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Multi-dimensional sentiment classification of microblog based
on Emoticons and short texts
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Abstract: Emoticons have become an important component of network language and is one of the main
characteristics of the analysis of social media sentiment. The current social media sentiment analysis methods most
focus on Emoji, while there is no study on the sentiment trend of kinesics. In order to obtain the multi-dimensional
sentiment polarity of Chinese social media and analyze the group sentiment trend on hot topics, this paper proposes
a new multi-dimensional sentiment classification method based on deep learning, which combines Emoticons with
short texts. In this framework, the text and Emoji combination and the kinesics in microblog sentences were
analyzed using deep learning model, and seven sentiment intensities of the two parts were obtained to explore the
correlation between each part and sentiment labels. Then, a computational model was designed to reflect the multi-
dimensional sentiment polarity contained in microblog sentences, which can realize the detection of the multi-
dimensional sentiment intensity of sentences. The experiment utilized the NLPCC2014 dataset and the crawled
microblog dataset containing kinesics for verification. Results show that when the proportion of the text and Emoji
combination and the kinesics were 0.6 and 0.4, the effect of sentiment classification was the best. The sentiment
classification performance indicator of the sentences containing kinesics was always higher than that without
kinesics, which indicates that the combination of Emoticon and short texts can effectively improve the accuracy of
microblog sentiment detection. The experiment provides a more fine-grained analysis for group sentiment trend and
a new idea for Chinese social media sentiment analysis.
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Fig.2 Model of extracting kinesics from texts
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Fig.3 Model of attention-based text and Emoji
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Fig.4 Visualization of attention (“This is an exciting action
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Fig.5 Visualization of attention (“The highlights of the script
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LIRS TR A2 SR B T AR X S
FIRBE T A3 SR, B AR SCHR A 3 T R ALY
TRBE 2 > RN 3 o RRAE 3 ORURRAE 4 5 1 200 Ry
WE B LT UE B AT, AR I Hb A 2 S0 A
3 Emoji A4 F-25A I FEBC , AR AR i n).
3.2 EAXK . EE8HXF

S UESE S ARG R IE AT A U I 2 4E TS
TR, 28 HONC B 7 A 7 S - 1 Rl 3 e
8 000 % FUANE A 1 3CF 1Y S id 4] 2 000 4%, 43 J31)
B UEAS ] A BUE X E B 2R HER R A 52 e, LA &
TS %) B 2 8% 3 S VA SR 1 52
3.2.1 ) B

XTI A 1 S [, 2255 7% 1 SUAR  Emoji
2H AT 53 DA S B S0 A I, 38 A 3 RS A3 e
TR A A A AL B 5 R4S 30 S A et 1) . S T
FIW A B BUE, BE T IE TG IR A S0 R e
FEMY 8 000 Z5 TR T Y 7 FPbRZE iy ok VAP
RIE M FRES, R CEAEAE R A AR A, Horh
IE ) A% 4 000 S5, 25 1 Bf ER A ) {8, 15
FN A HER LI 6.

L6 15 B A BYBGR, IE U1 B
T4, 2 A =0. 4 BPVER SR B ms, 24 A >0. 4
B, TE ST A S MER A T R a3 R 1Al
B SO TR I 2 v B0 b e PR D 5 4 o SC
A Emoji 204 (BISCF 7 405128 0.6 £10. 4.
3.2.2 BTN R A B SRR R A 5

R T IR I A B SC S X R R 2 o G T
M), S 56 3 A 1 HE 4 10 000 4%, H: v, 5 B3 S

FHIIE 8 000 2%, A & BUSCT BRI 2 000 4%,
N T BRI 7 X R R0 S A AR A R, S
BoXf e 1 MNB A58\ ESM #5241 [ EMCNN #i7 \DAM
BT A S A SCHR ) Emot T #ERU7E 3 21 Bfie 4R i
TR RERG AR A 1 AR RIE AL 10 000 2555 2
H A 7 BOCT L 8 000 7% 555 3 AAE 2 HMK
PEARSERD I F2 45 AT BOCT RS 8 000 2.

