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Abstract: In order to analyze the evolution of public opinion under emergencies and discover the law of the evolution
of public opinion, a sentiment feature-based public opinion evolution analysis method was proposed, includdinga
News Sentiment Analysis Module and a Public Opinion Evolution Analysis Module. The News Sentiment Analysis
Module was based on the BERT pre-training model and the BiGRU model, where BERT was extracted as a word
embedding, and BiGRU was employed to extract the contextual links of the textual feature vector to achieve a better
understanding of the sentiment polarity of public opinion data. In the Public Opinion Evolution Analysis Module, this

paper modeled the dynamic visualization of the sentiment features of public opinion in the time dimension, and then
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based on the visualization results, enabled the resolution of evolutionary patterns of public opinion data. Finally, a

numerical experiment was conducted using one million pieces of the COVID-19 news data from January 1, 2020 to

February 19, 2020. The experimental results show that the method proposed in this paper can effectively analyze the

sentiment polarity of public opinion data.

Keywords: COVID-19; analysis of public sentiment and emotion; analysis of public opinion evolution

BEE U PSS BRI, B
W RS m] DA N BELRR AT B B R R it E1E
& o ALATEAR DA —JT g N AT R ERER],
AT AR T R

YERALFMTOKN, WAL T
BAGE, HEN EREACK IR, RiEHXHE
PG IR, R g sagt, e il &
PG RR UK, KAMENEAHRAE BT, 7
EEERE ST, R AREERERES . BT
TFL 473 66 P e R R B 3L e AT i e it A T
IR DX 25 B AR AR, RT ASRAS A 0T ek il 28
A I G B SN B B ), AT A AE ST
RE A% B0 7R A b A 48 o 8 A 1) £ R BRI R R
Jrle), BRI EAT T R, M EA R
AN 5] 5 B T [ R SR} 2

CAAE B A FE I B R E 5 A 2 (natural
language processing, NLP)FISCAIZIEF A, X HAH
F G B SCARBEAT b AEFE . G A HE R
e, BB RS, FEARET
175 R A 2 A 2R 1) ) 5% BELIG {3 IR 20 0 5 TR 5 2R
T, BRI 2 AT« A5 AT ) S D) 4 B 1 k3]
B FH B BN O RN IR SRR N AL, ik
A AT S X 2 B 1S IR T I R B, TR
BT 65 R 2% B AR B At AR & o BT A Y
T T HAR SRS T LS5 SRR BE S ) 2 Py
%, HANLE I S TF-IDF S5 SCAREIEM
R LA 22 I AL IREES ) a4
M £ (convolutional neural network, CNN)F1 3 9
2 [ 4% (recurrent neural network, RNN)#A! J: 5 5l
PR ICCARRAE «

AT HE TG B i AN B AT AL T X T e

PN A [ SRR T S H AT 7T o ASSCHE T

R I X T 2R e A il ¢ 2 5 B0 ) £ ] 4% BRLA8 i AT
RO, R TR BT 1A ) BELR R SR M A AR
Mo FEE G MR SRR X JERe AL X 2 155 0 ) (1 B

F

5 B AT 7 AR WETT, AT BE 4 A 92 BRLAG 5 AR
FORLEE, S BT PR A IR RO B . B AR

hll

SR SR AL B, s AT OB 4 N B 1
i gE

1 HxpIE

1.1 BRIBESALE

NLP & i HEH R, HEARIES, HE
FANTEREM— D03, R ENRRESE S %M
WX ERE, MR THEE S % NLP SR A LK AR
AN AR N Ly AL = A o s = 1)
A E R ANRIE S . NITARNESR, NLP 1
FEEEANE ST M EEAS. WNHAEE,
NLP B AT 12 (5 FH A 5% o 45 il 2 7E A5 B AR, NLP
(SR T G, ASCRTI B 3 HAE & NLP H (13
AAE AT o
1.2 MAKFERESH

SCARKGAE AT 1 Ry BT RO e B
TFHLEE 2 S RIFE TR SR o) 3 2%, 1
Hh, T R L 2 BRI R N R
T e, R URAFSEER Y T M T HowNet I
SentiWordNet F A SCI B i) 77k, 1% 07 1R
FSCARAE BT S5 IS T AR IR . BB T
T B 2], 23 s BAR JL A, AT VE AR
TREME R S, (HHAEZE .

