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Abstract: To address the issues of semantic sparsity and fuzzy topic boundaries in public-opinion comment topic recognition,
a CoSENT and feature expansion-based topic recognition method(CE-TRM) was proposed. In the sentence embedding stage,
CoSENT's ranking optimization mechanism was introduced to resolve the inconsistency between training objective and inference
requirements of Sentence-BERT(SBERT). A feature expansion framework covering both the original texts and comments was
constructed, and a multi-head cross-attention mechanism was used to fuse the keywords from the original texts with the
comment embeddings. Dimensionality reduction was performed using PCA combined with UMAP, and topic identification was
ultimately achieved through clustering and c-TF-IDF (class-based term frequency-inverse document frequency). In the
experimental stage, two cases were used: the "Mercedes Queue-Cutting Incident at Xuwen Port" and the " Excessive Blood
Lead Levels in a Kindergarten in Tianshui, Gansu", from which 21 884 and 11 822 comments were collected, respectively.
The results show that in terms of the mainstream topic recognition evaluation metric C_v coherence score, CE-TRM
(CoSENT and feature expansion-based topic recognition method) improves upon SBERT-LDA and BERTopic by 19.3% and
5.6% , respectively. These findings demonstrate that CE-TRM mitigates, to a certain extent, the negative impact of short-text
feature sparsity on topic recognition, improves the accuracy of public-opinion comment topic identification, and provides new

technical ideas for public-opinion evolution analysis and public decision-making.

Keywords: natural language processing; short text; public opinion comments; CoSENT; feature expansion; topic recognition
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Fig. 3 Topic consistency changes with the number of topics
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