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Abstract

With the wide spread of internet and big data research and applications, influence diffusion research in social network
becomes one of the hot topics in data mining and social network analysis in recent years. The main results on social
influence diffusion research from the field of computer science in the last decade, which covers the three main areas
-- influence diffusion modeling, influence diffusion learning, and influence diffusion optimization, were summarized.
Different techniques, such as stochastic modeling, data mining, algorithmic optimization, and game theory, were
demonstrated in their application to influence diffusion research. Finally, some discussions on the current issues,

challenges and future directions in influence diffusion research and applications were provided.
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(A B 2 9 o B AR B K 5 RE M )
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W6 5 Wi H AR AR — A,
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