PANG %2002 4F 45— R AE UL PR Hd 4 1
YEMLES 25 S 7 VE N FTE SCARIG IR AT 55
FA LA % ) iR A 2 DU, K48
KA. (HIX BT IE TR BN TG KB E T 3R
E . B R, MU ant, EFREKE
FIENL R, AMPAEEZ AL RE I AN R, &
T SONEFGE R TR e R

1T 22 T 3R B 2 23 (R0 18 IR 43 M 7 ¥ DA 75 B o
RUATER IR M N AT 43 BT F R 32 20 SRAFRAE, Z 7
PR PR B BT R AL
MHEANE S T ), SRS R 2 T 15 B BT i 45
B, JFRRNIZATIR A TR . HEIKAL 257 it
F%E CNN BRI LSTM MRS 34T 45 bt . 27
A5 ISV s TR 1 6 A TR ) ST AR SRR W B3 10



224 THHEMEIE %5 s

2021 4F

IR SE R R, HBCEIE LSTM Fll RNN AU 5
TF IR o A8 SR HTR FE 2 SRR A R R ik 1 B A
5] AL AT IR, AT S B0 B G 4 DRV 6 S
AN N TTRR B R H IRHIE . B 5 Google
Mind 1 BB R R E L], T LR
WS>, HRRE T L B B SRS SCAREE,
RILHAR TS SCA AL ERRE ), BRI )32 B T3¢
EN T ot T A
1.3 HEIERWLSHh

L SR A g A S R A B A O,
N AIE 7 o0t B AL JR I R AT TR R, 1K
BE FURR A A [F) A R4 BELAS 42 MR SR R AR P 2 R KR
J& A i R HOR K 73 B BO R AR . e U AR
f¥) 4% F5 8 404F BURKHOLDER A1 TOOLE! 42t
B = By . SCHR[12]7E = [ B 0 2t b 32
(IO B TR 5 7 Ao 20 o 245 BELAGG R T AR 4
NZEE . B BRI 4 BB W aE!Y
VAP RE R AT A A 3G . IRy HORYE IR 3
BB o[RS 27 2 AT 0 SR S A D) 45 BT & i B
HVRFIEREAT 1 AH R 1B 53H7 o
1.4 [THEEIFRT

[ T353R ¥ G (gated recurrent unit, GRU)/Z{E
R 28 iy st . Hom o gl NEEH T TR E I
fil, BROMHR T RNN 7E IR FE A IR B
H A AR B SR e Y, AR R T K R T2 I 4%
(long short-term memory, LSTM), GRU fijft 7 #f
Mg EER, b TR S, RS T UIgE
FE(E 1) EfRT AR FAES T, GRU W%
AT LA ) ) o B ] (R SR, 3 T DA B 2
X A BEAT RAL A @A), GRU P48 AN AT LAIE
A7 BT ) R B B ERRE, [F]INE R
PG — A EE R EE . £ GRU Mg,
MO 1 ANMEE IO 2 M.

h,

e
o

- T \I <1g|(ﬂ_1)
nlaef |
— \\ | (
xl
LSTMAHF 45 1y

1 GRU Hit LSTM HJeiik
Fig.1 Improvement of GRU compared to LSTM

J/

GRUE A 444

1.5 BERT
H#i, 76 NLP 43k, A58 K 2 48 B Word2 Vec
8y, Glove Z5ir] [ IZ: T B, SR B A 2R 1K)

W EASHAA —ENE S, 8 TEAS
T —Hp, A — R AF B B RSB X 2
RIS RIS S, X AE SR TE R HR g 27 A
—E 2 .

