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Influence maximization algorithm for micro-blog network

WU Kai ™, JT Xinsheng, GUO Jinshi, LIU Caixia
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Abstract: Influence maximization problem in micro-blog cannot be solved by sifaplé user rank algorithm. To solve this
problem, a greedy algorithm based on Extended Linear Threshold Modeh\( ELTMA\Was proposed to solve Top-K problem in
microblog. A concept of influence rate and a WIR ( Weibo Influenée/Rank) algosithm were established to determine the user’s
influence by summarizing the key factors. Then, based on WIR%alues, an\influence propagation model was proposed. After

using greedy algorithm, the Top-K nodes were excavated. A’shmulationpest based on Sina micro-blog was performed to validate

the effectiveness of the proposed method. The result shiows that the thethod outperforms the traditional algorithm.
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i A : Weibo network G(V,E) ,K;
i 1y : Top-K nodes set S,

1) Initialize S = J, R = 1000
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3) Calculate WIR(v)

4) end for
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7) end for
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