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Research hotspot and trend of public opinion emotion analysis based on neural network
——visual analysis based on CiteSpace
TAN Kunyan, YANG Kongyu

(School of Information Management, Beijing Information Science and Technology University, Beijing 100192, China)

[ Abstract] Taking 877 documents included in the domestic HowNet database and 423 documents included in the foreign web of
science core collection database as the research object, this paper constructs a visual knowledge map of research hotspots and cutting
—edge topics by using CiteSpace software, analyzes the research status of network public opinion and emotion analysis based on
neural network at home and abroad, and compares their differences. It is found that more and more attention has been paid to this
field at home and abroad, but each has its own emphasis. Domestic authors and institutions have problems such as less mutual
cooperation, insufficient academic exchanges, and more concentrated research topics. Domestic research focuses on emotion
classification, word vector, deep learning and so on; The research frontier trends mainly include the representation method of feature
fusion, the exploration of pre training model and the design of word embedding layer, which provides a theoretical guidance for
research and development.

[ Key words] neural network; network public opinion; sentiment analysis; CiteSpace

4 CiteSpace , iz FH SCHER T 5t 325 , 38 0 K 45 R v AL Ak

0 51 § [t RSO R B AR LI SC R 2 7 £

BEE N T8 e AR B & B s 2t se F
4 B, ECEC PP ] LA B B it e R 24 5 AR
WEE . KEME B SE R SR,
ARIX A5 12 114 17 SRR A ) i 00 50 Al 2 195 B A T
X F o o il e R, T DL ER AR R, R B, A
W 1t R R R A AT T R T SR
AL Gt BEE DL T HR B 2 | IR
JE2E TR C N T A BT ) . 7E Mikolov
ZEN(2013) P E IR T Word2Vee T HH 5
Jei , SCARTT LR hpin) ) s i b, 5| A Fpph 45 )
SEARALFT R T IRl FE TR0 28 265 1) BEL IR 17 IR A
W58 AT S0 R S5 AN (E, AR SCR 0 R S A

BESEATORIE, 5347 [ A S 25 6 P 28 ) 28 B R R A 7 B
I AT ) SRR A R Bl 4 WS R TR i A
RUITRIRSE T 1) 55, 31 25 REAS 45 A1 SC U T 58 3 7t
K—ER i,

1 SHAESBERE

CiteSpace 423 T Java ¥ & ) — 3115 2 nl fl 4k
A, i 55 [ Drexel University TS 15 i 2 H4%
R SEDT &, B F 5| (co—citation ) 43 H7 BRIS A1 5-
2 (PathFinder) P48 5535 55 %R SUESCIR T
DAPR ST H 2 R U T A 1 O B s A S LR e 4
R IFTEA G, A 5T B HA TR bRtk e

EETH: Jtatiitt Pl b S H 0 H (15ZHA004) ; JLatfE BRHOR S R @i R S - RHE s SHT AR B8 BUE ¥ )
EEE I WIEZ (1997-) 2, BULARSEE, EEBTOTT 0 BT LR (1967-) 55 Wit #d%, T EMFSET7 1)« B RE I 5 B

fE B HA . 2022-02-08

P EFBEELN o5 A5 & A




34 B o /5 M5 MM

12 %

AR L IR A8 SCHIR [ I T 583 U ) 72
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VEAE B BEAE R AR BB, 2017 ~ 2020 4 & SC i
M | AR 2021 4F ke R SCSCHR 161 R AUE
AT RSz 816, SAMRIESORE,
55 BT IME &l Nasukawa 28 AV 7E 2003 485 %%
P, R4 Bengio %5 A1 B HY T 4 22 X 45 18 5 B
Y AMAE OGSOk e R 3R T 2006 4R W10 R R
BRI P IEA — 2, 2018 AELESRBE FTH R A
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Fig. 1 Variation trend of documents volume with years
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Fig. 2 Co-occurrence graph of domestic authors ( excerpt)
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Fig. 3 Co—-occurrence graph of foreign authors ( excerpt)
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Fig. 4 Co-occurrence graph of domestic institutions
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Fig. 5 Co-occurrence graph of foreign institutions
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DR — T SCHR 1Y 4% 0 B 3R, CiteSpace 7
ol FH O e 1) L B 43 B i S L R 6 BRI AR L
( Log—Likelihood Ratio, LLR) B #E 17 HR3E, vh 0L