NI ARG AELEPNE) B ER, A+
B2 A LR R, 2018 4E 10 A, Google
DEVLIN 257H8 4T F5i3)1 25455 BERT (bidirectional
encoder representation from transformers)( 2), i%i& &
FORERERH 1 E TR ) 2 =305 Transformer 2
W28, JFHT 3T SORRHER BRI, ik 2 fh &
TR AP BRBCRMS, BVER KU BERT
DA A0, T LA A XU KR, FEEETTE
P2t 7 Masked 15 F B85~ M) FRIMES .
BERT BV 22 3 AN m) & BF, S T8 — M
B, HRAEEL$E 1 7] & (token embeddings). 7B
1] % (segment embeddings) Fll {37 & [7] & (positions
embeddings) 3 #%r. BERT [ &AL+ Word2Vec
SR 1] ) B[] 8 AN AR DL SR PR B I PR IS S
fFERE, Hahd 7 HARBR R0 A, TRt AR
THB A, B R G BT Sl A A BURHE )
&, RIETFHZ UM, BRI RAE 2 i NLP /)5
SR E AR ST IS T R RCRM.

2 BERT ##KE
Fig. 2 BERT structure diagram

2 FENE

2.1 FHEBR

N TR T b T 2 15 B DA R B N AT
BRI AR AR A W S A AT, AT 3 B, AL
FE T I T SRR £ 2 17 B 1] BEL O 15 SR A M 4y
T B3R St 92 155 1A ) f) BV Rl AT 15 IR ), 7
BERT #M 5 I T —)Z BiGRU, Fi R i Hofii ik
o [ B [AL Y R SCHR R, XTS5 1 S [A] Y B 4
PEHEATREHE RIS B PR U o BB A 2 17 S 1) Uk
G E Pt B B R AT AL AT . S B B



2

HFHE, & ST BRI A8 e it 585 17 B v A 7 B 225

B H AR H A 5 1 300 18] 6 H I e Aot 3t 47 S K
SRR B AS IRl I v SR 7 AR 7T
AN EE A T B A R

Sk | K IR R 1201

' nCoV......

.
Tokens |[ [CLST K50, th » 3> i £l ;

CRTC I, 10°,2019-nCo V- [ESP] ]!

Position Embeddings+

Token Embeddings+
Segment Embeddings

Multi-Head
Attention

3 JNEESHE
Fig. 3 Method structure diagram

22 FHEHES

A G5 1 ] [ e A TR 3 A o i ) A T AL )
BT NT N T RR—10 2 LW i) 8, RN RE T
AR K LA R 2 (B 98 &R . BERT A7 2
Google #& HITE 5 R, 55 UM i
FIEL, BERT ] LLBE #3078 55 R SC2 AR &R
ACAFEH Google Research & AT B Fililll A5 1Y

it BERT Base $H SCARHE . %F-TH A\ 3C
AH]{f F Bert JEATAFAESEEL, R

C, = BERT (tn) (1)

FERYE [CLSAR107E BERT Il 25 18 J5 — 2 K%

HC, I EACE wAE XA GRU BB AR, B

a,=g(W,xc;+b) (2
Hrb, 1<<i<n, n N BERT % U ME4ERE; b 2
B & WOSREL g Y Sigmoid BRAL.

