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A Collaborative Filtering Recommendation Algorithm Based on Restricted Random Walk

CHEN Bin

(College of Tourism and Culture, Yunnan University, Lijiang Yunnan 674100, China)

Abstract: [ Purposes]Traditional collaborative filtering disregards the granularity of users’ preference drifting and item popularity bi-

as in modeling, thus diminished the accuracy of recommendation. [ Methods]A new collaborative filtering algorithm is proposed

based on Restricted Random Walk. Two new trust network: user-based and item-based are proposed, with Restricted Random Walk

to adaptively track the change of users’ preference drifting and item popularity bias. [ Findings]Experimental results on social data-

set show that the proposed algorithm could capture the popularity of items and users’ preference drifting compared with other algo-

rithms. [Conclusions]The proposed algorithm avoids blind walking, reduces the recommendation error and improves the accuracy of

recommendation.

Keywords: social networks; collaborative filtering; random walk; cloud similarity
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