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Diffusion model and top-k nodes mining for mobile social networks
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Abstract: The top-k nodes in those network systems often play critical roles in information exchanges and spreading. Thus
finding those influential carriers in mobile social networks is very useful for mobile operators to make strategy, such as sales
marketing etc. This paper proposed a top-k mining algorithm based on the information diffusion model. The experiments prove

that the proposed algorithm can mine influential nodes efficiently and accurately in mobile social networks.
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algorithm 1 ; greedy top-k algorithm

(17)

(18)

P(k) = (19)

input : mobile social network G(V,E) ,information diffusion model R.
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j)end;
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