BEALE 5 N A B2 3% N BiGRU 1, f# ] 2 > GRU
M2 ANAFER T T E AT, A 2 A
s RFAT A, /)

h, = BiGRU(a,) (3)

SRJE 1A Softmax BEKN BiGRU i th FI4FE
AT 2%, 19305 E I B R IR 45 R

3 03 I§

3.1 LWHEENA

A S B 176 B ) H 4 4 9 B E SR P s
I 092 15 A 1) I B 15 4 R ) L % o T B 41 11 090
88, R ARAKIE S5 B i 2 AH 5S 1 230 A E
BRI AT R AR, YUY 2020 1 H 1 HE
2020 4 2 H 20 HHEAE LT 100 75 26 mid EE, =
W10 J3 SR NAREEEE, B TR B S R 3
2, W 1o FEARSCSEIH, ASTAEH I 10 Ji%
BV B8 A AN 20 46 SR )11 25028 155 300 1) B3 15 TR A
PR AR5 R I ZRAS 2 BRI 7 46 90 75
SR ARBRERE AT I AR R, R AT
FORW T BB AL S5 P 1 2 (B B E R &R

x1  WOBEERE
Table 1 Partial data set presentation
I [8] SRR M A b2
URGEVNE Y ON: AT LA

OLAOSE st i 2, RS FE
15:38 N
i 75
25 4 S W 26 B 8
T e
ne BTN A RS bR S A
RIBLRR S A UAETEAT T
ity A
pien  EASERWREAAGE, 4
e FE AT, & i

b, DAL ST HIREERR

[EI A T S0AE AR SC VR I 3, AATTHETF IR
)T Y TS i VPR B B AT TR R ) U
WMo IZHIEEIL 6 000 KAEA, HA FEEEIRFEA
3000 2%, HATHTEEFEA 3 000 %%

32 LS

AT Tensorflow 2.0 #4252 17 3 (7] B2 15
R Moy BT B, 6 A 4 1 & O NVIDIA
RTX2080Ti. #5244 138 B A\ 87 Google FIE )
BERT TR, HSHWE 2. AT K%
HORAE AR R R L, FHE ) Adam BEXT 02K R
AT .

*2 RESHKE
Table 2 Model parameter setting

SRR NP a -
RS le-5
Batch Size 16
EX AN 2
AR 140




226 THHEMEIE %5 s

2021 4F

3.3 BRI TEL

N T BAEAR SO AR R, S LR R
(5258 7 VEBEAT T SEgn 45 XL, AR T R
# A [ 2 HF1 Score 4R FR 0T S50 45 FFEAT VR .
A ] 2 2 288 ) T 8 1 5 E B A B R ik
EH -

(1) TF-IDF+LR: TF-IDF FlR3EA i+ —
4 SCAF AR B — ANV b ) b — ST A ) EE R
FEPE . in] 1Y) S LR i o 7 SO o R B IR B R O
FE3En, F R B 2 B A 7 T8 R 2 H H B A A
HCR R, A SO HEUCCAK) TF-IDF $E1E, 2R )5
i/ LR #3702

(2) LSTM: 5 #1017 M 4% /& — Pl kR 2k 1
RNN, F % H R AT 1 2R 72 b i 2
2 I Y,

(3) TextCNN: 4 CNN N B SCA S RAT 5,
FIH 2 NAS[E size [ kernel HeFRHUA) 7 H 1 45
S, T B4 AR B Jo5 A S 1 2,

(4) BERT-Base: BERT J& %8k & A7 ¥ KA ST
AT, 1 BLAE ) BERT-Base {4 BERT
TR BB S AR J5 A AT T AR EE, SR )5
H Softmax #H17 3CA 2K,

14 BB N ERAESE, Hrd
WIZREE FH T 92 15 A (0] BRI SRR R A TR R I 2, 36
VIE 5 JU) FH SR B8 I AR SC 5 v A 280 o T bl stz 3 4%
BRI 3.

