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A recommendation algorithm based on frequent itemsets mining

TIE Jun LV Qinyan SUN Chong WANG Jiangqing YIN Fan
( School of Computer Science South-Central University for Nationalities Wuhan 430074 China)

Abstract Collaborative filtering is one of the most successful technology in the recommendation system. The existing item—
based collaborative filtering algorithm excessively depends on the users” rating data when calculating the items similarity

which does not consider the inner relevance between the items and these lead to lower recommendation quality. In order to
fully and objectively evaluate the items similarity a recommendation algorithm based on Frequent Itemsets Mining ( BFIM)

is proposed. The algorithm proposes to apply frequent itemsets to the similarity calculation which can increase the accuracy
of similarity calculations and further improve the recommendation quality of the algorithm. Experimental results show that
the proposed improved algorithm can achieve better recommendation results than the compared algorithms on public dataset.
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