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Research on public opinion analysis model based on big data technology
HAN Lei, XIA Mingliang, SHI Zhan, ZHENG Shengnan

(School of Computer Science Engineering, Nanjing Institute of Technology, Nanjing 211167, China)

Abstract: The public opinion analysis system plays a crucial role in assisting university public opinion governance. However,
existing systems often face limitations in their technical architecture, data collection, and analysis capabilities. To address these
shortcomings, the paper has developed a comprehensive framework for sentiment analysis and data storage based on streaming data.
The paper has also implemented a cutting — edge method for mining hot topics using Latent Dirichlet Allocation ( LDA) and
introduces a sentiment classification approach leveraging the power of the BERT ( Bidirectional Encoder Representations from
Transformers) pre—trained model. Furthermore, the paper has successfully constructed a user—friendly Web—based system tailored
specifically for university public opinion analysis. The research provides valuable insights, innovative solutions, and practical
recommendations for the design and implementation of effective university public opinion analysis systems.
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Fig. 1 Public opinion analysis functional model
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Fig. 2 Technical framework for public opinion analysis
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Fig. 6 University public opinion analysis system
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