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Analysis of the relationship between the important nodes by induced subgraph
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Social networks mediate the spread of various information including topics, ideas and innovations, and finding
influential nodes is one of the most central problems in social network analysis. In this paper, we focus on widely-
used fundamental probabilistic models of information diffusion through networks, such as the IC (Independent
Cascade) model or the LT (Linear Threshold) model, and propose a method for analyzing the relationship between

such influential nodes.

More specifically, this method calculates the number of connected components of each

induced subgraph constructed by selecting the top-k influential nodes or those easily influenced by other nodes,
where the parameter k is changed from 1 to the number of nodes. In our experiments using large real networks
with only colinks, we demonstrate that the IC model and the LT model show different characteristics, when we
consider the top-k influential nodes or those easily influenced by other nodes.
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