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[ Abstract] In order to solve the problem of high time complexity and low impact coverage of nodes in influence
maximization algorithm,a new influence maximization algorithm is proposed. The PageRank algorithm is used to select
the nodes with higher influence as the standby seeds. Then, the combined impact probability of the standby nodes is
calculated by counting the number of active rotations and activations of the nodes which can be activated, and k nodes
with the largest probability of the combined impact are selected as the seed nodes by the Genetic Algorithm ( GA).
Simulation results show that compared with DegreeDiscount, PageRank and other algorithms, the algorithm can obtain
better nodes selection effect.
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