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Transitive Similarity Evaluation Model for Improving Sparsity in
Collaborative Filtering
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Abstract

Collaborative filtering has been widely utilized in recommender systems as typical algorithm for outstanding
performance. Since it depends on item rating history structurally, The more sparse rating matrix is, the lower its
recommendation accuracy is, and sometimes it is totally useless. Variety of hybrid approaches have tried to combine
collaborative filtering and content-based method for improving the sparsity issue in rating matrix. In this study, a new
method is suggested for the same purpose, but with different perspective, it deals with no-match situation in
person-person  similarity evaluation. This method is called the transitive similarity model because it is based on

relation graph of people, and it compares recommendation accuracy by applying to Movielens open dataset.
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