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Abstract

With the rapid development of e-commerce platforms, how to improve user loyalty to the platform
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and stabilize customer flow, and then adjust the direction of platform operation to obtain sustained
revenue, has become a key issue that e-commerce platforms urgently need to solve. Recommenda-
tion systems commonly used in e-commerce platforms utilize user’s purchase, collection, browsing
and other data to recommend commodities to users using specific algorithms. In this study, we pro-
pose a new solution for commodity recommendation based on the fusion model of LightGBM and
deep interest network Stacking. The model extracts the corresponding commodity features and user
features based on the user’s transaction records in the past year, integrates a collaborative filter-
ing multiplexed recall strategy with these features, and uses them as inputs to the model in order
to predict the commodities that the customers placing the order are likely to purchase and make
commodity recommendations. The research results show that the model proposed in this paper has
higher accuracy, faster prediction speed, and better recommendation effect than other commonly
used recommendation algorithms on the test data. These findings provide e-commerce enterpris-
es with opportunities to improve their services, provide useful references and lessons for related
research and practice, and provide valuable references and assistance in solving the problem of
commodity recommendation.
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Figure 1. Schematic diagram of a multiplexed recall
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Figure 2. Heat map of commaodity-related features
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Figure 4. Fusion modeling framework of commodity recommendation based on DIN and LightGBM
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Figure 6. DIN model results
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