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Abstract ;: Aiming at the problem of data sparsity and low accuracy of traditional collaborative filtering recommendation algorithms,a new
genetic algorithm based fuzzy c—-means collaborative filtering recommendation algorithm named GAFCM-CF is proposed. Firstly, the
user feature preference matrix is constructed based on user rating matrix and item characteristics, and the hidden information of users is
deeply mined. Secondly,the fuzzy c-means clustering algorithm is used to cluster the users. In order to prevent the fuzzy c-means
clustering algorithm from converging to the local minimum and affecting the recommendation quality, the proposed algorithm improves
the fuzzy c-means clustering algorithm based on genetic algorithm to prevent the local optimal solution. Finally,the user similarity is cal-
culated by considering both the user characteristic preference matrix and user item rating matrix to realize better recommendation. The ex-
periment shows that the proposed collaborative filtering recommendation algorithm based on improved FCM has better recommendation
quality and improves the accuracy of recommendation compared with the traditional user—based collaborative filtering recommendation al-
gorithms and PDSFCM algorithm.
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