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jon Common Neighbor algorithm (CN algorithm) has the disadvantages of low predic-
tion accuracy and bei able for multi-type networks. Based on the CN algorithm, this paper proposes a link pre-
diction algorithm that extends the concept of common neighbors to the second order. The algorithm divides the neigh-
bor nodes of the nodes to be predicted into three types, and different types of neighbor nodes are assigned different
weights to establish a link prediction algorithm based on Second-order Common Neighbor nodes (CN2 algorithm). Tak-
ing seven real networks as examples, the prediction accuracy of the algorithm is tested by calculating and analyzing the
AUC (Area under the ROC Curve) value, and the robustness of the algorithm is tested by dividing the test set data into
different proportions ranging from 5% to 50% . Comprehensive results show that the link prediction accuracy of the
CN2 algorithm is improved by an average of about 9.9% compared to CN algorithm in the seven networks, and it has
better robustness.
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Tab.3 Topological characteristics statistics of 7 networks

O \4 E c K D
C. elegans 297 2 345 0.311 15.791  0.053
NS 379 914 0. 741 4.82 0.013
FWFB 128 2075 0. 344 32.422  0.259
Dolphin 62 159 0. 259 5.129 0. 084
Dublin 410 2 765 0. 456 13.488  0.033
PB 1222 16 714 0. 320 27.355  0.022
Power 4941 6 594 0. 080 2. 669 0. 001
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Tab.4 The AUC values predicted by various algorithms in 7

different networks (with a training set ratio of 90%)

AUC i
CN AA RA PA

I
Salton Jaccard Katz CN2

C. elegans 0. 847
NS 0.979
FWFB

0.864 0.867 0.755 0.797 0.790 0.864 0.876
0.983 0.983 0.655 0.978 0.977 0.986 0.988
0.605 0.606 0.608 0.731 0.526 0.526 0.676 0.793
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