R3I TEKEFENMERERI
Table 3 The performance of different
experimental methods

il e Trik HEE HEx

F1 Score

TF-IDF+LR 0.608 0.601 0.599

LSTM 0.652  0.638 0.640
P55 U T X
N TextCNN 0.641 0.633 0.631
EREEE
BERT-Base  0.749  0.709 0.713
A 0.753 0.714 0.716
TF-IDF+LR  0.813 0.806 0.801
LSTM 0.865  0.860 0.858
el TextCNN 0.869  0.862 0.870
w ex . . 3
Ko 4

BERT-Base 0.933 0.929 0.930

AL 0.941 0.942 0.939

MR 3 TR, AT RAE AR ] A B 1
BT AH B AR T, 1R 4 DMERRR XA EOCE

Bt HR A O KMBREEE E, IIZ%E2
i BERT TR 255 70 e % 3 7 1) B 2 FA 15 2SR BEXS
SR RN ) TR B R M dl s @A SCITIRAESIA
BiGRU 2 J& AJ LA SN A5 24 b ffe B i e v i 5
TR Z 1A AR BR R
3.4 EIFHEEBREBRCRL S

A5 FH I ST 20 BT 45 280 1) B2 155 9 1) BLis 175 1
BTN 5340 90 T3 ARBRTE [ SEAR Hiodia AT T,
R 5 R 2 A AN e e s 1) B BT K
BB H HAT RIS AT A o 2SR H i o El
K 4 fron. HarHias RILER 4, ATLUE XS T
X 90 FIARARAERE, ASCRA thRESCIUE G
FdR B AR Hor, o R AmEHE. 1 AAKRF
Ve 2 AR EE -

565247

W At T B A%

Bl 4 BRI 1 L

Fig. 4 Percentage of various emotional polar news

K4 TN IERR
Table 4 Part of the forecast data display

el Bk N b
01 H21 H I 2019-nCoV, B R
2310 Belie, 4% e

A 0 VR T LT 18 K B
OVA2VE  wusgmisny, JthE—&0% g
23:10 REBES A SRR T A4
R TR SE, WP, A
B, RHEERE RN, B S
I B AR

01 A21H
23:11

5 8PN I A AL IR BBl 2 UM 3 AR R BRAR
MR Blnge et m AU, ANWrE R iR gL
HH Gt e, oy BRI 1 i 24 g
HEVS R AV S SARE B YNV ESRH IR VT O SYN
H 5 ti B R H AR H H B3R 4T SRR S WAL
B, JERHEIREHIKRE, B 5 R bm g Asbr
S EEIFOFETHS NS, AL RRE R



2

HFHE, & ST BRI A8 e it 585 17 B v A 7 B 227

T ER IS H , H i RIS H M, T
LA BRI AT SRR L B 6 LUK
AR A AR RIS B AL AR RS
R ST =R R H

4s500p — DEHEBH - FHEWA) O q16

4000 /\ . 114
235001 A /\ 11.2
< YA =
= 3000 \/\ /o Yoooad 1.0
< 2500t [ VN log B
= ) 8=
= P
& 2000 106 &
= 1500F S || 104

1 000 [ o voo,008 00 /~,—-’ Yoo 0.2

500;7 7 Q ©.9 o D AN\ SRY 2 °eo
N \@‘\6\0\\%\\%\\ \\Q\%\q’a\q’ \%Q"'Q’%"Q@'Q "'\q@\ o
o ’»QQ%QQ@'Q@96‘9@9@96‘9@9@%"96"%"96"%"96"
PR P AP P PR AP AP AP AP APS
H#I(EHB)

B 5 B EH 56 H B 8 HH A2
Fig. 5 Changes in the number of negative news and the
number of new patients per day

4500 — flErES EH — 2iH(EHAN) 18
4000 #q7
v

23500 A, /\ /16
\/ £
3000 /\\/\ / \a Moo 5 R
2 \/ )
&= 2500 / y, 14 3
#2000 / 4 {3 3¢
/ k5

& 1500 / V4 412

o
1 000 B, oA o ¢ e 11
500 OSSN 4 0

N A
R A N A RO
OOV
D RP R PP RPN

HEIEAR)

