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Location recommendation on location-based social networks

JING Ning, WANG Yuehua, ZHONG Zhinong, WU Ye

(College of Electronic Science and Engineering, National University of Defense Technology, Changsha 410073, China)

Abstract : Location-based social networks, which add geo-information into traditional social networks, link people’ s virtual and real world

lives. As an important application of location-based social networks, location recommendation can recommend places that people may be interested

in, provide choices for people’s out-going and make people’ s lives much more convenient. Against this background, the relevant concepts of

location recommendation, the methods it usually uses, data sets it deals with, evaluation methods for recommendation effectiveness and the

problems it faces were delved and the future possible research directions were forecasted, hoping to provide more useful reference for researches in

relevant fields.
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Fig.1  Structure of LBSN
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Fig.2 Influence of distance on check-in frequency
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