BRIEAE AR 14 N2, 43 RS 2E 1) 2 A TIH 20
SAZE W 8 ZE LR 1, SO Srk I A il 9 AR,
o5 B L7 R 2, ENAMEFEI B IS A
BARAZ I BRBEF 2 SR 28 AR IS &
BT 0 1) 3 AT B TN R P S T T B S
ARG, [RIRE, R AT LA T BRI T #0
W REREHE H AR 25 Al AT A9 B T, dnk 2 o
FEA 0 2 HLR U AU N B 6 R HL IR E
PSR W, 70 5 35 HUAR G 1 F B0 0 et
i, 0B H A SR S S Al 7 Al A ML S ST g
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Tab. 1 Chinese literatures clustering table

RS WAEGE 45 HAICHEA (LLR) B e

0 39 2017 TG, NG, HERRE ; &2 b N % T

1 34 2018 TEREAY 2 BT s B4 SIS BTt B U A 1T

2 33 2017 Tl I R RO LTS TRV A 26

3 32 2017 TREEA:3] ; RNN; ARLBEAE IR 5 15 KSR 5 175 o] [ TRBEA: T 1 AT

4 27 2018 LSTM; CNN; K% ; w4k ; GRU CIE R AT E RPN 61

5 26 2017 B4 2] 5 BARIZHR; RTPIS; /280, A sciitik FEAE RIS A BE 2 HE A 2%
6 25 2016 ARG R I SO A I B TS S SRR B R 28

7 24 2018 FEAR % s AR W AR B AT 5 R ST ESULCRpUYEE ot o

F2 OWILLWMBER
Tab. 2 English literatures clustering table

REHmS WABE  Fh A4 (LLR) EREE]

0 23 2017 movie sales; forecast; SA; strength; WOM FEL S 4 B AT SR B 5 1

1 23 2018 web; event detection; natural language processing; text R 28 SCAS 7 IR
analytics; sentiment analysis

2 20 2018 convolutional ~ neural  networks;  multimedia  data;  PJAUALMHZ N LK S RIS R
segmentation; cloud machine learning; visualization

3 17 2017 swivel ;multicriteria decision making; multi—party context;  ZARMEILIR BOA W /34T
annual reports; political leaning

4 17 2018 CNN; LSTM;NLP; RNN; ensemble algorithm P45 5 H AR S A

5 14 2017 online customer reviews; time series data prediction;  FEZRITIE SCANKE R 5 HHE M
opinion leader; information retrieval systems;wordnet

6 12 2019 electric vehicles; review mining; social media; deep  HLBNVR A AT A AT IS 12 48
learning

8 10 2017 multimodal sentiment analysis;SVM;elm; feature LIS E L T SR BRI AL

1R RSEHS W] #4 RIAEHNCAZ M 45
LSTM( Long Short—Term Memory ) #5 #l#s27 > F %
Bl G217 S AT P H AR T

TR 2% o3 B T L T IR L (#6 53R
J8) OGS 2 7 A o S ST B R0 SR

Hf Ll Whissell T° 1998 4F 48 i) E R A
(2016 ) K1k ki g [ S A B IR A 40k = K2k,
BT AR T 1k 3 T8 R 0 7 3 RN 3 TR
PEFIEREEAHSS A 10 . B RTRR Y 3 A~ se
FFEAF R LA HowNet |, 5515 K249 NTUSD #lK
B TR AN A AR | 7 e 3t I, BHZ A A
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(2013) e F o A1 S i i, i 5 e 9 PMI
( Pointwise Mutual Information ) 3323158017 8 1n] A9 1%
JEAAA , PATITR AL 1 — o 43S 44 1 B RS 114 155 J%
T OBREE 22 (2016) 1 1 5 BARAE AT R 45 (#7
SRI) GG I (2 SR ORI
ST 455 T O 285 5 1) R R A 5 1 1 TR
W, SAEGE AR LG, I I | T R ) v 3

27 [8]

3] o

Bl N TR BEHOR Y & R, 1 270 B 12 5 HL
] (#5 TRE) MG BGHla eI REZ 2
AW B 7 2], or 2R s B B A AN R DLt ((Naive
Bayes, NB) F1 37 #F [a] 72 #1 ( Support Vector Machine,
SVM) %5

BE T IR MR W 27 T B 1 BT A 58
PIHAEE Z BRI T . O 1 4 i SO 70 2 Y HE
ORI (#3 5 R ) il A o 22 ) 25 A AU %)
SCAHEA PREAESNIRCRT ) 8h 2% 2 (AR L #
4 5B d A« &4 W 4% ( Convolutional
Neural Networks, CNN) ™ Jegd 8], F) FH & L2, CNN
LA ] Ry AR, S5 N (2017) 4 Hh — Ffr i
AT T A G 3 B R T ALE R i 2
BN BB A W %R B — MR 7 A T
B EEE ) #3 5 RIS P A AR DGR A IR
25 %% ( Recurrent Neural Networ, RNN) 7 #4 55
AL LSTM” JC4tn], LSTM J& —FPRR IR (1 RNN
AL N(2015) $ 1 —Fh A SCAR R SUE B
SERAL AR AN B SUAF B RREIR | R A 17 bk
AL TR

