$£48%F F11H Computer Engineering iTE&EH T2 20224E 11 A

FERMRESTENA- TEHS: 1000-3428(2022)11-0291-08 XEARERG A th[E 422 . TP391

ZMm KRB PEF K-truss I ELHE L
IR HE A KRR A

(AERG TSR 2 ML= BE, )N 510631)

T OE . A W B R e Ak (TMD) ] rbr | S RLUA3E 72 3 2 R & 19 Moonte-Carlo #52 #UL 334775 & 48 A9 52 i v [T, =
S ) 52 4 B A T 2 80UR & SE A A AN R R NS R 1 B L AF A R e MR 2E I ) A, H Hh T K-truss 19 2R
HE FEA3 7 TrussVote. EHEEEBTEE il 48 51 A K-truss A9 AH 3¢ BEIS K 342 0 SO 05 A SO B he 0, s 1
Xo AN ) 408 J 8 45 S At 1), ) B A6 T 0345 55 40 B0 25 IR A (G R ME 20 2 5 R U I (Rl B B 0% . A R R SR A R
Joi B A5 S0 B e 0 S TR S R A AR R B B, A5 RN AL A e O IR T, DA X 4 4R T
WORBCERE I S LR B L LA, B T IC BB TR A A Un 1% B 45 3R AL R 25 AR O AR R B O S A AT AR A o
TS [] IR L 52 ) 4% 500 4 b iy S2 I 45 S B, AH L RNR ., VoteRank+HE587 bk | 1253005 1 {0 RE A Rk P& A% i) 1) & 2
T HL T 7 S5 S ) IR ) R G T 22 (9 A5, B T Y R e L

KBEIR « A1 W2 5 5 e KA s BRI K-truss 430 fiff s IC ALY ; SIR B!

FRAZ(RFERS)FRED(OSID) : ¥

5
H 35| AR P R BRI AR 2R R Wi B AL ) B3 T K-truss 8 SE Ot VL [T A HHL L AE, 2022, 48(11)
291-298.

X5 : SUN F X, CHEN W D, LIN “T-S. Improved voting algorithm based on K-truss for influence
maximization problem[J].Computer Engineering,2022,48(11) :291-298.

Improved Voting Algorithm Based on K-truss for Influence. Maximization Problem
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[ Abstract] In the Influence Maximization(IM) problem of social networks , approximation algorithms are used to calculate
the impact range of node sets via a significant amount of Monte-Carlo simulations, thus resulting in an increase in time
complexity.Most heuristic algorithms exhibit unsatisfactory stability on graphs with different topological structures.This study
proposes an improved voting algorithm, TrussVote, which is based on K-truss.In the voting stage, the effective voting ability
of a node is defined by introducing the relevant theory and algorithm of K-truss, which is used to represent the voting tendency
of a node to its different neighbors.Additionally, the propagation-probability of edges is considered when calculating the voting
score to improve the efficiency of the algorithm in solving IM problems.After each round of voting, the node with the highest
voting score is selected as the seed node.In the update phase, the attenuation factor is defined based on the similarity index
between nodes to effectively distinguish the weakening degree of neighboring nodes’ voting ability.In addition, based on the
original propagation results under the IC model, the Diffusion Difference(DD) is proposed as an analysis index equivalent
to the propagation range.Experimental results on real network datasets of different scales show that compared with RNR,
VoteRank++, and other algorithms,the proposed algorithm not only effectively reduces the time complexity, but also infects
more nodes in the shortest duration and has a wider range of influence.
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Fig.4 Change curves of final infection scale of different algorithms‘'with initial infection ratio
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