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Abstract

This study introduces a novel method known as ESPE (Epidemic Spreading Probability Entropy),
designed to more effectively evaluate the importance of nodes within complex networks. The me-
thod addresses the oversight in previous research, which neglected the influence of neighboring
nodes, by incorporating information entropy to simultaneously consider a node’s own spreading
influence and the spreading impact of its neighbors. To validate the performance of the ESPE algo-
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rithm, Kendall’s tau rank correlation coefficient was employed to measure its accuracy in identi-
fying the spreading capabilities of nodes. The superiority of ESPE in identifying key nodes was
demonstrated through comparison with the SIR (Susceptible-Infected-Recovered) spreading model.
Experimental results indicate that the ESPE algorithm achieved an average improvement rate of
8.46% across six real-world networks, with its Kendall correlation coefficients generally exceed-
ing those of existing methods. Furthermore, in the analysis of the correlation between the norma-
lized spreading influence scores obtained by the ESPE and SPC algorithms, ESPE demonstrated
greater accuracy and discriminative power compared to SPC. Overall, the ESPE algorithm provides
an accurate and reliable tool for complex network analysis, capable of more effectively identifying
and assessing key nodes within the network.
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Table 1. Statistical attributes of six real-world networks

1L AMEIMENSRITEME

Network n m (k) K o c G, % G, % d B,
LastFM 7624 27806 7.294 216 0.219 100.000  100.000 0.001 0.041
Jazz 198 2742 27.697 100 0.617 100.000  100.000 0.141 0.027
Email 1133 5451 9.622 71 0.220 100.000  100.000 0.009 0.057
Faa 1226 2410 3.931 34 0.068 100.000  100.000 0.003 0.157
Facebook 4039 88234 43.691 1045 0.606 100.000  100.000 0.011 0.009
\ote 889 2914 6.556 102 0.153 100.000  100.000 0.007 0.058

Hoebn Rl m 43 02 4 R RS BORILEH,  (K) R IFRIE, K, NS RRKRE, ¢ RMEKIFIRER
H G, % Hl G, Yo 73527 W 288 5 KL v 45 s A ST A BOM BB L], d RSN, B, M4
ML FRBE . 27251 Gy % ~100 H G, %~100, e MNE@EMLE, HNER - DIEEEML .

3.2.2. BERMBEXYREE
AT, AR 7 E R A5 2B (Kendall’s tau coefficient) [29]30 i & 9 41 HE 4 2 18] () e BEFE
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Figure 1. Comparative analysis of node rankings generated by centrality measures such as ESPC and SIR: A Kendall’s tau
correlation approach
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Figure 2. Improvement rate of the ESPC algorithm over the SPC algorithm
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Table 2. Top 10 vidal nodes 1dentified by the ESPE method and other approaches across various networks
F* 2. f£H ESPE FEAMARIME FRIE 75 5T EHART 10 MEET R

LastFM Email
SIR ESPE SPC DC KS BC SIR ESPE SPC DC KS BC
7237 7237 7237 7237 6105 7199 105 105 105 105 299 333
3240 3530 3530 3530 7237 7237 42 42 333 333 389 105
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gk
378 3450 3450 4785 1334 2854 333 333 23 16 434 23
763 3597 2854 524 951 4356 16 23 42 23 552 578
3597 3240 7199 3450 3165 6101 3 41 41 42 571 76
3544 4900 5127 2510 3544 5454 23 16 76 41 726 233
4900 3544 6101 3597 4900 4338 196 3 233 196 756 135
2083 763 3544 2854 7075 5127 41 196 52 233 788 41
1334 5127 4900 6101 5854 3450 128 21 135 21 885 355
2734 290 4785 5127 1381 4785 49 233 378 76 886 42
Facebook Jazz
SIR ESPE SPC DC KS BC SIR ESPE SPC DC KS BC
1912 107 107 107 1912 107 60 136 136 136 35 136
2347 1684 1684 1684 2543 1684 136 60 60 60 60 153
2543 1912 1912 1912 2266 3437 132 132 168 132 98 60
2073 1888 0 3437 2347 1912 168 168 132 168 99 149
2206 1800 3437 0 2542 1085 108 70 70 70 100 168
2507 1663 58 2543 2468 0 70 108 83 99 101 167
1943 1352 428 2347 1917 698 99 83 99 108 108 189
2266 1730 563 1888 1918 567 122 99 158 83 131 115
2233 1431 1577 1800 1929 58 7 194 108 158 132 96
2410 2543 483 1663 1938 428 194 131 194 7 154 83
Vote Faa
SIR ESPE SPC DC KS BC SIR ESPE SPC DC KS BC
273 431 273 431 447 273 47 52 68 312 1 68
431 273 431 273 273 431 68 68 52 52 2 52
204 204 204 170 536 170 52 113 148 68 3 213
399 536 536 536 482 204 116 47 44 89 4 312
536 399 170 399 204 736 46 44 113 113 6 135
416 416 399 204 431 550 109 116 47 187 10 136
448 550 550 550 562 21 113 34 135 47 14 212
504 170 416 416 132 230 148 148 312 44 16 660
550 448 736 736 392 22 124 109 89 109 18 523
132 736 448 762 399 536 44 110 110 135 20 221
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X Facebook [M4% , ESPE AR A 45 R 5 HAh Sk AH LUk i — 5% . SRTIAE HoAth 5 S FCsEM &%,
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Figure 3. Correlation of normalized propagation impact scores between ESPC and SPC algorithms across six real-world
networks
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