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Abstract: Link prediction computing is one of the most important and challenging tasks in complex network analysis. It
predicts missing links based on existing links in networks, and is widely used in various scientific fields, including social
network analysis, recommendation systems and biological networks. In this paper, a prediction method based on the similar-
ity of path node information was proposed. The prediction method used the common feature information of nodes to predict
the next related path node information, so as to optimize the existing path prediction method. As the shortest distance be-
tween a pair of nodes in network is always unique, by combining the local path node information, calculating the shortest
path between all nodes in network to the maximum length of path and to improve the accuracy of node path similarity, and
then calculating traverse all the unconnected nodes in a similar way and weighted score of distribution, the similarity score
of nodes that may be linked in the future was obtained, that is, the shortest path of two nodes in these nodes. Finally, the re-
al world data sets from different fields were used for experimental verification. The results show that the method has higher
prediction accuracy, compared with the most advanced prediction methods.
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Table 1 Topological characteristics of the data set network

pIGIiE S 1Y | cc |k |d] p H
Karate 34 78 0.588 4.588 1.204 0.139 7.769
US-Roads 49 107 0.507 4.367 2.082 0.091 4.935
Dolphin 62 159 0.303 5.129 1.678 0.084 6.805
Train-Bombing 64 243 0.711 7.594 1.345 0.121 12.597
Neurons 279 2287 0.337 16.394 1218 0.059 25916
E.Coli 329 456 0.222 2.772 2.421 0.008 12.314
Netscience 379 914 0.798 4.823 3.021 0.013 8.021
Infectious 410 17 298 0.467 84.380 1.815 0.206 2.992
Metabolic 453 4596 0.782 20.291 1.332 0.045 17.903
USAir 500 2980 0.726 11.920 1.496 0.024 53.785
Email 1133 5451 0.254 9.622 1.803 0.009 18.688
Yeast 2375 11693 0.388 9.847 2.548 0.004 34.223

®2 BHEEARBIEE THRUEEAUC
Table 2 AUC for each algorithm under different data sets

i ge PSI Katz LP CN AA PA JC
Karate 0.784 3 0.762 8 0.766 2 0.702 8 0.736 6 0.7318 0.613 8
US-Roads 0.9250 0.894 4 0.895 5 0.897 5 0.904 2 0.440 6 0.918 7
Dolphins 0.842 5 0.838 4 0.826 9 0.786 3 0.790 2 0.667 4 0.7850
Train-Bombing 0.948 5 0.9309 0.9312 0.932 2 0.943 8 0.798 5 0.929 8
Neurons 0.882 8 0.866 0 0.867 0 0.859 3 0.874 7 0.723 8 0.8305
E.Coli 0.894 9 0.884 6 0.866 3 0.6213 0.628 1 0.878 8 0.6120
Nelscience 0.9929 0.986 1 0.986 0 0.981 1 0.9849 0.661 3 0.978 2
Infectious 0.955 4 0.948 3 0.947 7 0.9123 0.915 1 0.696 9 0.9149
Metabolic 0.9277 0.899 5 0.900 3 0.867 1 0.905 5 0.848 0 0.7517
US-Air 0.966 5 0.9513 0.952 2 0.952 2 0.962 1 0.919 6 09111
Email 0.936 6 0.933 6 0.925 4 0.865 4 0.867 8 0.819 4 0.862 4
Yeast 0.973 1 0.970 6 0.969 5 0.9142 0.914 9 0.864 8 0.9132
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