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Methods and applications of sentiment analysis with online reviews

LI Yang, XU Ze-shuit, WANG Xin-xin
(Business School, Sichuan University, Chengdu 610064, China)

Abstract: The rapid development of the Internet and e-commerce has made the web a public platform for people to
communicate and exchange ideas. Consumers have generated a large number of online reviews based on online platforms,
which has a wide impact and attracts the active attention of experts and scholars. Research on sentiment analysis based
on online reviews has also been evolving. This paper focuses on sentiment analysis methods based on online reviews and
their applications. It presents an overview of the above content. Besides, possible research directions and contents in the
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future are pointed out by analyzing the existing research problems.
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J& PRI SVM S AL JEAT 185 1 43 25, bL B s VTR
Pt B VT A8 TE SCHEAT 17 8640 B 1) 45 SR B N AR . A
BT R P 2 AE A N S8 (R 1 07 V%, 2 07 A FEAR
() 2 IO, 0 T 7E 2 VP 18 SCAS R AE A i AR L B2 17
&y 2 gt B ) @, AT % LSA(latent semantic analysis)
5 SVM FE A 45 G H DLZEAT 2 R0 FE 1 1 43 L 3¢
ORI R R oA, AL REMEER
4R TF HAE W] 1 P9 oS R &5 5 R A TR S0 A
REAE R 3 ) AN 22 r B2 155 A 4 AT ) AR 0 . £
CRF(conditional random field) £ 7 [X 73 1% 845 & Al
AR N2, FRBOEIR T IF BRARHE R 0 N B IE A
SVM 5 R AT 185 1 3 A7, W DA A8 v v 9 ST I
G3 BT B D).

DU R B T T S 1 — Fh o SR, R
MEZR SR AR HEAT 70 28, ZE A JELAR R A FH B i) A T &
0 (R BB MR 2 A0 T 45 8 VR T8 2R IR . 4y
A B 4 0 I PR 1 R B s A A T DL
R ARY200; 22 17 20RD 3% DL 307455 5 e FH ok Ak 8 4 52
1 Twitter b (145 BRFAE TU A W8, A 8082 & 1 1% i
] PR S e AN B SR A 1 2 (B AH SS9 B,
FE T DU B2 0 43 2R 07 VR0 R B L AT
SR EA BRI, A2 7 R 45 R 25 D7 TR )
e AN B 1221,

SVM A DU B SRk AE AL 3 — 43 2 ) R LA —
E IR, 12 SVM 75 Z I SR 8ok, ot Sy
ST SORPS 1= /N0 I v 7 U V28 R L B T 5 N =T
I, SVM i 2 A5 R AT ff e, 7E AR Y A B R AT g
TGS 7 B ERHAE (R R, DU B SR BB R AR 2 )
AHE ST, PR AR AR AIE 2 B A7 AH 26 5% R B AN id
%I
1.1.2 ETERREZINERS T

BT T W B LA 5 o0 (A I b O R
S AEXT LDA(latent dirichlet allocation) #2284 [ pe i3k |
LDA & —Ff = B A i Blei 23 $2 Y, & nl LUK S
R A rh A SO A R BEORE 22 40 A T 48 . T
I, & — B G B A S R AR SR AN R 2T T
FRiERIUIZREE, R /R BSOS DL L dR e i 2

2T 0 LDA BEAY () ¥ R 1 42 Hh 47 18 o i 07
R EIRIL. UG LDA B 2 — /N 3 R A5 1 Y,
Horbr 2080 5 30K SR BK, #2165 38 OCHK. JST (joint
sentiment/topic) 15 8 7F SR J2 55 = B2 Z (A IS
R, SEIL TR R R 424 5 — AN EE T LDA
5771 ASUM (aspect and sentiment unification model)
TR B A 45 5 4 A, 2 T 1 IER-E Gt

FEYE AN 5] 328 1 17 it [ (231, 55 ST MY AN [A) 2 Ak
£, ASUM B2 B 5E B0 6) 1~ i) i ok B T
7] — N5 B AR, DR I A N8 B AL B Ry SR
BT R [X s SR B S 4 A (M Amazon P 2542
i EL T S VAR « AN Yelp s 2 38 R8I 2 1)
X LU S 45 R B, ASUM B (¥ 3R I & 3 A1 T JST
B MG-LDA (multi-grain LDA) K8 S23L T 4 =) Al
J&3 30 LI ] B 42 48, IMTS (joint multi-grain topic
sentiment) 1% 284 /£ Ji 46 ) MG-LDA 84 E 34 hn 7 —
AME IR, IR U O 3 18] B W] BRIk B T
“E R 26 1 DX > A0 5 ASUM R AITIST
B (AN R 2 AR TE T, IMTS 155 AL 1 8 5 158 3 o (1
& R TEIR RAE i, 538 MR K il i 5 )
HEAIRI R R AE — .

