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Personalized Re—-ranking Model Based on Item Popularity

ZHENG Xinyi, ZHANG Yushan
(School of Statistics & Mathematics, Guangdong University of Finance & Economics, Guangzhou 510320, China)

Abstract: In order to solve the problem that the existing recommendation models often give priority to the accuracy of recommendation and ig-
nore the diversity and novelty of recommendation, which leads to the fact that the recommendation results are always single and inevitably oc-
cupied by popular items, this paper proposes a reordering model. Based on the original recommendation model, this model adds item populari-
ty and user preference, and controls the proportion of novel items in the final TOP-K recommendation list by adjusting the compensation
score, thus improving the diversity of personalized recommendation list. The experimental results on Movielens—1M data set and FilmTrust da-

ta set show that the ILS index of this model is reduced by 79.96% and 7% respectively, and the Novelty index is reduced by 0.73% and 2.11%

respectively, which is helpful to reduce the similarity of users in the list and increase the novelty of recommendation.
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