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A Matrix Factorization Algorithm Based on User’s
Neighbors Regularized

ZHA Jiu,LI Zhen-bo, XU Gui—qiong
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Abstract; Matrix factorization algorithm based on collaborative filtering is one of the most widely used in the personalized recommenda-
tion system. Concerning the problems of data sparsity and real-time in recommendation system,a matrix factorization algorithm based on
user’ s neighbors regularized is proposed based on traditional matrix factorization model. The algorithm takes advantage of the matrix fac-
torization model, using the user’ s neighbor as a regularization to improve the quality and real-time of recommendation algorithm. The ex-

perimental results in movieLens datasets show that the proposed algorithm can more efficiently improve recommendation quality than the

traditional algorithm,and solve the problems of data sparsity and real-time.
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