[l AP ) SRS [ 8 B A W S e Rt 9, &2
BIEH0 T REH G 46 SRR NG 40
5 R FEALFE R T AR RS A AR, F
& HIA L5 I 9 R 3E i A T B ATE 5 Bl
W2 P A2 N %% ( User—Generated Content, UGC)
HIRMEAR B KA AN TRESTE M 455 E S
OYEE SCHTE UL, 8 A 4 B SR R TR R B
S5 LT R LB S A T P R A
I3 AT N E TR AN 2 DL R E AT i 3
o TR A RN ZE N DN EESH
Liu(2006) "> 431 1 MAE 52 HIL 52 1) B8 5 A 1 UCEE 1Y
40 FRHSZRYTIIE , 45 R R Ui 2 E LAY L - R
Xt 2R BT (52, Duan 45 A" F 53 HL B2 Y
ESIEL IS IR Z 0] R, 45 R BoR 2 A4
22 [ AR ) AH g P AN RE AR O 5 0 B 5 20
Rui % A (2013) 7/ 437 HL 52 19 L 1RSSR BV 9%

HWE RN ERESZH T AR R

#6 5 RASH B G B LB social media (1
EWEAR) | review mining (PEIEZHH ) Ml deep learning
(GREES 2D ) o 2 AON L BIR 4 1 6 v A Ha 3l
PR Bk R HE ) SR R B T B EAR A,
XU %5 A (2018) "HFFE IR0 1 500 e Bl R R e 2
HHEA R ZR . TH 28 X L SR ROR FIE A S B
FIX L SR AR A6 2 S I 2 15 e P P Bl
FEF R R E G 4 RUR A 25 e L BhR
MR TR IE A NS 4 Bh T RGl % o6
FEFL(CRM) , Jena (2020) " 3 33 15 43 HT, %3
SRR R T 028 . BB P ARG RS 25 7
THRERY i JZ= AR WA | I DR M &4 e ] 1) 12
FECA 7 il IG5 UL SCA K

#8 ‘5 IRIELRNE 4 or Hr A B i SC BRI AT« 5
Fera i bl AR 2T BIL R, A5 IO B e SO R
B AR A Rl A Rl 5 B T ORI 2 1 5K T
SRS o B i i o3 B A LA b B RS 2
W 16 A AL 28 = AL, 97 TR GEpy SOA
TSI, Chaturvedi 58 A (2017) M & T —Fp ik
F O 25 5 ELM ( Extreme Learning Machine ) ,
SER TAESGE ELM ANREHE) BRI S n Bl

PRI 19 0 5700 0 R I A 0 3 AR 3 1 A
Wi, FEINSCHERREEGEME 6 i, Kl 6 hitf
347 N1 A, 622 AL B 0.010 4, Q {ER 0.631
5, S{HA 0.874 4, [E N SCHER R E B E 7 s,
BT 3G 173 A5 A5, 454 SREL, BE N
0.030 5, Q {54 0.886 6, S fH 4 0.757 2, BIHE Q
(Modularity Q) FHTIPAN R BYA R, F- 448 B A
S (Mean Silhouette ) T it SRS R Bk, 24 Q >
0.3 HS > 0.5 BrJCHZR MY E 3 G3E,

6 ERREIRREEE

Fig. 6 Domestic keywords clustering map
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Tab. 3 Chinese keywords frequency table

T4 ek A P!
417 0.84 2013 =%
227 0.42 2014 REE 2]
85 0.22 2012 i R4 26
69 0.13 2014 i [r]
61 0.17 2014 T2 190 245
44 0.12 2014 Bl
44 0.10 2016 LSTM
39 0.09 2014 17 JEk )
34 0.17 2014 Tl
33 0.14 2014 ARG
24 0.06 2015 ) 2% By
21 0.13 2015 b
21 0.04 2018 FHERL A

SR A ORI , ULER 4 [ AR LD IR 1 T
KA A classification ( 4328) 7 | “ sentiment analysis
(TS HT) ™ “LSTM (K JEWHEAZ 45 ) " | “ neural
network (P ZE R 25 )7 “ CNN (& FHL A 28 W 2% ) 7 Fll
“model (F8) " [ A AR T R A AL A7 A 22
v, FE A S ER B T SCSOAR Y SRS AL R
SCCAR RS T3 T ] A B i A A 8 I 28 R RY F) T 5
FEL ARG A N

