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Abstract: As part of the process of risk prevention and control, the customs supervision department requires risk
analysts to manually classify risks of various commodities based on their experiences of risk management. This paper uses
several classification meodels, such as logistic model, decision tree model, and random forest model, to optimize risk control
process. Risk assessment results of specific commodities can be obtained by inputting customs declaration data into the
classification models. Thus the results assist risk analysts to make correct judgments. The proposed model is verified through
experiments., The results show that it is an intelligent method and can effectively overcome the shortcomings in manual risk
control, complete the intelligent risk control, and further maintain the security of national ports.
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Fig.1 Decision tree parameter selection
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4 G EEB T (G (Performance evaluation of

classification models)
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