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Abstract By extending the independent cascade model, one of representative information diffusion models over
social networks, we propose a new model in which information diffusion probabilities over links are formulated as
a function of nodes’ attribute values. As its application, we focus on a problem of estimating the expected infor-
mation diffusion degree based on the extended model, and propose its solution method. In our experiments using
large-scale social networks, we evaluate the performance of the expected information diffusion degree estimation for
the case that the information diffusion probabilities are determined by nodes’ attribute values. As our experimental
results, we show that our proposed method is much better than the conventional approach assuming that all of the

information probabilities over links are the same.
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