R4 FEKRBIRFTR
Tab. 4 English keywords frequency table

TR Hro AE0y S
30 0.13 2015 classification
26 0.15 2016 sentiment analysis
22 0.07 2018 LSTM
22 0.48 2011 neural network
20 0.10 2016 CNN
19 0.36 2014 model

9 0.08 2018 system
8 0.05 2015 review
8 0.07 2018 extraction
7 0.03 2015 algorithm
7 0.08 2015 Impact
6 0.03 2018 machine
6 0.05 2018 twitter

3.2 KEEIA A iE) 2 EiE S AT
£ CiteSpace " XTERFEA AT /A Ab B , 15
B AR PR BE AN P 8 AP 9 piiow, e BLER
KA Z (A A DG 2R, LA B Bt 5 i 1) i 25 I 1] 22 4k
AT T DO RE RN, B> s R 82 SC B R] B
UCH B AE 0, (B Pl R R R 1) AUB R | T 2R 3R 2
A SCHHRAITE ] — s SCE b I L, AR 2 H R
B UIOF A P AR B AL
IS 8 3 AT AT A ] A T 8 ) 2% ) B
TR R T BEFE UGN 2011 4R HE B, 2011 ~2012 4F
b TGRS, WF 5T IR TR T SO SCAR B )
“WLSAZHE” AR RO 2R S 2013 X Ry 2Rk
Frifk— R, 1 1 1o A i B it b 3B A5 K
2014 AETFIRZE B HLAR 2 > FBh 22 I 2% AIF T Ry
R[] R T SRR IR )
S5, BEA TR 2 2] W0 90 0 W & e 52 3%, 2015 ~
2018 4=, LSTM . [] ¥ 1 ¥A B 50 ( Gated Recurrent
Unit, GRU) CNN 45 fift 2 [0 26 AL 700 T 7 1Ry T AR
WFFEXT G, L 190 2 B A 28 7 1L Ay AT 5 BELARS 3 BT 1Y)
V. B2 AR KR, 2019 4F3HBL T
LL“BERT” ( Bidirectional Encoder Representation from
Transformers ) | “ TR A"« BERER] 257 Sk i HO A 57 34
Ijj‘ o
FE AN AR g D T E N H L R N
I R RN Y], a9 firn . ARSI
2010 4 “RFM” ( Recency, Frequency, Monetary ) f&
RUEL A, 2011 4F B 1ft 22 (0 287 O 4R K Ji% , 2014 ~
2015 A PRI EUR “RAL” “BEE T iR < gy
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Fig. 8 Domestic keywords timeline map
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Fig. 9 Foreign keywords timeline map
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i1 CiteSpace 1Y Burstness ( 5€8) ThaE #1725
PRSI, ZE BRI T AR RIS 4R OB o 30
e ) 40 85K S e 1) ) 7 G 4% 2 HSF TR 4% SRS [) R 56
A EEBRET 13 S HE R R R & 10, & 11 R,
K10 & 11 H, Year 1G3RE SCA FRAEAY, Begin 43R
Burst AYFFURAENY , End 10245 ARy, Strength {58
SRENBR I | FFIOIE 2 7% 122 A0 el A i S 4 175 1) SC ik R
PR A RIZURE S . & 10 AT 0L AR P < B
27 SCASHEA” R b SR 98 BEIE L R AE 2016
AFCURBES2)T “LSTM” [“iCiZM4E” YR |
“Jalir A7 HVBLTE 2017 ~ 2019 4, “ BRFEE 2% 37 Al
“LSTM” 73X 3 4 iy i BE (A5 K Loy > I 4p 2
e J Ry BRI TR A A B T SR A 1 B A A itk — 2P
EWMEMBHARES G, MEIRE 2580 H R
A5 K &, 2020 ~ 2021 4 H 8 A9 OC 5 1] « 47 E fl
A7 BERT” [ EAE /A B E T, ] DA
N OGN IR B 2 2 3s T ELS  Ear Br b JF AL
6T ol 2 DO 5 A AR AR A T R P AN K
2, CHXA, HE 1 REL FEESN, R 5 B

z

5

By 2013 FRUR S BLAY < L EEm EAL” 2016 FFIRZE
PRI BRI 2 M 2 Fi 55 B b 4L, B A T
TIREI AR 7E 2018 AF SUH BT “ W | “4t38
AT T 2019 4F L BEAG « R 45 " | AR 1, BT 2%
BHA], H o 2 i B A o R R S R N 45

