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Recommendation method with focus on long tail items

QIN Jing', ZHANG Qingbo, WANG Bin
(School of Computer Science and Engineering, Northeast University, Shenyang Liaoning 110169, China)

Abstract: To solve the long tail problem caused by low coverage and diversity in recommendation system, a
recommendation framework for long tail items and a recommendation algorithm named FLTI (Focusing on Long Tail Ttem)
were proposed. The recommendation framework for long tail items was built based on Convolutional Neural Network (CNN)
model with three layers, including data processing layer, recommendation algorithm layer and recommendation list
generation layer. The FLTI algorithm was added to the recommendation algorithm layer of the framework , and calculated the
frequent recommendation items and the infrequent recommendation items at first, then replaced the frequent recommendation
items by the long-tail items to meet the specified proportion of long-tail items in the system. Experimental results on
Movielens 1M and BookCrossing datasets show that compared to traditional User-Based Collaborative Filtering (UserCF)
algorithm, Ttem-based Collaborative Filtering (TtemCF) algorithm, Singular Value Decomposition (SVD) recommendation
algorithm and Colloborative Denosing Auto-Encoder (CDAE) algorithm, the coverage of FLTI algorithm is improved up to
51%, and the diversity of FLTI algorithm is improved up to 59% .
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Fig. 3 Recommend framework for long tail items
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