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Recommendation list selection algorithm with diversity enhancement
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(1. National Network New Media Engineering Research Center, Institute of Acoustics, Chinese Academy of Sciences, Betjing 100190, China;

2. University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: Traditional recommendation algorithms overemphasize recommendation accuracy and homogenization phenomenon of

recommendation lists is prominent. In view of this problem,this paper proposed a new recommendation selection algorithm called

DivEnhance. First,it gave definition of recommender lists’ diversity and utility,and then constructed a constrained integer pro-

gramming model to solve the problem, through a parameter adjustment,it could realize the flexible control of diversity and accu-

racy. Experiment results demonstrate that the proposed algorithm can enhance the diversity of recommendation lists at the cost of

a certain accuracy reduction. Specially, it outperformed other recommendation algorithms in recommending some novel items.
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