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Abstract In social networks, the transmission process of information can be controlled macro by tracking a small number of
strongly influential users,but user influence is a kind of posterior information that cannot be predicted and can only be determined
by relevant characteristics. Therefore, this paper proposes a social network user influence evaluation algorithm that integrates
structural degree centrality to identify users with strong influence. As an evaluation algorithm for social network user influence,
SDRank is developed based on an improved PageRank algorithm, which introduces structural degree centrality,combines the re-
gulatory factor of join time and average forward number,and then calculates the user’s influence. Compared to other existing al-
gorithms, SDRank is applicable to a broader set of scenarios from a user behavior perspective,for it doesn’t require specific infor-
mation(such as personal tags,fans) that have potential forgery risks or default possibilities, and doesn’t have to exploit the
under-lying information of disseminated content. This paper takes the cascade forwarding dataset of Weibo users as the experi-
mental object, makes a visual analysis of the average forwarding number of top-K users and other relevant results,and discusses
the role of user forwarding behavior in information transmission in social network. During the experiment,its accuracy,recall rate
and Fl-measure value are greatly improved compared with PageRank and TrustRank,and the effectiveness of SDRank algorithm
is verified.
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