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Abstract: The spread of misinformation on social media is continual, however, existing methods based on deep learning and graph
neural networks still face limitations in adapting to complex environments and providing interpretability. In addition, although large
language models (LLMs) possess powerful language understanding capabilities, their potential in handling complex textual cues and
propagation patterns has not been fully explored. This paper proposes a multi-angle feature extraction framework based on large lan-
guage models, aiming to fully leverage the deep semantic mining and interpretability advantages of LLMs. Specifically, this frame-
work guides LLMs to analyze social media content from ten perspectives, such as writing style, factual consistency, and netizen's
sentiment, and outputs detailed explanatory responses by designing a set of multi-angle prompting instructions. The model then out-
puts detailed responses along with explanatory rationales for each question. Subsequently, the framework utilizes the feature extrac-
tion function of LLM to obtain the semantic representation of the session chain and the semantic representation of the interpreted
text of the raw data, and further processes them with classification training using a multilayer perceptron, thus realizing low-cost and

high-efficiency misinformation detection. Experimental results demonstrate that the proposed method in this paper significantly sur-
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passes two categories of baseline methods, Graph Neural Networks (GNNs) and Large Language Models (LLMs), in key metrics

such as F'1-score and accuracy. On the three public datasets of Weibo, Twitterl5, and Twitter16, the proposed method in this paper

improves the F1-score by 1.4%, 3.8% and 3.5%, respectively, compared to the strongest baseline. Furthermore, the method not only

maintains high performance but also substantially reduces training costs while enhancing the transparency and interpretability of

model decision-making.
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Fig. 1 Framework of misinformation detection using multi-angle analysis with LLMs
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Table 1 List of multi-dimensional prompt instructions for LLMs
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Fig. 2 Workflow of multi-dimensional prompt design
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Weibo Twitterl6
Acc P R F1 Acc P R F1 Acc P R F1
Zero—Shot 0.751 0.693 0.892 0.780 0.622 0.615 0.653 0.633 0.596 0.587 0.639 0.612
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Table 6 Ablation Results
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