TSA (tag sentiment aspect) f £ p%, 1157245 2.,
AR 8 A\ SCA H 38 v [ I B2 CREAIE AAE R 7 26 1)
PERER LB, 55 4b, [F]— VA Fi R AN [F) % RS ik
G R AFAE — 58 22 5, L 2 2 58 2 AH IR 155 2t
1], SAM (sentiment-aspect detection) B4 75 70 F F T
W ANEE R TE LA S B, X PR
F2 R B[R] A2 23 M, 32 T T4 By i 4 R 1 HE A
PR S RS0k SCA 2 ) A IR A3 T e 1 A A
RO, AT LUK FE AR 5] 5 ZOMVRRAE 22 1 1% 1 o3 dr
Hal26],

T MR M AN RNE S MBS
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HIH AIETE & vh 2 B AE BB R 2 B ARE S 1
T By 2K, 2 7 1R BEAS 77 Z AT R, AN A
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RUETE S, H S0 VEE VR P PEE A 2R AECR
MBS H b5 5 3T IS5 5 15 A M S2 56, J0AiF
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AN B S T R | PR R AE B
()2 73 B, ANUAT DA A4 2% PR B0 17 IR 2 R0 A7 1
O, T HL PTG B 1 7 =X RIS AR Bl A PP 2 AR
P X G 17 % O3 A

MgJST (multi-graular joint sentiment topic) 1% 7!
Je— AN 3T LDA RN IST #2244 g 2 i 5 )2 1)
SR AR ) Z B AR LDA RSB AR T B A R
RE D) XARES EEEZHERZ2) AR
BT 2 2 TB] PR ) L B2 5 A 2l I 1 4 bR A S
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WL L )73 B AT RESRAT AN HEB I 25 3. 55 A0, AEBLRT B
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55 W B LA 5 ) o N 3 MR AN e A
A G i 5 B (inexact
supervision) FIANHERf i B (inaccurate supervision)©).
AN e 4 B R TR N 2Rt b 8 0 B b i, 70
I AT B 2 1) AR 100 A R A M R I a4
HH T REUREL FEE R B 255 AN A T B 2 4R I R B A 2
A FE 4 IEWHITE L.

YRR RAS 56 45 Wi B el R W D O 38,
WU 27 21 T35 W FH R AR TR A5 1oy i v 2 L)
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F32 A F A5 GIST (graph-based JST) Al |
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ANBLEL. GIST F) FH E-GCN B JE Ak 2 7 = 7 A 58],
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FEBRHNES.

H AT, 55 T 95 M BLES 2% 21 B4 8 B A DG B 5
AL TR B B, BT ORI ZRRE A () 75 SR B AR
b HA— 5 AR R, T VAR B e 1
FARCR R8I K AT 5.
1.2 ETFRsmiERs i

BT B R M DT R — R AR an 3
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A AA 22, 523 (75 WordNet F11 SentiWordNet. 2 2 %if
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’f*’ﬁ‘ziﬂﬂﬂﬂ(;:kﬁi FIFREE [ — A SO BEIR, AN [F) A A IR — A v SOl B s, A 3 1 18 1 PR b
REEEERA e EBS  1 IERTRE R MEEEE E. BARVCA AR  R IR IE S 7 R 21 /R
20 tH 22 80 44X H Princeton K235 44 W\ ML B 24 5K George Miller [4] A4 2 ) K HY )
‘WordNet NN
YOS HHE
P
Senti N WordNet HH 85— MR SCRIE AT 7 2 B PR ANV ARME 3 PR, SR 28 1
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A0 ~ 1 RS
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8 AT, 0 WA IR VAN He > il 9 1704 3954 339,
65, 271, 220, 201 f1429. HowNet iii $i H ff) F£ &
AR 73 2 6 AN S5 G, R 17 B FE 11 5% .75 DA
15534, HowNet 1] i o () 3] VA 5 58 490 75 i i L AH
RVF A A Rk, DRI L Jd ot ) 1 e e H e A PP i
ST N L0 A, 75 R AR 1Y HowNet i) i 3E47 438,
HlE 1 — AN L F n] g, e A5 3 507 A ARG
SRV AN 3 365 N VH AR IR AR TS AR e X RIA
T SO BN, 1 A5 A AR PR AR FE R R 75 5 F ]
A 37 1) 55 1 B RV A [F) 2 v B A5 5], HoAth
BCH LRI 70 SR RS FHASOR 20 i 2Rk O U 1
TR e A1 17 JR 5, SR i 2 3k U7 U B L AR
HIEE TG B SR A2 15 5 ARIBAR63637),

75 Ah, A W 7B A A H HowNet 1] 3L fll NTUSD
] B AN (R R 5 R A7 R 1] 38 SRR [39]
B ST P18, T RO B T K A v SO TR AR
J - Bason 7] 4 . HowNet i JiLF1 9 26~ 5 FH 7 55 5% 2L
A1 AR HLEAT 3G, M T — AN 29 321 MEIE
)17 v e AR A7 IRy

