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Comment Sentiment Analysis and Sentiment Words Detection Based on Attention Mechanism

LI Yuan, LI Zhi-xing, TENG Lei, WANG Hua-ming and WANG Guo-yin

Chongqing Key Lab of Computation Intelligence,Chongqing 400065, China

Abstract Comment sentiment analysis is one of the research hotspots in user generated content field. Because of the diversity of
comment objects and the casualness of commentators’ language,comment sentiment analysis has become a challenging issue. The
existing methods mainly calculate the emotional polarity of comments by pre-building the emotional vocabulary. However, these
methods cannot adapt to the problem that the same words have different emotional polarities in different contexts. To overcome
this problem.the attention based convolutional-recurrent neural network ( A-CRNN) model was proposed to model the emotional
polarity of comments and words in different contexts. By combining the context of words in sentences,the proposed method can
focus attention on a small scale around the main emotional words. The A-CRNN model calculates the emotional polarity of the
words through an adaptive method, which improves the accuracy of words’ emotional polarity judgment and the accuracy of short
texts’ emotional polarity. Compared with CRNN,CNN and emotional dictionary methods, the proposed method achieves better
results in Chinese dataset induding Meituan Review, Party Building Review and English dataset including Amazon Product Re-
view.

Keywords Emotional analysis, Attention mechanism,Convolutional-recurrent neural network, Multi-granularity
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Table 2 Results of ACC of different algorithms

BT . %)
HEE A-CRNN CRNN CNN
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AT 98. 195 97.920 89.038
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Table 3 Results of ACC of machine learning algorithms

CRAT 2 %)

HiE R ERuiRe EEFR THEIF
A-CRNN 56. 272 98.195 92. 867
Naive Bayes 45.16 89. 83 80.18
KNN 43.37 86. 30 80.92
Logistic Regression 52.20 95.33 83.92
Random forest 41. 88 90. 80 82.06
Decision tree 37.70 87.28 76.56
GBDT 52.22 94.55 82.10

A AU S 51 S 43 S AR A SO T RS I R
(Accuracy) ¥8 b5 i I T 45 A 359 19 i 1 5 (Precision) . 4
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Table 4 Results of Macro_P,Macro_R,Macro_F on three datasets

R; 12

A-CRNN CRNN CNN

Macro_P 0.5042 0.5021 0.3988

* @ T #® Macro_R 0.5605 0.5488 0.4760
Macro_F 0.5309 0.5244 0.4340

Macro_P 0.9820172 0.9792 0.8920

BT Macro_R 0.9819635 0.9793 0.8899
Macro_F 0.9819903 0.9792 0.8909

Macro_P 0.8418 0.8144 0.8344

T 5 #if ik Macro_R 0.8596 0.8177 0.8427
Macro_F 0.8506 0.8161 0.8386
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Fig. 2 Visualization of fine-grained emotion on Meituan dataset
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Fig. 3 Visualization of fine-grained emotion on Amazon dataset
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