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Abstract One of the most important technologies in modern information and service industry is social influence analysis. More
and more researchers in social networks focus on social influence. Real social networks are evolving rather than static. The pro-
posal of evolutionary network also brings new challenges and opportunities. At the same time, the massive social information in
the evolutionary network also provides strong support for the rapid development of big data analysis technology. In this paper,
evolutionary network and influence maximization are discussed. It also discusses the diffusion model of social influence analysis
and the influence analysis method based on social network big data. At the same time,some widely used influence algorithms are
further sorted out. In addition, this paper also discusses the relationship between big data, evolutionary networks, and social
influence maximization. This paper aims to help other researchers to better understand the existing work and provide new ideas
for the influence analysis of social networks through the influence analysis of large-scale social networks.
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Fig. 1 Influence analysis in evolutionary network
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Fig. 2 Extraction process of influential nodes
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Table 1 Overview of common greedy algorithms
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