2

6 MEHEWHHSE O EESHBEE L
Fig. 6 Changes in the number of negative news and the total
number of confirmed patients per day

M5 A 6 7] LLE i, B 2 5 18 AL R e,
ARG AR T . R A A
7T B v e B ) DG B A RUHEAT T T, e 4
RANE

M 1HIHELH19H: BB IEART
B HB s s AT e 5 AR, RAE R
TR T — Bl ], (R 5] 4 EVE
W RN B — L T 25

)1 H20%8 1 H23 H: A1 H20 Hilg, %4
BB iR H RS B T gt Bk, AR T
A A R DA TE I 5K T A A RE 2R X il A H VL s R A 4
[ #8299 0 FH SR DL ) (e e, 4 H B 47

[ B2 B R A W I A2 A BOZRETEE T, it
AL, FEIX BN A N R KA IR A R B I s
Fri i fa 5 o XKL E R 1 H 23 HEGE
W2 JEE 3 T . S AU F5RAE 1B R
AR RBUEIER 2] 72 RaEs], itk
A LA I A R ta 2 AR g 0t .

B)2H3IHAE2HS5H: EIEFENIT, K
TR TR ERMEY R RE. ES T
TH] T H 3R Y i) A0 55 00 P A 51 G A T B, A
FLI T A A AR AT TS AR RIA 2] T e e 1E
TS K RIRA T RE, BEibik
EHEWHI TR TR, J5IHZED N EE
HI~F AR .

GH2H12H: f£2 H 12 H, A EXSH i
REE NG DR RAE T B, Cor e R 25 i
BRIl %1297 J7 R AT S AR Y AR LA B
Bz Wy, BN T <Rz Wom >, Bl SE1)
I3 ) EL A il 98 S2AR SF R AR o H TR AR S i
X THE, 752 H 12 Bt 5
BB T, AR E AR LR 2 N
=R

M EIREE RAT LA W, RN m IR, fhm
BRI H B . v 1 A G2 At o
B, BUR A G073 DA LERE T 15 R 11 e i £
IS
3.5 RIFHAEEIFHRIER S ST

PRI WAIA) & s B e s B R, X &
A A A B A S AR A BT T R
PR SE R, ARSI ERUT:

(1) sl RFBEIGHIE A, R EREE
1743 R A . IX BLA% F Python flT i 1 Jieba JE X}
90 /3 2% THU (1) B 34T 7 iRl Ab 2R

(2) LBt AW 45 AR S B R,
AT T AR S R AR, R ERES
o (BOCA) 2 R/ B2 5 22 B Bl i 8 4 Bt e 5 B
V] o XX HLA A RV ol R S BT R AL 1 Hp S 45 FH 9]
FeNF b8 53 o3 G B HEAT 22 RS P R Ab R

(3) THEEA, HZHREM . Rt B 3 AR
ZENSCAVAZE, FEGE T AR IR EL . DA Wy
925 175 SO 1) A0 ) o st

I FIARSEEG PR, W LUIRTS S R E B ER
AR RV LR 5o N T S0 BV HE o A B
o, BHH s =, wE 7 fE 8 Fk.



228 TR TR 22 5 52

2021 4F

x5 &AL
Table S High frequency vocabulary
Tk AR
P B B REL B, AL BiPA
IEMH Pz il B, 3500, R, S
M
W HEL Bk, BEAE. TR B RIE.

il

P in . e, Wik, . WK BB K
Whide . Fef. WAL RWL. EEREE. B, 0

Bk L R . . BB B, B,

ZIR

a
]
@

T E

g

UNIQ E—E ;T“.

