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Collaborative Filtering Recommendation Algorithm Combining
Contribution and Time Weight

JIA Jun-kang,LI Ling—juan

(School of Computer Science,Nanjing University of Posts and Telecommunications, Nanjing 210023 , China)

Abstract ;: The traditional collaborative filtering recommendation algorithm does not consider the dynamic changes of users’ interests over
time and the impact of excessive differences in the scores of different users on the same item on the recommendation effect, resulting in
the unsatisfactory recommendation effect. In view of the above problems, a collaborative filtering recommendation algorithm CTCF,
which combines contribution degree and time weight,is designed to further improve the accuracy of user—based collaborative filtering rec-
ommendation algorithm. The algorithm introduces the trusted error threshold, contribution degree and time weight into the user similarity
calculation. Firstly,the user score matrix and user score time matrix are constructed by using the user score information,and the user con-
tribution degree is calculated by the trusted error threshold. Then,the forgetting curve of fitting contribution degree and time factor is in-
troduced to obtain the time weight, and the time weight is introduced into the Pearson correlation coefficient to calculate the user
similarity , find out the neighbor set of the target user,and predict the score of the target user on the non-scored items in the corresponding
items of the neighbor set. Finally,the Top—N recommendation is generated according to the score from high to low. The test results on
MovieLens dataset show that CTCF algorithm has higher F1 value and effectively improves the recommendation precision and dynamics.
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