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Recommender system model based on dynamic-weighted

bagging matrix factorization

He Yifan, Zou Haitao, Yu Hualong’
(School of Computer, Jiangsu University of Science and Technology,Zhenjiang, 212003, China)

Abstract: To promote the prediction accuracy of the recommender system, the traditional methods generally use the
additional information to construct model, which always increase the time consumption greatly, as well they always
needs more detailed data. To solve the problem above, we propose a Bagging-based matrix factorization model which
assigns dynamic weights to every base learner according to the number of users’ and items’ ratings, then acquires the
prediction ratings by weight summation. The experimental results on three real datasets show that our dynamic -
weighted bagging matrix factorization model has the same efficiency as the traditional matrix factorization model, and it
1s superior to the traditional matrix factorization on all measures.
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