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Improved Collaborative Filtering Recommendation Method Integrating
Item Popularity Punishment Factor

LIU Wen-wen, WANG Wan-yan, CHENG Shu-lin
(School of Computer and Information, Anqing Normal University , Anqing 246133, China)

Abstract : Recommendation system is an important tool to solve the problem of information overload in the era of big data. Collaborative
filtering is the earliest and most widely used recommendation algorithm in recommendation system. Aiming at the problem of item
popularity bias in traditional collaborative filtering recommendation algorithm, an improved collaborative filtering recommendation method
integrating item popularity punishment factor is proposed. The popularity threshold is introduced, and then items are classified into two
categories according to the item popularity (items with high popularity ) ,namely popular items and non—popular items ( items with low
popularity ) . Focusing on popular items, the collaborative filtering recommendation method is improved by integrating the item popularity
punishment factor to reduce the influence of popular items on neighbors,so as to improve the recommendation accuracy. The proposed
method is experimentally verified on MovieLens 100K dataset. The experimental results show that the proposed recommendation method
can effectively reduce the mean absolute error and root mean squared error of rating prediction when the parameters are taken the optimal
value, which verifies the validity of the item popularity punishment to some extent.
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