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Improved Collaborative Filtering Algorithm Based on K-means

WU Tingting, LI Xiaozhong, LIU Xuzhou
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Collaborative filtering algorithm has been widely used in recommendation systems. However, with the continu-
ous growth of data, such problems as low user similarity and low recommendation accuracy have gradually emerged. To
address these problems, an improved collaborative filtering algorithm based on K-means is proposed in this article. First,
similar users are clustered by K-means clustering algorithm, using the Euclidean formula for the best clustering number K.
Second, the K value is used as the input of the dichotomous K-means algorithm to obtain the final clustering result. Third, the
neighbor user set of the target user is obtained by improved similarity formula. Finally, the project score is predicted by the
prediction score formula. Experiments show that the proposed algorithm achieves some improvement in precision accuracy,
recall and F; metrics.
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