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Abstract: Accurately identifying influential spreaders in temporal networks is crucial for product
promotion, rumor suppression, and other aspects. Existing methods mostly rely on a single
feature (the number of neighbors, node location, or propagation ability) and ignore interactions
between features, resulting in low accuracy. Therefore, a temporal gravity (TG) model and an
information entropy-based identification method (TGBISR) were proposed to improve
identification accuracy by fusing multiple features. First, the TG model was used to analyze the
degree centrality, closeness centrality, and betweenness centrality of the user, portraying their
local, positional, and global features, respectively. Then, the information content of each
feature was measured through information entropy, and different weights were assigned to them
to comprehensively compute the user’s influence. To verify the result, the susceptible—infected—
recovered (SIR) model was used to simulate information dissemination on four real datasets to
obtain the real influence of users. The correlation between the TGBISR calculation results and the
real values was then compared using Kendall’ s correlation coefficient and regression analysis.
The experimental results show that the TGBISR method’ s calculated results exhibit a higher
statistical correlation with the true influence of the SIR model when identifying influential
spreaders, and its accuracy significantly and consistently outperforms that of the other five
benchmark algorithms.
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Fig. 1 Temporal network with 6 nodes and 4 time steps
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Table 2 Statistical characteristics of real data
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Fig. 3 Kendall coefficient of six algorithms in four social networks
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