 -3.302 0.001
% 444 %Eirw e % =
> i A y ANz piE

(Intercept) 0.797 0.673 1.185 0.236
speed_mean 0.151 0.059 2.566 0.010
speed_std -0.596 0.037 -16.101 0.000
speed_skewness -0.393 0.072 -5.443 0.000
speed_Kkurtosis -0.033 0.011 -2.942 0.003
speed_min -0.015 0.003 -5.277 0.000
speed_ql -0.282 0.034 -8.316 0.000
speed_q3 0.088 0.032 2.716 0.007
speed_max 0.117 0.009 12.385 0.000
gap_mean -0.394 0.386 -1.020 0.308
gap_std -1.571 0.233 -6.730 0.000
gap_skewness -0.250 0.050 -4.978 0.000
gap_min -1.072 0.119 -9.040 0.000
gap_ql -1.692 0.283 -5.976 0.000
gap_max 0.276 0.040 6.826 0.000
night -0.356 0.108 -3.294 0.001
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% 445 REirofFiie

5 1 2 25 Z B p e
(Intercept) 0.492 0.605 0.813 0.416
speed_mean 0.154 0.059 2.630 0.009
speed_std -0.592 0.037 -16.093 0.000
speed_skewness -0.387 0.072 -5.382 0.000
speed_kurtosis -0.033 0.011 -2.886 0.004
speed_min -0.015 0.003 -5.257 0.000
speed_ql -0.281 0.034 -8.304 0.000
speed_qg3 0.087 0.032 2.693 0.007
speed_max 0.116 0.009 12.389 0.000
gap_std -1.663 0.216 -7.698 0.000
gap_skewness -0.236 0.048 -4.884 0.000
gap_min -1.098 0.116 -9.476 0.000
gap_ql -1.949 0.129 -15.161 0.000
gap_max 0.267 0.039 6.766 0.000
night -0.357 0.108 -3.308 0.001
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