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A recommendation algorithm integrating user clustering and trust weight
DENG Yan, WANG Cheng

(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications
Nanjing 210003, China)

Abstract: Collaborative filtering is one of the widely used algorithms in recommendation systems, generating recommendations
based on user or item data records by calculating similarity. However, in large—scale systems, as the number of users and items
increases, the computational complexity of collaborative filtering rises, and the user—item rating matrix is often sparse, which affects
the accuracy of similarity calculations and thus the quality of recommendations. To address this, a recommendation algorithm that
integrates user clustering and trust weight is proposed. To reduce computational complexity, user behavior feature vectors are
constructed, and hierarchical clustering is performed on the users. In each user cluster, the weighted Slope One algorithm is used to
predict and fill the initial user—item rating matrix, thereby reducing data sparsity. Trust relationships between users are modeled
using the idea of the PageRank algorithm, representing trust relationships through a graph structure. When calculating item rating
differences using weighted Slope One, the user s PageRank value is introduced as a weight to improve the accuracy of the
predictions. The proposed algorithm is validated using the Ciao dataset, and experimental results show that the algorithm effectively
improves recommendation quality.
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