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Topic-dependent Information Diffusion Model on Social Networks
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Modeling the phenomenon which information spread from person to person on social networks precisely is im-
portant to understand the information diffusion and available for the applications using the information diffusion
models. The conventional models assume that information spreads based on the model’s parameters which are
independent from the contents of information. However, in general, interesting topics spread widely and boring
topics do not diffuse. We thus develop Topic-dependent Information Diffusion Model, a general framework of in-
formation diffusion model which can describe logs of diffusion and content of the diffused information jointly. We
thus derive the method of model’s parameter estimation based on EM algorithm.
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