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A PR T T BAR R AT AR, HE— 5 B UM N 2 B O O Y IR IRIR SR 1
LR BE, Khoo %5 ' b Y 45 1) I WKW SCTHE— 25 48 i 26 5 2, i AN [) 288 59 1) 1) 1 7 7 0
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FRRF 5% J5 T A &5 RMERI B, Lowe 55 ) FEM @ BUR . & i R EFBI AT logit sRECHEAT 0L B A 31, 2
BT SO R SE Y BOR ST T AR UE . A NS T RE T T B A 1R T SCA B, HIN
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A Study of Policy Will Recognition Model for Public Opinion Texts
Based on Multi-level Feature Fusion with BERT
WENG Ke-rui, ZHOU Ya-jie, YU Shi-wei

Abstract: Traditional policy needs research has gradually shifted to the use of social media for policy needs
intelligence discovery due to cost and time factors. Although social media provides rich public policy will,
capturing policy views in it is challenged by semantic ambiguity and complex comment network relationships.
To address the above issues, this paper proposes the ConTextBERT-CNN model to identify public policy
intentions on social media. The model combines the optimised BERT pre-training model and the improved
TextCNN architecture, enhances the Chinese semantic understanding through the full word masking tech-
nique, and fuses the outputs of different layers of decoding layers to achieve fine extraction of multi-layer
semantic information. The experimental results show that the ConTextBERT-CNN model achieves classifi-
cation accuracies of 86.4% , 82.0%, and 82. 5% when dealing with the datasets on the topics of new energy
vehicles, carbon neutrality, and time-sharing tariff policies, respectively, which are significantly better than
the traditional deep learning methods, demonstrating that it has high efficiency and accuracy in capturing and
parsing the public’s policy intentions.

Key words: social media; policy need; BERT ; public opinion policy text
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