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SFEN-Inf: An Inference Algorithm for Weibo Information Diffusion Network
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Abstract One feature of the Online Social Network is the rapid spreading and frequent interaction of information. To understand the
properties of social network deeply, we usually need to know the structure of the information diffusion network. However, the network
is always latent. We can observe timestamps and contents of information, but it is hard to find the information diffusion network. So,
inferring the network of information diffusion according to observed data, which called information diffusion network inferrence
problem, has important research meaning. We study the problem in this article, define a general probabilistic model that combines
timestamp and content similarity and develop SFEN-Inf algorithm to infer the information diffusion network structure. We conduct our
experiments on Sina Weibo datasets which composed of typical topics. We compare our algorithm with state of the art NetInf algorithm

and conclude that SFEN-Inf has about 2 times higher accuracy and improves time efficiency by several orders of magnitude.
Key words information diffusion; network inference; SFEN-Inf; NetInf; weibo
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