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Research on Critical Nodes in Social Networks Based on Owen Values
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Abstract Discovering critical nodes in social networks has many important applications and how to find out K critical
nodes with the most influence in a social network is a NP problem. Considering the widespread community structure in
social networks, this paper presented an algorithm of discovering critical nodes based on two information diffusion mo-
dels and obtained each node’s marginal contribution by using Owen value and Monte-Carlo method. And the solution of
the critical nodes problem is the K nodes with the highest marginal contributions. The results show that the algorithm is

more suitable for the networks with community structure and the time efficiency of the algorithm is dozens of times than

the Greedy algorithm.
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