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Complex Network Link Prediction Method Based on Topology Similarity and XGBoost

GONG Zhui-fei and WEI Chuan-jia

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
Abstract In order to improve the performance of complex network link prediction, topology similarity and XGBoost algorithm
are used to complete link prediction in complex network. According to the topological structure of complex network, the adjacency
matrix is established to solve the common neighbor set. Then the similarity score function of complex network is calculated ac-
cording to the topological similarity theory. The score function and weight parameters of each time window are taken as input,and
XGBoost algorithm is used to realize the link prediction of complex network. By setting two regularization coefficients of XGBoost
algorithm through differentiation, the influence on link prediction accuracy is tested,and the optimal regularization coefficient is
obtained, thus a stable XGBoost link prediction model is obtained. The experimental results show that,compared with the com-
mon network link prediction algorithms,the prediction accuracy based on topology similarity and XGBoost algorithm has obvious
advantages,and the prediction time performance is smaller than other algorithms,especially suitable for large-scale complex net-
work link prediction.
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Fig. 1 Undirected graph structure
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Link prediction accuracy with different regularization
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Table 1 Link prediction accuracy of different time windows
HEED T FOE#HE/ N BB/
1 79.317 51.023
2 80. 441 53.378
3 84.719 57.114
4 87.374 61.167
5 88. 267 66. 834
6 93.109 69. 324
7 88. 214 70.103
8 81.337 71.816
9 77.665 73.735
10 64.812 75.621
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