FaE BT I S o

2014457 B Computer Science July 2014

ARSSHEENETHESFHER top-N #HEF T X

N ME ER
(RBAFUHENBESHEAER AL 230601
H E BREAAHFUAPERTREPRALSAFAALG AL ZR  AHREBRRAKR SR TRAERELRSE
GFMERE, RELERFGF A ELZF G —HEGEHM ARALHAAMNGER, RET-HETHE
BEBEH top NBEF &, AR P #T op NER, TUAEEHA RS IGREN L2, RAJNRERELHK
SN BE, 245 5RENFE.EARAMNESTAMNEEEATAL YR HEE LR B L ERITT £,
HRIEVR BT L AEBERERSEARGRAN , BERFBREDEK SN,
%@ RAELG.opNIEFE, SR, BFHY
FEESHEE TP391.4 MEARIRAD A DOI 10, 11896/j. issn, 1002-137X. 2014, 07. 056

Expectation-based top-N Recommendation Approach for Improving Recommendations Diversity

LIU Hui-ting YUE Ke-cheng
(School of Computer Science and Technology, Anhui University, Hefei 230601, China)

Abstract Recommender systems are used to help users find relevant and personalized items from a large set of alterna-
tives in many online applications, Most existing recommendation techniques are focused on improving recommendation
accuracy. Recently, diversity of recommendations has also been increasingly recognized in research literature as an im-
portant aspect of recommendation quality. This paper proposed a novel top-N recommendations generated approach to
improve aggregate recommendation diversity by controlling the recommended expectations of the global candidate i-
tems, which is available for recommendation in the top-N recommendations generating process. The proposed approach
was evaluated using real-world movie rating datasets and different rating prediction algorithms. Results demonstrate the

approach proposed in this paper can generate more diverse recommendations while maintaining an acceptable level of ac-
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curacy.
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