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Abstract: With the surge in personal opinions on online platforms, sentiment analysis has become crucial. It can help institutions gain a deep-
er understanding of users’ emotional tendencies, optimize product services, provide strong support for market decision-making, and more ac-
curately understand social public opinion trends. Summarize the latest developments in the field of sentiment analysis, including preprocessing
techniques, feature extraction methods, classification techniques, commonly used datasets, etc. Explore the limitations and future research di-
rections of this field, in order to provide valuable resources for relevant researchers and practitioners.
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Fig. 1 Sentiment analysis framework
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Table 1 Summary of sentiment analysis datasets

R1 BESTHIEELLS

Bt 4R FEH E[Bar T i Tk R A At

IMDb 2 - 25 000 - 25 000 - 50 000

Sentiment 140 2 - 800 000 - 800 000 - 1 600 000
SemEval-2017 4A 3 - 22277 28 528 11812 - 62617
SemEval-2017 4B 2 - 17 414 - 71735 - 25 149
SemEval-2017 4C 5 1151 15254 19187 6943 476 43011
SemEval-2017 4D 2 - 17 414 - 71735 - 25 149
SemEval-2017 4E 5 1151 15254 19187 6943 476 43011
Twitter US Airline Sentiment 3 - 2363 3099 9178 - 14 160
OCEMOTION 7 512 475) PR (8 894) I (4 347) A& (4 068) AR (4 042) 4517 (899) ZHE(590) 35315

AR R 2K
31 HESEFEIFE

BLAR 27 20 J5 vk 1 S 38 1 T4k 34 5 I 5 A o) T8 G A5 B
1) 77 AR A SCAR B 5 4R J5 R FH TF-IDF . N—grams %5 F§
TE 4 B A SCA R 7 Sy Al ABL 2% 2 73 A 9 B
FRAE o AILAS 2% A5 B A O ik i T8 2 2 2 A0 45 S8R )
HEHL RN DS 2 ) 5 S A . o, SR
HILaE 3k 5 e 0 8 1 T8 A S BRI A — 0026, i A4
TR B 156 A i R PR A 28 3] 79 S5 o) e 381 - T ) 2
T4 e B Y 2 AL RE 0 o SCf 1) LR Ak B A AT
[ 70 ) 29 B LS 0[] 0 R 30 e A% o Ak 3 A 2 P 1)
ADER DU i T DLt 375 B 2 2R3, HARRRIE 2
1R T VA s 3 o = B S L VR 20 | T A 1 B 6 B
ARGy AR, 1A PR ORI 4R 5 1 4R RRIE 2 ] IR
A R 5 2 VA AR Ry — R A 2Bk 3l i sie-
moid B ECHE L 2H 5 i A AR 31 0~ 1 995 L, DA T A5 1) 4
AJE T IEZE A AL HIZRod F A T i RAUSR Al 3, &
FH T HEARAG A0 — 432 () 330 ; P SRR S — Fh i T 4R 19
JEDRE T 3 3k R AR 23 (] rpoAl) AR AR S5 4 7 2 A L o
W AL B 326 o H D) T B AR R L TR AR B2
PEX RIS A RAFATERE . B2 LG HLE 5 2] ik
TR Hr i 7

s ) i ()

Fig.2 Sentiment analysis process of traditional machine learning

methods
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Table 2 Summary of machine learning approaches

R2 NBEIFERE

ik FHIEFEI et Hid e TR /%
Athindran %®) NB FI i 2o 4E R A Twitter ) 77
Vanaja 2" A priori B NB.SVM [ B4 R 19 Amazon) 83.42
- ' ' IMDb 88
Igbal % Unigram Bigram NB.SVM .ME
Sentiment140 90
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" DT .AdaBoost ,
Ralhii":r[”] TF-IDF VM Sentiment140, Polarity Dataset, University of Michigan dataset 67
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Tariyal 2512) e TRV A RS Ck H Twitter ) 88.99
. SveC ) 82.48
Rahat 2! A I 4 R A Twitter )
MNB 76.56
Makhmudah 45114/ TF-IDF SVM L5 [ AR G A 4 3C 99.5
Wongkar 451%) NB 2019 4F E[JE J& PG V.l A 15 N A 5 4 SC 75.58
Madhuri"'® SVM EJVBERR AR A SC 91.5
Gupta 25117 TF-IDF Tz 4% sentiment 140 80
Prabhakar 28 AdaBoost FEES N FIAH 68 (Fl-score)
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Table 3 Summary of deep learning approaches
R3I REFIFERE
SCHk TR A S pETES HE 1%
Raza %124 il 11 Ak 28 A TF—-1DF MLP COVID-19 #5643 93.73
82
et Twitter US Airline Sentiment
Harjule 2512 LSTM
Sentiment140
68.9
Hossain il Bhuiyan(2020) ¢/ word2vec CNN +LSTM BT 75.01
Tyagi 2527 GloVe CNN+BIiLSTM Sentiment 140 81.20
Rhanoui %1% doc2vec CNN+BiLSTM e S 90.66
Jang %—:‘ 2] word2vec Attention+CNN +BiLSTM IMDb 90.26
Janardhan Z£00) GloVe CNN+RNN RIS 84
Ch()wdhury%g 31 word2vec . GloVe % B4 & Tl A BiLSTM Twitter US Airline Sentiment 81.2
Vimali 5 Murugan'** BiLSTM A %L 5 CF H Amazon) 90.26
Anbukkarasi 2% DBLSTM FHKIRIEARESC 86.2
29 (POS)
Kumar ‘5 Chinnalagu'**! SAB-LSTM Ekikveizs 50 (NEG)
21 (NEU)
i LSTM y 86
Hossen %’?DS' EEikEES
GRU 84
. mBERT., S 69
Y ounas % 2018 4F [ L 3H Rk AH 564
XLM-R 71
Dhola 55 Saradva'®’ BERT Sentiment140 85.4
92.96
IMDb
. 91.37
Tan %138 RoBERTa~LSTM Twitter US Airline Sentiment
Sentiment 140
89.70
97
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Table 4 Summary of ensemble learning approaches
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