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Collaborative Filtering Method Based on User Rating Subspace

and Trust Mechanism for Recommendation System

Zhang Li, Sun Xiaohan,Zheng Xiaohan
(School of Computer Science and Technology,Soochow University , Suzhou 215006, China)

Abstract: The rapid growth of the internet has led to the explosive growth of information on the internet. To solve the
issue of information overload ,recommendation system has been proposed. The core idea behind recommendation system is
to explore users’ personalized preferences based on users’ historical behavior data, and recommend items that match
users’ interests to users. However, sparse rating data leads to poor accurate similarity calculations, which in turn affect
the quality of similar user sets. To improve the reliability of similar user set,this paper proposes a collaborative filtering
algorithm based on user rating subspace and trust mechanism (URSTM) for recommendation system. The innovation of
this paper contains the following two main points. Firstly, URSTM introduces a trust mechanism constructed based on a
trust relationship explicitly declared by users,which can supplement the sparse rating data. Secondly,by using the rating
subspace and trust relationship, this paper designs a hybrid similarity measurement based on explicit and implicit
similarities ,and then integrates it into the multi-order nearest neighbor search method and iterative rating prediction
method. Experimental results show that URSTM can improve the accuracy of recommendation performance and has a
better prediction ability.
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