7 EHERE S
Fig. 7 Positive public opinion news word cloud illustration

AL AR B T
i

2 il

8 it = &
Fig. 8 Negative public opinion news word cloud illustration

M 7 A 8 AIE AR AR B, AR
T 3 a) 5 Ao B 2K DA BR3P N B IR SR, ol dneer
£y 1Nz ") T RN € G

171 7 A5 U2 A BLAE X T e A Sk AR, 41
UNeHFWR . CURIET . SR T AR T AR i A A
R IE IR R BRI B <0, “B
G A e S P AT NS I N VS AU NI
120 PR o

4 45 R I1E

A SCHE T B B AN B AT ARG T, xR
ek 2 1 00 [ B AT AR A 1R IR S AT T AL T
TC o AN SCHE T AR ALE X 7 2 e R il 2 % 175 391 ]
[ 90 255 BELAR EAT 1 S AT o A A . MR A

(] F) SRR 15 AR PR A AT AR TR o 45 5 BEL (1 17 AR
REAE, X S0 1R ) B B E AT TIRA T S
BT L TR BRI AL B 1 B A2
55 B 1 IO Ak AT R DR IR 3 BRI s Ak 5 % 1
A HEAE R AR, ITTHE AR BEAG AR U, 3R
A BT LA RO T ik . DU AR RS
VR BB A K I R A B, n o B i T A
BEST. SEEGRE, A SCHET RS 5 N b xt 5
1o AR AT R AR 0 A, RN REAT X1 5 5
5 R SRHRBIE 7, AEH N 2 A AR R 1 B G i AR
KL

RAKTARRE 2 RITE B R EAy, X AT A
F A S BUA R 0 B BRI T AR L

SE Rk (References)

(11 Vrag, mpa, 250w, [ Py &% SRR T 98 10 (el s e 2 1T).

TR FIS 5 S, 2009, 32(3): 115-120.
XU X, ZHANG C Z, LI W J. Research on the Chinese word
rough segmentation based on multiple hash dictionary and
K-shortest path[J]. Information Studies: Theory & Application,
2009, 32(3): 115-120 (in Chinese).

[2] BREE, WBE, BRT. ORISR D). tHEALR A,
2011, 31(12): 3321-3323.

WEI W, XIANG Y, CHEN Q. Survey on Chinese text
sentiment analysis[J]. Journal of Computer Applications, 2011,
31(12): 3321-3323 (in Chinese).

3] BPHHE, Fie, X AR KD I AR, 2010,
21(8): 1834-1848.

ZHAO Y Y, QIN B, LIU T. Sentiment analysis[J]. Journal of
Software, 2010, 21(8): 1834-1848 (in Chinese).

(4]  JEukHE, BfERg, PSR TR SCA S B A IR p SO R
AR TTIE]. AR KRR T2, 2013, 43(6): 27-33.
ZHOU Y M, YANG J N, YANG A M. A method on building
Chinese sentiment lexicon for text sentiment analysis[J].
Journal of Shandong University: Engineering Science, 2013,
43(6): 27-33 (in Chinese).

[S] PANG B, LEE L, VAITHYANATHAN S. Thumbs up?
sentiment machine learning
techniques[C]//2002 ACL Conference on Empirical Methods
in Natural Language Processing. Philadelphia: ACL Press,
2002: 79-86.

[6] FMERE, BuE, SREW. BT MG PSS B SR
BRI, THEEHUS 5 5, 2014, 31(7): 177-181.
SUN J W, LU X Q, ZHANG L H. On sentiment analysis of

Chinese microblogging based on lexicon and machine

classification using

learning[J]. Computer Applications and Software, 2014, 31(7):
177-181 (in Chinese).

[77 HEIKAL M, TORKI M, EL-MAKKY N. Sentiment analysis of
Arabic tweets using deep learning[J]. Procedia Computer
Science, 2018, 142: 114-122.

(8] %, SegMy, BEOR, &5 HTHEREFEA LSTM i 9



2

HFHE, & ST BRI A8 e it 585 17 B v A 7 B

229

[10]

[11]

[12]

[13]

[14]

[15]

[16]

BRSO ITI]. o OCfE B AR, 2015, 29(5): 152-159.
LIANG J, CHAI Y M, YUAN H B, et al. Polarity shifting and
LSTM based recursive networks for sentiment analysis[J].
Journal of Chinese Information Processing, 2015, 29(5):
152-159 (in Chinese).

