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Collaborative filtering algorithm by considering negative correlations

GUO Qiang, ZHOU Ji-ping, GUO Ying-ying, HU Zhao-long, LIU Jian-guo
(Research Center of Complex System Science, University of Shanghai for Science & Technology, Shanghai 200093, China)

Abstract: In order to study the effect of the negative correlation of Pearson to collaborative filtering algorithm, this paper
presented an improved collaborative filtering algorithm. Firstly this algorithm selected the positive and negative correlation users
as the nearest neighbor set and furthest neighbor set respectively, and then made use of a tunable parameter to adjust the effect
of the nearest and furthest neighbor set on recommendation. The experiment results on MovielLens dataset show that negative
correlations can not only significantly improve the accuracy of recommendations, but also increase the diversity of recommenda-
tion lists. It has found that collaborative filtering algorithm by considering the negative correlations can greatly improve the rec-
ommendation accuracy of users with small degrees. This work suggests that the negative correlations help solve the dilemma of
accuracy and diversity and cold start problem of the recommender systems.
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