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Method of Link Prediction in Social Networks Using Node Attribute Information
ZHANG Yu GAO Kening YU Ge

(School of Computer Science and Engineering ., Northeastern University,Shenyang 110819, China)
Abstract With the development of large social networks,link prediction has become an important research subject. The
link prediction problem in social networks using rich node attribute information was studied in this paper. Based on at-
tribute-augmented social network model, which means rebuilding an augmented network by adding additional nodes with
each node corresponding to an attribute, called social-attribute network, the classification of node attributes was added to
the model as an important parameter. Several methods of assigning weights for different kinds of links were proposed.
Then a random walk method was used for link prediction in the network. Experimental results reveal that this method

has better performance compared with other similar methods.
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