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Collaborative Filtering Recommendation Algorithm Based on Space Transformation
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(School of Computer and Information Technology,Shanxi University, Taiyuan 030006 ,China)
(Key Laboratory of Computational Intelligence and Chinese Information Processing(Shanxi University) ,
Ministry of Education, Taiyuan 030006 , China)

Abstract In real applications, traditional collaborative filtering recommendation algorithms are usually faced with the
problem of computational scalability. To solve this problem,in the framework of item-based collaborative filtering re-
commendation,a collaborative filtering recommendation algorithm based on space transformation was proposed in this
paper. Concretely speaking.according to the user social network information, the users are firstly divided into different
clusters by using the community discovery algorithm. Then,item clusters are found according to the corresponding rela-
tionship between users and items in the rating information matrix. And the membership of each item for each item clus-
ters is calculated. The sparse high dimensional rating information matrix is transformed into a low dimensional dense
membership matrix,and then the similarities between items are carried on the transformed matrix. The proposed algo-

rithm was compared with other algorithms on the public data set. The experimental results show that the proposed algo-

rithm can significantly improve the computational efficiency while guaranteeing the accuracy of recommendation.
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Fig. 1 Relationship of user clusters and item clusters
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