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Collaborative Filtering Recommendation/Algorithm Analysis and Optimization Applications

ZHANG Xue-Qian, LIN Shi-Ping, GUQ Kun
(College of Mathematics and Computer Scig:nce, Fuzhou University, Fuzhou 350108, China)
¥

Abstract: The collaborative filtering recommendation algorithm is divided into user-based and item-based
recommendation algorithms. Collaborative filtering recommendation algorithm had data-sparseness and scalability and
cold-start problems. This paper mainly studied the collaborative filtering recommendation algorithm based on the users
or Items and SVD, Slope-One, KNN. The optimization of SVD algorithm which considers the dimension of the feature
space used dimension reduction to improve data-sparseness problem. Using the Hadoop distribution platform to improve
the scalability problem. Experimental result shows that the similarity computation method based on Boolean data has
better result and the optimization of Slope-One and SVD algorithm have better recommendationy result based on
MovieLens data set.
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