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Recommendation Algorithm Based on Dynamic Label Preference
Trust Probability Matrix Decomposition Model

YANG Yadong, XIONG Qingguo
(School of Information Science and Engineering, Wuhan University of Science and Technology , Wuhan 430081 , China)

[ Abstract] In order to improve the collaborative performance of recommendation algorithms and solve the problem of
low recommendation accuracy caused by sparse data and cold start,an improved collaborative filtering recommendation
algorithm is proposed in this paper. Based on three tuple representation, it uses the tag set,the user set and the project
resource set to construct the dynamic relationship among the labels, the users and the project, and it also computes the
trust value score matrix. It uses the trust rating matrix fusion collaborative recommendation process to construct
probability matrix decomposition model and solves the model the expectation maximization method. Experimental results
show that compared with other algorithms which are based on cosine, Pearson correlation coefficient and heuristic
similarity model, this algorithm has lower absolute mean error as well as higher coverage rate, precision and recall rate.
[ Key words] collaborative filtering recommendation; data sparse; cold start; probability matrix decomposition ; label
preference ; expectation maximization method
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