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Dual BERT directed sentiment text classification
based on attention mechanism
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(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Intelligent
Computing of Complex Energy System Engineering Research Center of the Ministry of Education, North China Electric Power Uni-
versity, Baoding 071003, China)

Abstract: Understanding the emotional relationships between different political entities in political news texts is a new
research topic in the text classification field in computational social science. Traditional methods of sentiment analysis
cannot be applied to political news texts because they do not consider the direction of emotional expression between en-
tities. This study proposes a dual BERT-directed sentiment text classification model based on the attention mechanism,
which consists of four modules: input module, sentiment analysis module, political entity direction module, and classi-
fication module. The structure of the sentiment analysis module and the political entity direction module are identical.
Both employ the BERT pretraining model to embed the input information, a three-layer neural network to extract the
emotional information or emotional direction information between entities, and an attention mechanism to combine
these two kinds of information to classify political news texts. Experiments on comparable data sets show that the model
outperforms existing models.

Keywords: sentiment analysis; bidirectional encoder representation from transform neural network; pretraining model;

attention mechanism; deep learning; machine learning; text classification; neural network
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Fig. 3 Analysis model of a dual BERT directed sentiment
based on attention mechanism
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Table 2 Comparison of experimental results

s Micro-F Macro-F mAP
FastText 0.2148 0.2041 0.2720
CNN 0.3258 0.1570 0.4509
RNN 0.1360 0.1580 0.2047
RNN_Att 0.2109 0.2085 0.2796
Transformer 0.6177 0.3277 0.3822
LNZ(EntityPrior) 0.5833 0.4063 0.4140
LNZ(Context) 0.6371 0.4665 0.4291
LNZ(Combined ) 0.7055 0.5358 0.5295
RoBERTa 0.748 6 0.6409 0.7319
DSE2QA(Complete)  0.7726 0.6617 0.7387
DSE2QA(Pseudo) 0.7973 0.6766 0.7488
ARSCASAY 0.8030 0.6845  0.7466
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Table 3 F;-score for each category

TEEAY 0 1 2 3 4

FastText 0.7906 0 0 0.2297 0

CNN 0.0497 0.3871 0 0.3484 0

RNN 0.7902 0 0 0 0

RNN_Att 0.6380 0 0 0.404 6 0
Transformer 0.6404 0.3030 0.1143 0.3993 0.1818
LNZ(EntityPrior) 0.7133 0.2629 0.2353 0.4533 0.3667
LNZ(Context) 0.7469 0.4069 0.2817 0.5007 0.3964
LNZ(Combined) 0.798 1 0.443 0.3333 0.5827 0.5217
RoBERTa 0.8054 0.6373 0.5079 0.7184 0.5354
DSE2QA(Complete) 0.8293 0.642 1 0.5672 0.7416 0.5283
DSE2QA(Pseudo) 0.8550 0.6519 0.5672 0.7402 0.5686
ALY 0.8799 0.6531 0.5306 0.7513 0.607 6
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Table 4 Ablation experiment

FRETRY Micro-F Macro-F mAP
Ei| 0.7742 0.6786 0.6887
B2 0.4269 0.4294 0.4009
A3 0.4279 0.3844 0.3905
AR 0.8030 0.6845 0.7466
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