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Abstract To fully utilize all the ratings and weaken the problem of data sparsity,the Jensen-Shannon divergence in sta-
tistics field was used to design a new similarity measure for items. In this similarity measure, the ratings for items are
converted to the density of rating values. Then, the item similarity is calculated according to the density of rating values.
Meanwhile, the factor for the number of ratings is also considered to further enhance the performance of the proposed
similarity measure based on JS divergence. Finally.a collaborative filtering recommendation algorithm is presented ac-

cording to the JS-divergence-based item similarity. The test results on Movielens dataset show that the proposed algo-

rithm has good performance in prediction error and recommendation precision. Therefore,it has high potential to be ap-

plied in recommendation system.
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