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Abstract: The use of sentiment analysis technology to extract valuable information from hundreds of millions of texts could grasp
the tendency of public opinion and help decision—makers make important decisions, and shows great research and application value.
For emergencies, the conventional sentiment analysis models are difficult to extract relevant specific representations from the text.
The aforementioned situation makes classification difficultly. To this end, the paper proposes an improved BERT classification
model LE-BERT, which uses LDA topic model to classify texts and concat keywords with original texts, strengthening the
characterization information of texts in specific fields. Moreover, the paper introduces the image attention mechanism ECA in the
downstream model to ameliorate the problem of insufficient classification information caused by using only [ CLS] token of the
traditional BERT model for downstream tasks, which enables the model to focus on more global information. The experimental
results show that the introduction of LDA strengthens the representation information, leading to a positive impact on model
classification. And the use of ECA in the model improves the ability of the model to extract the global information, which causes a
better robustness. The proposed LE—-BERT model outperforms the baseline models with an accuracy of 89. 92% and a macro—
averaged F1 score of 91. 25% in the sentiment classification task.
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Fig. 6 Keyword word cloud map of the dataset
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Table 1 Comparison of the classification effects of LE-BERT and

BERT %
Method Accuracy Precision Recall F1
BERT 85.78 87.88 87.67 87.73
LE-BERT 89.92 92.27 90.24 91.25
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Fig. 7 The changing curve of perplexity—topic number
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Table 2 Performance of the final classification results when selecting different number of topics

Topic number ~ Confusion  Keyword number ~ Weight A/ % P/ % R/ % F1/ %
2 76.33 10 300 87.53 89.55 88.90 89.22
3 79.23 10 300 87.66 91.31 87.08 89. 15
4 78.47 10 300 87.60 89.22 89.52 89.37
5 76. 65 10 300 87.16 89.16 88.67 88.91
6 75.45 10 300 88.26 89.55 90.38 89.96
7 74.22 10 300 89.92 92.27 90. 24 91.25
8 74.31 10 300 87.78 89.76 89. 18 89.47
9 74. 86 10 300 87.44 90. 09 88.11 89.09
10 75.72 10 300 86.88 86. 60 91.65 89.05
11 74.32 10 300 88.00 90.33 88.90 89.61
12 75.69 10 300 87.06 86. 68 91.89 89.21
13 74.01 10 300 87.24 92.26 85.23 88.60
14 72.77 10 300 87.46 88.42 90. 27 89.34

15 73.92 10 300 86. 66 88.29 88. 86 88.58
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Table 3 Performance of the final classification results when selecting different keyword thresholds

Topic number  Keyword number Weight A/ % P/ % R/ % F1/ %
7 10 100 86. 86 86. 19 92.20 89. 09
7 10 300 89.92 92.27 90. 24 91.25
7 10 500 88.50 90. 64 89.48 90. 06
7 10 700 87.86 86. 50 93.78 89.95
7 10 900 87.84 93.70 84. 81 89.03
7 10 1100 88.24 93.48 85.77 89.46
7 10 1300 88.62 89.48 91.17 90. 31
7 10 1 500 88.04 90. 67 88.56 89. 61
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Table 4 Performance of five attention mechanisms when added to

the model %
Attention Methods A P R Fl1
None 86. 12 88. 14 87.93 88.03
SENet 89. 06 90. 51 90.72 90. 62
CBAM 89. 60 91.82 90. 18 90. 99
CA 89.74 91. 66 90. 62 91. 14
ECANet 89.92 92.27 90.24 91.25

RO HEAT TIRRISCEe W 5, 3k 5 TLIE 2
PRZH LDA 13 2 H S (153 BERT B9 73 288508
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BURTE Accuracy , Precision, Recall F1 F1 2% 1435
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Table 5 Ablation experiment

BERT LDA ECA A% P/% R% Fl/%
v 85.78 87.88 87.67 87.73
v 2 86.12 88.14 87.93 88.03
Vv V' 89.46 90.27 91.79 91.02
v 2 % 89.92  92.27 90.24 91.25
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Table 6 Comparative experiment %
Models A P R F1
Text—CNN[?] 79.19 78. 84 78.83 78. 84

RNN-Capsule®)  83.10 82.82 82.84 82. 83
Bi-GRU > 84.3 84.06 84.01 84.03
Bi-LSTM " 84. 66 84.43 84.37 84.39

BERT-Attention' ) 85.45 85.24 85. 14 85.19

BiLSTM-CRF'®!  85.62 85.43 85.31 85.36
LE-BERT 87.94 87.80 87.67 87.73
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