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Abstract: [Purpose/Significance] To address the sparsity issue in short text classification, this paper proposes a short text
classification method based on topic probabilistic feature expansion with BERTopic-RoBERTa-PCA-CatBoost model. [Methods/
Processes] The RoBERTa model is employed to obtain word vector representations of short texts. Topic probabilistic feature

vectors are extracted using BERTopic topic model, which is then fused with word vectors for feature expansion. Finally, the
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CatBoost algorithm is utilized for classification. [Limitations] In terms of classification, deep learning algorithms have not

doi:10.3772/j.issn.2095-915x.2024.05.008

been utilized for verification. Regarding feature fusion, future work may consider alternative feature fusion methods. [Results/
Conclusions] The proposed BERTopic-RoBERTa-PCA-CatBoost model demonstrates improvements of 10.90% in accuracy,
10.91% in precision, and 10.68% in recall compared to LDA-CatBoost model. The short text classification method based on topic

probabilistic feature expansion can overcome the limitations of individual models and enhance the effectiveness of short text

classification.
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&2 HRSSELLRER

it AR ILES Al F1{H AUC {8
RoBERTa-Catboost 0.6340 0.6344 0.6352 0.6328 0.9244
RoBERTa-PCA-CatBoost 0.6235 0.6275 0.6252 0.6247 0.9175
BERTopic-CatBoost 0.8155 0.8398 0.8178 0.8183 0.9687
BERTopic-RoBERTa--PCA-CatBoost 0.8545 0.8560 0.8548 0.8550 0.9772
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R H P TRAEPHE19TE , BERTopic HIAIHT H
() FUE B AT RE B 2%, R BIRMERLG
SCo B, A RS BT X —RRIE R U v
ST A AR IERL & AT, (5 RRTRI Dy
oy b 2 B A 2 TH R REAE, TR 42
R

S 4 R 3 W AR SC 42 HY Y BERTopic-Ro-
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