2026 &£ 3 A
Mar. 2026

®16% £3MH 2 B it E M5 M A

Vol. 16 No.3 Intelligent Computer and Applications

Jio, k4N, HETF BERT-BiGRU-CNN HiRHISCA S 255 [ 1], BRI 5 N H ,2026,16(3) :94-99. DOL: 10. 20169/].
issn. 2095-2163. 24042805

E F BERT-BiGRU-CNN RJiRU | 3T AR 43 K7 53

B =, % W
(AREEITKRE HEHNFER, EX 211815)

W OE. X B AT SO S A A — R 22 SORMERPEAS R (0 R0, 48 8 T —F 36 T BERT-BiGRU-CNN [ 3UAR 43 FE A
T, {8 F BERT il A5 0ot Jo SCAR R4 T /) 2 I A RRAIE 1) e 38R 5 EOR 3 ek U ji) 1 4 A6 24 200 ( BiGRU ) 3R B AR 42 )
FESVERAE ; Fre i , SR FHAE BRI 28 ) 45 ( CNIN) 12 BIUJR) 308 3 s RRAIE | DAL 8 o B R R AE S BUPE B, S5 5R ) github B 1 Twiter
sarcastic BIE4: , JTH 45 AL , 3T BERT-BiGRU-CNN [ SCAS /3 AR U 7R 0 a4 B B9 ERR R | F1 PR 438 br 5y mEUS T
RLAF AR, W S0 T A R

KR URISCA 43255 BERT B ZRASTAY ; W] [ TG PR BT s R I 45

RESES . TP391.1 SCERARARRD: A N EHES: 2095-2163(2026)03-0094-06

Research on the classification of satirical texts based on BERT-BiGRU-CNN
ZHOU Rong, QIAN Gang

(School of Computer Science, Nanjing Audit University , Nanjing 211815, China)

Abstract: In order to solve the problem of polysemy and low accuracy in the classification of satirical texts, a text classification
model based on BERT-BiGRU-CNN is proposed. Firstly, the BERT pre—trained model is used to represent the feature vectors at
the sentence level for short texts. Secondly, the global sequence features of the text are obtained through Bidirectional Gated
Recurrent Units( BiGRU). Finally, the Convolutional Neural Networks ( CNN) is used to extract local key features to improve the
feature extraction performance of the model. The experimental results show that the text classification model based on BERT -
BiGRU-CNN has achieved good results in terms of accuracy and F1 score on the dataset, which is significantly better than the
existing models.
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Table 2 Experimental data settings
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Table 3 Experimental environment
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BIERS Windows10
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Table 4 BERT model parameters
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Table 5 CNN model parameters
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Table 6 Confusion matrix for classification results
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Table 7 Parameter description table
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Table 8 Experimental results %
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