MNIH V, HEESS N, GRAVES A. Recurrent models of visual
attention[C]//2001 MIT Neural
Systems (NIPS) Conference. Cambridge: MIT Press, 2014:
2204-2212.

S AL S AL N g B ST AL S SRS B ALT].
B H552E, 2010, 33(7): 93-96.

SHI B. Research on the coping mechanism and strategies for

Information Processing

network public opinion on public crisis event[J]. Information
Studies: Theory & Application, 2010, 33(7): 93-96 (in
Chinese).

BURKHOLDER B T, TOOLE M J. Evolution of complex
disasters[J]. The Lancet, 1995, 346(8981): 1012-1015.
CANTON L G. Emergency management[M]. Hoboken:
Wiley-Interscience, 2007: 22-23.

Tifr . TR FA N 4 BB AR R ST [D]. B PR
K2, 2011

FANG F J. Study on the evolution of public opinion on
network of unexpected event[D]. Wuhan: Huazhong University
of Science and Technology, 2011 (in Chinese).

TSR 2% B AL BB B AT D). T EOAL S BARAE,
2011(10): 203-206.

PAN C X. Analysis of evolution phases of network public
opinion[J]. Computer and Modernization, 2011(10): 203-206
(in Chinese).

AHR, WAL T GRU MIZSH HIBMAE BIZE[)]. B R
K, 2018, 42(3): 1-5, 9.

LI X, HUANG Z. A gated recurrent unit neural network for
Web information extraction[J]. Information Technology, 2018,
42(3): 1-5, 9 (in Chinese).

MR, FBZ. #T Attention-based C-GRU %5 R 4% [ 3L
A3 HEHLE IR, 2018(2): 96-100.

[17]

[19]

[20]

[21]

(22]

YANG D, WANG Y Z. An attention-based C-GRU neural
network for text classification[J]. Computer and Modernization,
2018(2): 96-100 (in Chinese).

DEVLIN J, CHANG M W, LEE K, et al. BERT: pre-training of
deep
understanding[EB/OL].

transformers for

[2020-09-01].

bidirectional language
https://xueshu.baidu.
com/usercenter/paper/show?paperid=147v0rh04e5c0a70qy4u0
mc03q394989&site=xueshu_se.

B, IR, BT BERT HR I 3L 44 SEARIR B 7 (0],
THEHLTRE, 2020, 46(4): 40-45, 52.

YANG P, DONG W Y. Chinese named entity recognition
method based on BERT embedding[J]. Computer Engineering,
2020, 46(4): 40-45, 52 (in Chinese).

FET, B, A, 5. T BERT {70 3CAr 4 Sifkin
BT[], THEEHLRLE, 2019, 46(S2): 138-142.

WANG Z N, JIANG M, GAO J L, et al. Chinese named entity
recognition method based on BERT[J].
2019, 46(S2): 138-142 (in Chinese).
WNRTE, AREAZE, BWEYL. TFIDF EERF R 4ER[I]. HEHL
RH, 2009, 29(S1): 167-170, 180.

SHI C Y, XU C J, YANG X J. Study of TFIDF algorithm[J].
Journal of Computer Applications, 2009, 29(S1): 167-170, 180
(in Chinese).

TERER, 4RIGIE, BHAMk, S5 BT LSTM M%7 5briE
WA RE D). TR SEHLR I BE AT, 2017, 34(5): 1321-1324,
1341.

REN Z H, XU H Y, FENG S L, et al. Sequence labeling

Computer Science,

Chinese word
networks[J]. Application Research of Computers, 2017, 34(5):
1321-1324, 1341 (in Chinese).

XFE, BAEH, BT, FET TextCNN 19 PP ig 15 8%
PEHIFIT]. WS, 2019(3): 48, 50.

LIU CL, WU J Q, TAN Y N. Polarity discrimination of user
comments based on TextCNN[J]. Electronics World, 2019(3):
48, 50 (in Chinese).

segmentation method based on LSTM



