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Experimental analysis of the applicabilities of link prediction methods for real networks
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Recently, network analysis has been intensively investigated in several fields of science. Link prediction is the
problem of predicting the existence of a link between two entities based on observed links, and it is one of the
popular link mining tasks. Although many link prediction methods have been proposed, they have their merits and
demerits. In order to obtain the strategies of selecting the best link prediction methods, we perform experiments
of six link prediction methods (Common Neighbors(CN), Jaccard’s Coefficient(JC), Adamic/Adar(AA), Shortest
Path(SP), Preferential Attachment(PA) and Hierarchical Random Graph(HRG)) for 39 real networks. As a result,
CN, JC and AA achieve good performance for the networks whose clustering coefficients are more than 0.4. SP
achieves good performance for the networks whose average shortest path lengths are more than 3. PA underperforms
a random predictor for the networks whose variances of degrees are less than 5. HRG performs consistently well.
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