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Nodes’ Ranking Model Based on Influence Prediction

DUAN Shunran, YIN Meijuan, LIU Fenlin, JIAO Longlong and YU Lanlan

School of Cyberspace Security, Information Engineering University, Zhengzhou 450001, China
Abstract The ranking of nodes’ influence has always been a hot issue in the research area of complex networks. Susceptible-in-
fected-recovered(SIR) model is an ideal nodes” influence ranking method, which is commonly used to evaluate other nodes” in-
fluence ranking methods. But it is difficult to be applied in practice due to its high time complexity. This paper proposes a nodes’
influence ranking model based on sir value learning. Both the local structure and global structure information of nodes are used as
features in the model. The sir value learning model is constructed by means of a deep learning model, which is trained on nodes’
features and sir data set in synthetic graphs with the same size. The trained model can predict sir value based on nodes’ features,
and then rank nodes” influence based on predicted sir. In this paper,a specific nodes”’ influence ranking method is implemented
based on the proposed model,and experiments are carried out on five real networks to verify the effectiveness of the method. The
results show that the accuracy and monotonicity of nodes’ influence ranking results are improved compared with degree centrali-

ty.Kshell and Weighted Kshell degree neighborhood.
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Table 1 Kendall rank correlation coefficients
graph 0 psrm de ks ksdw
dolphins 1.2 —0.0576 —0.1317 —0.0693 —0.0122
eco-stmarks 1.2 0.2485 0.1111 —0.0815 0.1475
football 1.2 0.0560 0.0578 0.0374 0.0093
karate 1.2 0.1266 0.1693  —0.0410 0.1943

tilia-tortoise-
TePHRIETIOTIONSe 1.2 0.1337  0.2465  0.1288  0.2353

network-bsv

dolphins 1.6 0.1306 0.0428 0.1750 0.0650
eco-stmarks 1.6 0.2539 0.1704  —0.0034  0.2404
football 1.6 0.0026 0.0902 0.0310 0.1155
karate 1.6 0.1159 0.0766 0.1408 0.2157

reptilia-tortoise-

T 1.6  0.2035  0.0556  0.0945  0.1655
dolphins 2.0 0.2142  0.0682  0.1486  0.1581
eco-stmarks 2.0 0.1192 0.1488 —0.1811 0.2310
football 2.0 0.0008 —0.0154 0.0380 —0.1808
karate 2.0 0.0909 0.0517 0.2299 0.2692
reptilia-tortoise: 2.0 0.2102  0.1026  0.1018  0.2641

network-bsv
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Table 2 RBO correlation coefficients

graph 0 psrm de ks ksdw
dolphins 1.2 0.8624 0.8413 0 0.8595
eco-stmarks 1.2 0.9843 0.9428 0.0007 0.9426
football 1.2 0.0041 0.0008 0 0.0040
karate 1.2 0.4956 0.9536 0.0142 0.9541
reptilia-tortoise- 1.2 0.9494  0.1736  0.0007  0.8233
network-bsv
dolphins 1.6 0.9990 0.8420 0 0.9889
eco-stmarks 1.6 0.9884 0.9872 0.0007 0.9881
football 1.6 0.7379 0.0047 0 0.2952
karate 1.6 0.9541 0.4949 0.0158 0.4962
reptilia-tortoise 1.6 0.4384  0.3460  0.0007  0.9801
network-bsv
dolphins 2.0 0.9319 0.7845 0 0.9378
eco-stmarks 2.0 0.8740 0.9716 0.0007 0.9733
football 2.0 0.0832 0.0029 0 0.0768
karate 2.0 0.8291 0.8699 0.0158 0.8712

reptilia-tortoise-

2.0 0.7692 0.1414

=

. 0007 0.7508
network-bsv
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Table 3 Kendall rank coefficients versus RBO coefficients

Ranking methods Kendall rank coefficients  RBO coefficients

psrm 0.090909 0.946331
Kshell —0.055258 0.687599
H-index —0.172905 0.744614
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