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ON TRUST RELATIONSHIP AND ITEM POPULARITY
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Abstract To solve the problem of low coverage of existing recommendation systems, we proposed a matrix
factorization recommendation algorithm that combined item popularity and user trust relationship. We merged the user-
item scoring matrix and the user-user trust relationship matrix to transfer trust and recommendation items simultaneously
through matrix factorization. It greatly improved the coverage of the recommended algorithm, but lost accuracy up to
8% . We introduced the item popularity as a weighting factor into the high sparse user-item rating matrix. According to
the item popularity, we weighted user rating items and non-rating items respectively, which improved the accuracy of the
recommendation algorithm. The experiment results on the Epinions dataset show that our algorithm can greatly improve

the recommended coverage rate without reducing the accuracy of the recommendation, so it can give users better

recommendation results.
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