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Abstract

Traffic safety is closely related to people’s lives. The severity of traffic accidents has a great impact
on society and people’s lives. This paper chooses random forest and logistic regression algorithm
to construct a traffic accident severity prediction model, and makes a prediction and comparative
analysis of the severity of traffic accidents. It shows that stochastic forest model has better predic-
tion effect, and ranks the characteristics that affect the severity of traffic accidents. It can judge
which factors have greater impact on the severity of traffic accidents. It provides reference and
suggestions for traffic road infrastructure construction, as well as for the prevention and reduc-
tion of the severity of traffic accidents.
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Figure 1. Random forest model ROC curve
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Table 2. Importance of features
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Figure 2. Logistic regression model ROC curve
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Table 3. Comparison of the two models
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Figure 3. Comparison between random forest and logistic regression model ROC
curve
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