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Abstract

Recommender System based on the Collaborative Filfering has a problem of frust of the prediction accuracy  because of ifs
problem of sparsity. If the sparsity of a preference value is lorge, it causes a problem on a process of a choice of neighbors and
also lowers the prediction accuracy. In this article, a change of MAE based on the sparsity is sfudied, groups are classified by
sparsity ond then, the significant difference among MAEs of classified groups is analyzed. To improve the accuracy of prediction
among groups by the proble m of sparsity, We studied the improvement of an accurate prediction for recommending system
through reducing  sparsity by sorting  sparsity items, and replacing the average preference among them that has a ot of
respondents with the preference evaluation value.
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