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IP1: A Link Prediction Algorithm Based on Users’ Influences and Interests

YANG Lin-Rui, LIAO Chang

(School of Computer Science and Technology, Fudan University, Shanghai 201203, China)

(Shanghai Key Laboratory of Data Science, Fudan University, Shanghai 201203, China)

Abstract: Currently one of‘ core issues of link prediction is how to rationally and efficiently combine link attributes, node
attributes and other relevant information for forecasting purposes. Aim at this problem, we propose a link prediction
algorithm based on influence and interest, which mainly consists of quantizing the influence of nodes by topology structure
information and simulating users’ interests by text information. These two types of information are aggregated to give the

relation score to the node pairs. High-scoring pair of nodes which represents a strong link. Experiments on real datasets

show the method proposed in this paper is feasible.

Key words: social network; link prediction; influence measure; interest model
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