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Abstract: With the rapid development of the Internet and social media, the mechanism of information
dissemination and public opinion formation has become increasingly complex.This article systematically reviews
the research progress in the field of information dissemination dynamics and public opinion simulation, focusing
on how different types of real data can be combined with communication dynamics models, the application of
machine learning in parameter estimation and propagation law prediction, and the broad prospects of combining
communication dynamics with large models in information dissemination research. This article proposes
suggestions for optimizing model complexity and computational costs, improving data quality, and real-time
data processing through an analysis of a large number of communication dynamics literature.
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