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Abstract

Learning user’s preference is a key issue in intelligent system such as personalized service. The study
on user preference model has adapted simple user preference model, which determines a set of preferred
keywords or topic, and weights to each target. In this paper, we recommend multi-perspective user
preference model that factors sentiment information in the model. Based on the topicality and sentimental
information processed using natural language processing techniques, it learns a user’s preference. To
handle time-variant nature of user preference, user preference is calculated by session, short-term and long
term. User evaluation is used to validate the effect of user preference learning and it shows 86.52%,
86.28%, 87.22% of accuracy for topic interest, keyword interest, and keyword favorableness.
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Fig. 1. Interest-Sentiment User Preference Model
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