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Abstract This study aims to address the new challenges faced by online rumor recognition and explore the effectiveness of large
models in recognizing different sources of rumors. Constructing domestic and foreign rumor and Al rumor datasets,and testing
the rumor source identification ability of four large models under zero sample settings. Research has found that a single large
model has low accuracy in identifying rumors and has a clear tendency towards errors. To improve recognition performance, me-
thods such as pre-training, fine-tuning, and ensemble learning are adopted to significantly enhance the performance of the large
model. Furthermore,a model collision based ensemble learning method is proposed to improve the effectiveness of rumor source
recognition by utilizing multi model feedback. Experimental results show that the ensemble learning framework can integrate the
advantages of various models and significantly improve recognition accuracy. This study verifies the potential and improvement di-
rection of large-scale language models in rumor recognition through empirical research, which helps to cope with the current com-
plex online rumor environment and maintain the clarity of cyberspace.
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Fig. 1 Dataset construction process
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Table 1  Statistics of various information features in rumor dataset
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Table 2 Rumor recognition testing process

Title: Innovative Urban Development Plan to Transform Cities

An innovative urban development plan has been unveiled, aiming to transform cities into more sustain-

able, livable, and technologically advanced environments. The plan includes initiatives for green infra-

Prompt

structure, smart technology integration, and community engagement programs. By reimagining urban

spaces, the project seeks to address challenges such as pollution, housing shortages,and traffic conges-

tion, setting a new standard for city living in the 21st century.
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Table 3 Performance comparison of various models
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Table 4 Use prompt words for feature reminders

Title: Groundbreaking Study Reveals Surprising Insights into the Impact of Artificial Intelli-
gence on the Job Market
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Table 5 Comparison of recognition performance based on
pre-training and fine-tuning
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Table 6 Comparison of recognition performance based on
pre-training and fine-tuning
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