Top 13 Keywords with the Strongest Citation Bursts

Keywords ~ Year Strength  Begin End 2011~2021
iR 2011 242 2014 2016
Blas£2] 2011 1.89 2016 2016
PcfiE 2011 1.65 2016 2018
SCARIZHE 2011 151 2016 2016
WREE£2] 2011 225 2017 2017
Tstm 2011 225 2018 2018
e MEs 2011 1.70 2018 2019
YHRERE 2011 1.81 2019 2019
it A 2011 1.68 2019 2021
FRERES 2011 3.86 2020 2021
bert 2011 3.55 2020 2021
W25 g 2011 332 2020 2021
BTN 2011 171 2020 2021
B 10 EHNRIEER 13 HRIF
Fig. 10 Domestic top 13 keywords with the Strongest Citation

Bursts

Keywords

Top 13 Keywords with the Strongest Citation Bursts
2006~2021

Year Strength Begin End

support vector machine 2006 1.34 2013 2014

news 2006 1.21 2014 2015

cnn

2006 1.96 2016 2018

sentiment analysis 2006 1.93 2016 2017

feature 2006 1.65 2017 2018
subjectivity 2006 1.07 2018 2018
social media 2006 1.07 2018 2018
regression 2006 1.07 2018 2018
recognition 2006 1.50 2019 2019
ensemble 2006 1.10 2019 2019
web 2006 1.10 2019 2019
machine 2006 1.95 2020 2021
classification 2006 1.33 2020 2021
B11 ESPRIEER 13 HRILA

Fig. 11 Foreign top 13 keywords with the Strongest Citation Bursts

XoF S BRRIHEA TR A A, S BB B [ N 455
2R I BRI I I A R AR S TS 7 1) 22845

(1) LB AAAL Y 51, 41 BERT . ALBERT
(A Lite BERT) ., XLNET, ELMo ( Embeddings from
Language Models) S A5 A0 . H i 75 BEL {7 175 &% 43 Hr 45
SRV 22 2 LR VR B 2 2 B Devlin 25 A 2
() BERT #AY | GRS AR YR 46 2 B AR, 42 2 SCA A
X I AR A L, BN H A RS P, BERT #6481 AT
LB RIS A B T i in)iE R ik i, dlat B R

AR B foeiniE 2 U n i, K6 Bl
BERT M3 FEAE A T Fr A 4R h 2 — 44, b TR R
RS, BIRANLE A (2020) R T — 4 A

TR Z P28 1Y) BERT — CNN #5832 [®o) 2% 455 484 7E
BERT Fe/ni] [a] s if AR B A SEAE L, H CNN 42
WOOCARRAE , 523 T X SCAR AR B SR IR J2 B
H T BERT BRI S0t 80K | &2 2% B 5 46 [ {8, Lan
25N (2019) ') X} BERT # AY gE£7 oe o, 2 11 T
ALBERT #5%! B3 508 (2021) 17" % ALBERT A !
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552 UL ) 328 A 28 ) 48 5 R 5, A T B BBUR 2
TR SR R, A B 5 B R A, R
2(2021) AR — b A1 R LY XLNet T
LA —FP LT LSTM+Attention 2% 211 XLNet
TR ZRAEAY | Fi— A AL v DUAR S A 8] #y F SCil
BT A ] RS UESR R I SR | i T R
i) B e R RIS SR T ) A B A ) A, i — e
RITE— @ FEE e 1 v SCOCA I T IR, 24
AFN(2021) R Y — P BT ELMo AR 1 VE R
J1 ™ 2% ( Bidirectional Self— Attention Network , Bi—
SAN) Y H SCSCA I A B AL, 1 ELMo 584 4l
WO ) i AR R T SCCA IR 22 P 4R
o IO MR, AR, 3 RERS I A 1 it
SRR ALy, )z Hhfeft AR A | 52X
FROHTSE I BT SRS 2B R AR

(2) FHERN G RS T IE IR . ZHHERLS 1]
I AL DA SCAS Hp 3 5325 2] B P AR A BRI
MEAE R . Wh (2021) % 2008 3] kAR AE [ d o
EURAE ) B R T RS, — 7 1 A] LA SE O o o A
] B8 SCOE AR, 53— 5 T AT DA 4 A e P A
BANCEE S S THE B B B R RO . Sl
AFN(2021) PN AS T £ 424 P S0 =2 ] Y 1
SRS IR T2 0 2 AST R A 1 R S BE
HRHHEAE N (2020) ) il 4 BERT ] o] £ il 25 4504k
a2 R U G — R IR S [ 4 v T IR
MR . H AT, 72 B SCRE J7 AR VR 2 R
TS B S/ 175 IR A B 1) S 3 PR A [ A
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