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Time-sustainable Multi-interest Preference Recommendation System

YIN Yi, LIN Yu-Bin, ZHANG Wei

(Hubei Provincial Key Laboratory of Intelligent Information Processing and Real-time Industrial System, College of Computer Science
and Technology, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: In recent years, the recommendation system has become a hot spot in the field of data analysis and mining, as
well as information retrieval. However, there are still problems in some recommendation systems serving the multi-
interest preferences of users. Firstly, the users’ interests are not single, and the preference for mlﬂtifﬂe interests is not
equal. Secondly, it is not sure whether the users’ current interests will continue in the future. Therefore, this study
proposes a MIES algorithm model by utilizing the items that users participate in tv!o generate multiple interests and capture
the sustainability of their personalized interests. The model effectively captures users’ diverse latent interests while
emphasizing the sustainability of their interests, thus improving the quality of recommendations. Comparative
experiments demonstrate that the model effectively addresses the challenges of capturing users’ multidimensional
interests in recommendation systems gnd ensuririg the sustainability of personalized interests.

Key words: data analysis and mining; multi-interest preference; personalized interest; sustainability; recommendation system
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