FaH F1H it B N OB % Vol. 41 No. 1
201441 H Computer Science Jan 2014

E F Skyline £ if) B 41 & W 28 85 W

VIR SEEE
(B FEAFREFE  #l 528225)

B OE AALEBART APHORMMAEENEEN AP AGEEE ML R AL, XLMANBERMBET
PR, BAOERTRA G 4T E-HEF T, AERERF FRAREELAANME, 43— R B EERR
AR BE—HET Skyline AL MM BT STk, AL FELEASARNEELTMNE L, KAR
REA A AR A 44409 Btk 51 &, 53 Skyline EE A B BFAMNLEREDL A P, TBAN, AT Skyline #4544
BRMNFELAARA RS THALBRNALHARE, TER TERALLSE A BERRFRE,

X8R AL M, &R, Skyline, F i

REZESHES TP393 MEkFRIRE ]

Skyline Based Link Prediction on Social Networks

XU Shuona ZENG Bi-qging
(School of Software, South China Normal University, Foshan 528225, China)

Abstract In social media, users update their statues in real time,and the links between them change quickly, which po-
ses a huge challenge for link prediction in such social networks. Traditional link prediction algorithms are usually effi-
cient in specific situations, but for other situations, they are not efficient. In order to deal with the deficiency of single
link prediction algorithm, a Skyline query based link prediction approach in social networks was proposed. The algo-
rithm combines multiple link prediction algorithms, assumes the values of these algorithms as a vector of the predicted
link,and returns users with the Skyline points based on the calculated vector. Experiments show that the Skyline query

based link prediction approach is more efficient than related researches,and can be used in real applications of link pre-

dication and recommendation in social media.
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