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Integrating Link Prediction and Attribute Inference
Based on Community Structure

WANG Rui, WU Ling-ling, SHI Chuan, WU Bin
(Beijing Key Lab of Intelligent Telecommunication Software and Multimedia , Bejjing University of Posts and Telecommunications , Bejjing 100876 , China )

Abstract: Link prediction and attribute inference are two important tasks in social network mining. Most of the previ-
ous studies treated link prediction and attribute inference as different problems and sought for solutions separately. However,
according to the theory of homophily,there are intrinsic relations between links and attributes in social network. We propose
the link and attribute inference based on community (LAIC) solution which utilizes the community structure to connect link
prediction and attribute inference. LAIC employs users’ attribute and community structure for link prediction,and takes ad-
vantage of link information to get the attributes of communities for attribute inference of users. LAIC is not only able to pre-
dict attributes and links simultaneously, but also promotes the precision of link prediction and attribute inference mutually
through iterations. Experiments on two real datasets verify the effectiveness of LAIC.
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