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Abstract : This article studies the cases of “traffic accidents” in civil cases of the legal field, and expects to achieve
automatic judgment on the “traffic accident” data set. This paper collects data texts from the "China Judgment Docu-
ment Network" and classifies them according to two classification modes, namely coarse-grained classification and
fine-grained classification, coarse-grained classification into 4 categories, fine-grained classification into 8 categories,
and manually label the texts. Three models are used in this paper: SVM-based model, BI-GRU-based model, and Atten-
tion+BI-GRU-based model. The experimental results of the three models show that: In this data set, when the data is
coarse-grained, the F1 value of the model based on Attention+BI-GRU is 80.26%, the model based on SVM is 77.24%,
and the model based on BI-GRU is 72.65%. In the fine-grained classification, the F1 value based on the BI-GRU model
is 48.59%, the SVM-based model is 38.29%, and the Attention+BI-GRU based model is 40.87%.
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