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K-means User Clustering Recommendation Algorithm Based on
Minimum Variance
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Abstract ; Collaborative filtering recommendation algorithm is a kind of traditional recommendation technology which is so simple and ef-
ficient with a wide range of applications that it has been favorite by a large number of researchers. Although the traditional collaborative
filtering recommendation algorithm has alleviated the information overload faced by users to a certain extent, the data sparsity and expan-
sibility in dealing with large data is becoming more and more prominent. For this,a K —means user clustering recommendation algorithm
based on minimum variance is proposed. The Weighted Slope One algorithm is used to fill the initial user—item scoring matrix effectively,
and the data sparsity is reduced. Then K —means algorithm based on minimum variance is adopted to carry out the user rating data cluste-
ring , with similar users clustered together to reduce the target user’ s nearest neighbor search space and improve its expansibility. The con-
trast experiments on MovieLens datasets show that the proposed algorithm has higher recommendation accuracy than the conventional col-
laborative filtering recommendation algorithm.
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