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Link Prediction Method Based on Weighted Network Topology Weight
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Abstract In recent years,with more and more attention drawning to link prediction in complex networks,and with the applica-
tion of link prediction becoming increasingly extensive,a crucial question is raised on how to improve the accuracy of link predic-
tion. Many proposals are made,among which the weighted similarity indices have already achieved a promising result. However,
the traditional weighted network link prediction only considers the natural weight of the link neglects the influence of the topologi-
cal weights on prediction accuracy. Therefore,aiming at the weighted networks, this paper takes the clustering and diffusion char-
acteristics of edges into consideration and regard them as the topological weights of edges,and consequently recommended four
similarity indices based on the topology weight of links,namely WCD-CN, WCD-AA, WCD-RA,and WCD-LP. This paper takes
Matlab as the experimental platform and carries out experiments on two weighted datasets (USAir, Bibble) and two weightless
datasets(Pblogs and Dolphins) ,in which AUC is used as the evaluation index. The results of the simulation indicate that com-
pared with two weighted indices, which are based on natural weight and cluster coefficient respectively, the proposed algorithm
has higher accuracy in prediction.

Keywords Complex network, Topological structure, Link prediction,Similarity index.Structural weight
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Table 2 Basic statistical characteristics of four real networks
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Networks N M (k) o (d) C
USAir 332 2126 12.8 0.039 2.74 0.74
Bibble 1773 9131 10.3 0.006 3.38 0.72
Pblogs 1224 19090 27.3 0.026 2.73 0. 36

Dolphins 61 159 5.13 0.083 3.36 0. 26
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Fig. 3 Influence of different a values on the experimental results
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Table 3 AUC values on weighted networks

EE:S WCN  WAA  WRA  WLP
T A 0.955  0.967  0.973  0.964
HAME  0.948  0.961  0.968  0.963
USAir
BAME  0.963  0.974  0.971  0.974
CD 0.984  0.985  0.994  0.987
P4 0.977  0.985  0.986  0.986
B4R E  0.978  0.986  0.987  0.987
Bibble
#HAME  0.988  0.987  0.988  0.987
CD 0.983  0.979  0.994  0.974
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Table 4 AUC values on weightless networks

W #% WCN  WAA  WRA  WLP

T AR 0.918 0.920 0.922  0.929

Pblogs % AR 0.924  0.925  0.925  0.932
CD 0.965 0.969  0.967  0.992

T AR 0.828 0.825 0.822 0.828

Dolphins  # % % 0.890  0.910  0.913  0.934
CD 0.955  0.957  0.960  0.974
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