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Optimization of sparse data sets to improve quality of collaborative filtering systems
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Abstract: Currently, the collaborative filtering is one of the successful and Better personalized recommendation
technologies that have been applied to the personalized recommendation systems. As¢hé-fiumber of users and items increase
dramatically, the score matrix which reflects the users’ preference tion is Very sparse. The sparse matrix seriously
affects the recommendation quality of collaborative filtering. To so. QQ\

% method, " this method has two advantages. First, the

od does not have the "multiple mode" and the "no mode"

problem Nihis paper presented a comprehensive mean

D

optimal filling method. Compared to the default method and 1

method takes account of user rating scale issues. Second,@
problems. On the same data set, using traditional userfhas

KO

ollabofative filtering to test the effectiveness of the method, and

the results prove that the new method can impro;% ommeéndation quality of recommendation systems.
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