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Ranking and Recognition of Influential Nodes Based on k-shell Entropy
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2 College of Information Science and Engineering, Northeastern University,Shenyang 110819, China

Abstract The spreading capacity of nodes has been one of the most attractive problems in the field of complex networks. Due to
the large size of nodes in network,researchers want to find accurate measures to estimate the spreading capacity of nodes. In this
paper,a new method is proposed based on the basic concepts of information theory and k-shell, which measures the spreading ca-
pacity of nodes according to the topological information of their locations in the network. Experimental results show that the pro-

posed method is more effective than other similar methods,and can effectively avoid the “rich club phenomenon” of k-shell method.

Keywords Complex network, Influential node,k-shell entropy,Information spreading
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Table 1  Statistical characteristics of datasets

Network [V |E| (k) (k%) Bih ACC Assortativity DH
Karate 34 78 4,588 35. 647 0.129 0.571 —0.4756 0.3854
Adjnoun 112 425 7.589 104.536 0.073 0.173 —0.1293 0.4173
Celegansneural 297 2148 14. 465 376. 781 0.038 0.292 —0.1632 0.3855
Dolphins 62 159 5.129 34.903 0. 147 0. 259 —0.0436 0.3250
Jazz 198 2742 27.697 1070. 242 0.026 0.617 0.0202 0.3460
Lesmis 77 254 6.597 79.532 0.083 0.573 —0.1652 0.4610
Polbooks 105 441 8. 400 100. 248 0. 084 0.488 —0.1279 0.3280
Usair 332 2126 12.807 568.163 0.023 0.625 —0.2079 0.6472
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Table 2 Monotonicity values obtained by different methods in different network

DM(X) Adjnoun  Celegansneural  Dolphins Jazz Lesmis Polbooks Usair Karate
DM(DC) 0.0357 0.0471 0.0161 0.0657 0.0779 0.0381 0.0783 0.1765
DM(MDD) 0.3571 0.2290 0.2419 0.500 0.2727 0.3048 0.2831 0.3235
DM 0.4911 0.4141 0.5484 0.3182 0.1818 0.4571 0.1717 0.1765
DM(C, ) 0.3125 0.2997 0.2742 0.8333 0.3896 0.3238 0.4337 0.4118
DM(C,,. ) 0.8124 0.9259 0.6613 0.9293 0.5455 0.8476 0.7169 0.6471
DM(Ks) 0.0000 0. 0000 0.0000 0.0051 0.0000 0.0000 0.0060 0.0294
DM(H-index) 0.5890 0.6340 0.7520 0.8520 0.4130 0.8095 0.6241 0.6294
DM(MCDE) 0.3929 0.5892 0.2903 0.8838 0.3377 0.4476 0.4217 0.3235
DM(Ks_Entropy) 0.9786 0.9529 0.9694 0.9793 0.5955 1.0000 0.7849 0.7265
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