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Review on Methods and Applications of Text Fine-grained Emotion Recognition

WANG Xiya,ZHANG Ning and CHENG Xin

School of Business,Qingdao University, Qingdao, Shandong 266000, China
Abstract Emotional information contained in massive texts on the Internet expresses public views and attitudes. How to identify
and utilize emotional resources has become the focus of research in various fields. By combing the relevant theories and literature
on fine-grained emotion recognition, this paper summarizes the classification methods and application scenarios,and discusses the
technical challenges and practical gaps. Through analysis,it is found that fine-grained emotion recognition methods mainly include
emotion lexicon, traditional machine learning and neural network learning, which are mostly used in business analysis and public
opinion management. In view of the future research trend,firstly,the real-time updating of online emotion words,domain lexicon
construction and semantic analysis technology can be studied. Secondly, how to improve the automatic classification of training da-
ta and build a semi-supervised learning model need to be further discussed. In addition. the research of business analysis and pub-
lic opinion management can explore the integration of aspect extraction and emotion recognition. This paper summarizes and com-

ments on emotion recognition technology and its application, which can provide a reference for the subsequent research.

Keywords Fine-grained emotion recognition, Emotion classification, Emotion lexicon, Machine learning . Neural network learning
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Diagram of three common theories of emotion

Fig. 1

3 B&ERHAE

3.1 EFiRaMAEE

AR Sy — i T0 W B 4324 T 1, 1) L ) PR R 6 R L, A
BhAE SO v AT I 2 S T DG R R T L 2y vk BT AR 1Y
7 28 1) ML 0 K o 43 S S - ph R A R AR L T IR R R Y
AT M R R FE R W G 4 e e R I 2
TN A 55 2 3R 1) B0 288 500 BT 5 4 9] 5 40 43 BEORG A L R Ot A SR
PRTOR R HL T )iz 0 A B SO R i, e SR il kg
R, H A FE Wordnet Affect™™ , NRCH®, LIWCH 5 p
SC A 4 IR St i b SO R A f& R (DUTIR) M
SC-LIWCE" , 41 4 1] B ABE S0 G 28 1 BT 9, 3 P ) 0 7 25
AR R THE 25 IR B0 HE B 1 Wang S50V R & S AL 3% 07
2,454 Wordnet ¥ 75 NRC Fh 7 18] #it 5 10 J5 5 T #4068 B9 2508
5 25 2670 R P 5 0 B A5 L 43 TC 45 B, S I M iy R i
& . Zhang % I F o SO RRNIC A AR L B Word2Vec,
A% 5% 1) i) R AL 15 R SO-PMI S8 3 977 58 28 & o 11 4%
T

1 PRSI ML IR

Table 1  Overview of Chinese-English emotion lexicons
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Table 2 Comparison of emotion classification algorithms based
on statistical machine learning
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Table 3 Comparison of emotion classification models based on neural network learning
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Fig. 2 Fine-grained application scenarios of emotion recognition
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Fig. 3 Fine-grained research trends of emotion recognition technology
and application
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