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Abstract

To overcome the shortcoming that current sentiment classification models cannot sufficiently ex-
tract salient features from short texts, a new emotion analysis model, BERT-BiLSTM-BiGRU-CNN,
which combines multi-features and attention mechanisms, is proposed. Firstly, we use the BERT

TEIEH .

NESH: KR, X, R, dE1E. T BERT-BILSTM-BIGRU-CNN [ SCAE A i A AL 1], @R 505 &, 2024,
13(1): 42-49. DOI: 10.12677/mos.2024.131005


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.131005
https://doi.org/10.12677/mos.2024.131005
https://www.hanspub.org/

KE E

pre-trained language model for text representation. Next, we integrate bidirectional long short-term
memory networks (BiLSTM), bidirectional gated recurrent units (BiGRU), and one-dimensional con-
volutional neural networks (CNN) models for text feature extraction, and incorporate a self-attention
mechanism for a better understanding of context. Finally, we train and validate the proposed
model on the Amazon review dataset. Experimental results demonstrate that our model outper-
forms existing models in terms of accuracy, recall, and F1 score, exhibiting superior performance
in binary sentiment classification analysis.
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Figure 1. BERT + BiLSTM-BiGRU + self-attention and CNN model
[ 1. BERT + BiLSTM-BiGRU + BE;¥& %1 CNN &2
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Figure 2. BERT model
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Figure 3. BiLSTM-BiGRU model
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Table 2. Comparison table of results data
= 2. EREERTEER
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Att-BiLSTM 81.12 80.34 80.72
Word2vec-Att-BiLSTM 85.34 85.17 85.25
BERT-BILSTM 86.24 85.23 85.73
BERT-Att-CNN 87.45 86.16 86.80
BERT-Att-BiGRU 86.67 85.27 85.96
BERT-Att-BiLSTM 88.78 88.36 88.56
BERT-Att-BiLSTM + BiGRU + CNN 91.98 91.07 91.52
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