M T 8 At 35 BUCT B O Ak BE AR b
BRZS T AN BIOC 7 1 73 JEMERE , SR W 23 M 00+
1 17 128 3% K B8 1 A1 B T B e I IR S HE R R
A, 2 AR AE3 Rl R A L i R B O T H A A

80
9+
781
771
76
5L

740.1 02 03 04 05 06 07 08 09

A

B6 A XI5 R b A A R

Fig. 6 Influence of A on the accuracy of sentiment classification

WEHR/%

045 [ iy it
0.40 | EI AL 5B F
o35 [ EBEEBLF ¥

0.30 o=

0.25F

Macro F1

0.20
0.15F
0.10 -

00700

0.05
MNB ESM EMCNN DAM

B 7 ERSZEL R MacroFl

Fig.7 Sentiment classification results of MacroF1

EmotT

O [ SR A B e B
A
0.40 | - R N
035 N
030t
0.25
0.20
0.15
0.10 |

0.05 :
MNB ESM EMCNN DAM  EmotT

Macro F1

& 8 fFE4 LR MicroF1

Fig.8 Sentiment classification results of MicroF1



At

- 120 - MR

T

=4
/

552 4%

B, W A B SO Emojic 4145 107017 12
O AR AT LS G 3 7 4 ) 5 S A8 2 TR A O
B, AR BUC Al — 4 i 116 B 2P BE.

4 % i

ARSI T —Fh A RG50SO Y 24
TR 2T vk S T X A Emoji 1B SC T B
TR A28, R T AR TR A e B T 3 T A AR
FERH. FETRAT <l X HIE BT A AL B R
H SC R SC - A L 3 1 X NLPCC2014 AR v Bs S 19
SYHT, AR SCAL LA H Y MicroF1 il MacroF1 {45 H:
AR A3 S B R 7. 6% F16. 6% , BViZ )5 s T LA
AR R SCAR T Emoji 1 2215 B 2 bE R, B0 IF
TR B TR R LA CNN FILSTM 4145
BRI X (17 S A AN Emojic 1947 18 SCHEASE A A7 R0 5
XA ATICHUAY & A8 BT Emoji (9 3 115 1) i 47
ZYEIE IR IE i T S5 4 BT 2 SO (Emoji 4145
Gy S ESCF T N HL 550k 0.6 0. 4 BT AS # Y
Z YRGS IS R B, HLSCBR A5 & B SCFE
PAHIE 4] Y MicroF1 1 MacroF1 $5 bR UG 28 TR
B S M R T ), 3% B A3 AT S0 7 1 1 R e S i
F16 B TR = S 0 IR 2 B Rl 2t DL 1 2
18, P — 25U AR SCHE I A B R AR TR A T
YNGR 25 R T T R R 2 M B, Sy v St
A AR AT MT H AL T3 ik

5% Xk

(112, ZAl, FEmBL, & 95 FEFHLM OB ST bk 5
[EB/OL]. (2019 —04 —18). [2019 =7 —4]
WANG Lei, LI Bingcan, TANG Nangi, et al. Psychological and
behavioral report on mobile phone use after 1995 EB/OL]. (2019
-04 -18). [2019 =7 —4] http://www. psy. pku. edu. cn/xwzx/
xyxw/317324. htm

(2 DB et e, 2018 B A P & J 445 [ EB/OL]. (2019
-03-15). [2019 -7 -4]
Sina Weibo Data Center. 2018 Report on Weibo user development
[EB/OL]. (2019 -03 —15). [2019 -7 - 4]. https://data.
weibo. com/report/reportDetail 7 id =433

[3]READ J. Using emoticons to reduce dependency in machine learning
techniques for sentiment classification[ C]//Proceedings of the ACL
Student Research Workshop. Ann Arbor, Michigan: ACL, 2005
43. DOI: 10.3115/1628960. 1628969

[4]YANG Changhua, LIN K H' Y, CHEN H H. Emotion classification
using web blog corpora [ C ]// IEEE/WIC/ACM International
Conference on Web Intelligence. Piscataway: IEEE, 2007. 275.
DOI. 10.1109/WI.2007.51

