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Dynamic Collaborative Filtering Algorithm Based on
Item Clustering and Time Decay
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Abstract; The traditional collaborative filtering recommendation algorithm focuses on the relationship between user interests and items,
with the aim of recommending users to items that match their interests. However,the change of user interest over time is ignored,and the
item scores of different time periods are treated equally, which reduces the accuracy of the recommendation. In addition, the item—based
collaborative filtering algorithm leads to a large overhead because it needs to traverse the entire item space when searching for the nearest
neighbor of the target item. In order to solve the above problems, we design a dynamic collaborative filtering recommendation algorithm
ITDCEF based on item clustering and time decay, which is suitable for item—-based collaborative filtering. Firstly, the item is clustered
according to the user’ s score to quickly find the nearest neighbor of the target item. Then, the time decay factor is introduced in both the
calculation item similarity and the prediction score stage to objectively reflect the user’ s interest and improve the recommendation
accuracy. Finally, the top /N items are recommended to the user. The precision, recall and F, values of Popular, ItemCF and ITDCF
algorithms are tested on the MovieLens dataset. The results show that the ITDCF algorithm has improved accuracy and efficiency.
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