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Collaborative Filtering Recommendation Algorithm Based on Rating Matrix
Filling and Item Predictability

PAN Tao-Tao* WEN Feng? LIU Qin-Rang!

Abstract The traditional matrix filling algorithm ignores the difference between true rating and predictive rating, and
there is only one standard on the traditional Top-N recommended method. In order to solve these two problems, an im-
proved collaborative filtering algorithm is proposed. Firstly, the confidence coefficient is used to distinguish the credibility
of the ratings. Then, a concept of item predictability is proposed. The program recommends items by comprehensively
considering the item’s predictive ratings and the predictability, and transforming the program into the 0-1 knapsack prob-
lem so as to select the optimized recommended list. Experimental results show that the algorithm can effectively alleviate
the effect of sparsity and improve the performance of the recommendation, and that the optimization algorithm has good
expansibility.
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