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Tracking research on Hot topics of Campus Public opinion based on big data
LUO Meiliu
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[ Abstract] Hot topics on the Internet today directly reflect the public opinions of teachers and students, and become an important
part of school management and supervision. Therefore, opic tracking research has attracted more attention, and topic tracking
technology has been born. This technology is proposed for the identification of unknown topics in the vast Internet resources and the
continuous tracking of known topics. However, with the rapid growth of network data volume, the traditional topic tracking research
faces a technical bottleneck in the face of large—scale data. In order to better improve the efficiency and accuracy of topic tracking
detection, this paper introduces the processing technology of big data into topic tracking research. By collecting the data of teachers
and students” visits to weibo, the collected data can be used to realize topic tracking research, timely grasp the public opinion

dynamics, and realize the early warning of emergencies.
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Fig. 1 Flow chart of hot topic tracking model on campus with

improved neural network
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