[5]SONG Kaisong, FENG Shi, GAO Wei, et al. Build emotion lexicon
from microblogs by combining effects of seed words and emoticons in

a heterogeneous graph [ C ]//Proceedings of the 26th ACM

Conference on Hypertext & Social Media. Guzelyurt, Cyprus; ACM,
2015 283. DOI. 10.1145/2700171.2791035

[6 ]JIANG Fei, LIU Yiqun, LUAN Huanbo, et al. Microblog sentiment
analysis with emoticon space model[ J]. Journal of Computer Science
and Technology, 2015, 30(5): 1120. DOI. 10. 1007/s11390 -
015 -1587 -1

(7948, VAR, AR3ETE, 5. AT RS R T i) — P i 2
SCHETR IR A BRI HHRL, 2017, 40(4) : 773
HE Yanxiang, SUN Songtao, NIU Feifei, et al. A deep learning
model enhanced with emotion semantics for microblog sentiment
analysis[ J]. Chinese Journal of Computers, 2017, 40 (4). 773.
DOI: 10.11897/SP. J. 1016.2017.00773

(8 akAmAR, KoM, BN, 5. BT X B R R 1 SR 18y
Brorl]. ERR 2R BARBIERR, 2018, 58(2) : 122
ZHANG Yangsen, ZHENG Jia, HUANG Gaijuan, et al. Microblog
sentiment analysis method based on a double attention model [ J].
Journal of Tsinghua University ( Science & Technology ), 2018, 58
(2):122. DOI: 10.16511/j. cnki. ghdxxb. 2018.22. 015

[9]UTSU K, SAITO J, UCHIDA O. Sentiment polarity estimation of
emoticons by polarity scoring of character components [ C ]//
Proceedings of 2018 IEEE Region Ten Symposium. Sydney, NSW,
Australia; IEEE, 2019. 237. DOI. 10. 1109/TENCONSpring.
2018. 8691984

[10] YU Chuanming, ZHU Xingyu, FENG Bolin, et al. Sentiment
analysis of Japanese tourism online reviews[ J]. Journal of Data and
Information Science, 2019, 4(1): 89. DOI. 10.2478/jdis — 2019
- 0005

[11]YU Shuo, ZHU Hongyi, JIANG Shan, et al. Emoticon analysis for
Chinese social media and e-commerce: The AZEmo system [ ] ].
ACM Transactions on Management Information Systems, 2019, 9
(4):16. DOI: 10.1145/3309707

[12]PTASZYNSKI M, MACIEJEWSKI J, DYBALA P, et al. CAO: A
fully automatic emoticon analysis system based on theory of kinesics
[J]. IEEE Transactions on Affective Computing, 2010, 1(1) ; 46.
DOI. 10.1109/T - AFFC. 2010.3

[ 13 ] BIRDWHISTELL R L. Kinesics and context: Essays on body

[ M ]. Philadelphia;
Pennsylvania Press, 2010 227

(14 4R35, MRS, W5, &5 EIBGRICARIRE [ T]. e
i, 2008, 27(2) :180
XU Linhong, LIN Hongfei, PAN Yu, et al. Constructing the

motion  communication University  of

affective lexicon ontology [ J ]. Journal of the China society for
Scientific and Technical Information, 2008, 27 (2). 180. DOI:
10.3969/j. issn. 1000 —0135.2008. 02. 004
[15]YAMADA T, TSUCHIYA S, KUROIWA S, et al. Classification of
facemarks

using N-gram [ C ]//Proceedings of International

Conference on Natural Language and Knowledge
Engineering. Beijing, China; IEEE, 2007322, DOI: 10. 1109/
NLPKE. 2007. 4368050

[16 ]BAHDANAU D, CHO K, BENGIO Y. Neural machine translation

by jointly learning to align and translate [ C ]//Proceedings of 3rd

Processing

International Conference on Learning Representations. San Diego,

CA, United States; ICLR, 2015

(455

wEZ)



