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Abstract

As the Internet retail industry continues to rise, more and more consumers choose to shop online,
especially Chinese consumers. Using consumer behavior data left on the Internet to predict repeat
purchase behavior is of great significance for companies to achieve precision marketing. This article
uses historical behavior data on the e-commerce platform to predict consumer repurchase beha-
vior, which will help improve user’s experience and marketing effects. A neural network-based
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consumer repurchase behavior prediction model is proposed to realize the automatic extraction
and selection of user’s attributes, commodity attributes and user’s behavior characteristics, and to
predict consumer repurchase behaviors. Experimental results on the data set of Alibaba’s mobile
e-commerce platform show that the F1 value of the neural network-based prediction model is im-
proved by an average of 7%~11% compared with the benchmark model.
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Figure 1. Schematic diagram of artificial neural network
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Table 1. Predictive characteristics of consumer repurchase behavior
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Table 2. Confusion matrix of user’s repurchase behavior
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Table 3. Algorithm parameter settings of each model
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Table 4. Comparison of precision rate, recall rate and F1 value of four user’s repurchase be-
havior prediction models
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Figure 2. F1 change line chart of four models
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