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Collaborative filtering recommendation algorithm combined with
user interest degree clustering

Huang Xianying, Long Shuyan®, Xie Jin
(School of Computer Science & Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: Aiming at the problem of ignores the user's interest in the key words and the data sparseness in traditional collaborative
filtering algorithm. We proposed a collaborative filtering recommendation algorithm combined with the user interest degree
clustering. We using user ratings for projects and extracting keywords from item attributes. A new Rating Frequency-Inverse
Item Frequency algorithm is proposed. According to the target users' scoring frequency for a key word and the frequency of the
keyword being evaluated by all users. We get users' preferences for keywords, form user preference matrix, and cluster on the
basis of this matrix. Then we use logistic function to get users' interest in projects. Clear user preferences and find similar users
of target users in the clusters. Then extract N items from neighbors' preferences, and recommend users. Experimental results
show that the algorithm accuracy rate is always better than the traditional algorithm. it, s more accurate to judge the user interest,
alleviating the problem of data sparseness, and effectively improves the accuracy and efficiency of recommendation.
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