DA b 6] 8 35 Sy o S0 A SR A R ] i, A R
W 58 &1 X iR SCAE B VP 10 33 AT, R 98 SCCARE B
15 18 23 B, 5 F 1R 1% %] 3L SentiWordNet 0431 Al
WordNet*+43], WordNet #& 20 tH: 2 80 44X, Ff Princeton
K2 E LN HOTE 22 5K George Miller [ BA R K
RSN B RO, 2] Bl TR 2 i) A g A DL
/] SR 5 & (Synset) [T A7 i 76 204 2 b, B — A
LENEDESCAE S, SRS Z I 1E G
F A P 5 R0 IE P2, SentiWordNet A WordNet H
B[R] SCIR A T B WA  FRURT A AR AR 1 3 A
PR, FFR 2B 73l FH O ~ 1 2 [R] IR BB R R 17481,

A FE R, Bl 5 T e (1) s B A A T VA IR
S R RN ] R SO AL, AR S HME FEE A
AR T B B o R 85 R e R 2. Ak, B 5
RS FH A3 1) 22 S ] g 5 B R — 1 BRIV AE A [R 1S
TE R 2K ) BAFEAE 22 57, Rl i 2 7 VA i 1)
— A P 17 R ] AR M BRI A B At Sk A A
1.3 EFREFINERIM

B8 5 TR B 5 ) 1R R R, HLAE A IR 40 i A 1
Iz F A MR R T2 TR 4 VT 1R A o6 I I R4 T
i B B R B 2 ) Bk R EAE B E W 4%
(convolutional neural network, CNN) Fl7Jf A 1 25 f¥] 2%
(recurrent neural networks, RNN) % Ff. Bl 45 #F 78 th 3
12 PR AR B 2 2] W 28 00 R T 3R AT 1% 860 A

CNN & —RAEHEHIHE A FIRESHIM

Rt & 2%, A RIEE 2T 6E /1, RNN & — K A A
T2 HATCAZ B8 77 i 8 X 8%, G A A I 40 A o i
] /& LSTM (long short-term memory) #7%4. F| H CNN
AN LSTM A7 SCA G 15 o A (A AL T i & U=
MNSEA A R BURRAIE, JA8 FH LSTM #52 AY ff i€ 54 1]
A 2 8] RSO 5C 2R, e CNIN IR J1) 7 ) 195 2 A
7\, LSTM % >J ) [ 5 BE AR ). SR b, I H G =
HEAT 7% [A] G546 43 AT, [R) IR 45 P LS TR 2R figf ) STAS It
JF SR8, R T AR T TR AR SR R R R P IR S T
X SCAAE 5 4546 ) Z2) 50, 5 ], 8 0 S A v 2R
AT S R B H 1 — b e T B (i b S I, Oy
i PR VT AL J M AR B 1) [ AR I 1R e T ZR Y, AR
RUAA AT PAiz F T B B SO R 1 8 3 i, L R R AT 52
) A A AT

CA-LSTM (convolutional attention LSTM) #5284 £
X VRN A R T LA AE 2R VT IR A SR A i T IE AN X 4y
FLAB A 26 R AR 1 i) RIS, AR 1 S ) P ASE A 45
L AR BT AR R VP IR 5 I R AE 2 [R] 1) Bk
SR B, S A v 4 ST AR s 2155 28 1R I 4E 1]
() WL SR SR )5 R F A AR SR IR A B SORFAE,
1 F Bi-LSTM (bidirectional-LSTM) 1% 7t 4 4iF 2 7] ff]
KIARAE R &, B a9 AN E = ALE] T 5 A [ 5 1]
X SCA 1) DT ER AR B, I AE H bR oR Fdh 51K
B2 B VB A BAC (Bi-LSTM self attention based
convolutional neural network) 1 5 X 25 #i 4 1 £ H
TE—EREJE AR R T ARFAIE 225 8] BRG] 2, ST 1
e iR B R SO B AR R AR T B A
FIBi-LSTM 578 AT CNN #4478, BAC 5 32 LI [)
WA, (H 2 B A v 6 T A FE AT AR 55 1) 2R L. it
b, Bi-LSTM 5 i3 & J ML A 45 & H DAAZ 4 75 26 VF
W SCA I 2 AN 77 e PR AN K, A B 5T AE Bi-
LSTM H7 fy4i 23 FH CRE {084 i R 153541,

CBRNN (convolutional
neural network) 18 454 CNN 5 BGRU (bidirectional
gated recurrent unit), FJ F T & 5515 2 R0 A1) 1 2 1)
15 A T3], B AL IE I CNN 242 8 1 405 2 s
fESEA, FH R FH BGRU 1 22 2 1)+ (R ARG 12 4 3R
IS A I R AE

LA R FE 2 2 BR A Bk = X 4R A SRR SUAE B
) 5%, S R 1 22 ZE 44 TopFuzz4SA fift iR 1 1% 1]
T, I H N N 455 B STA EHE A7 A 1R W P R s S
HEAT T AL 3PS, ELReLUWL (enhanced leaky rectified
linear unit activation and weighted loss) 572, At 1% 44
SR S AN B A AN R S B SOH FE, i it 5 CNN

bidirectional recurrent
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) 45 G5 3 B Ao 52 V0 R i) R, e /S A0 B A - AT 0
B8 PR A7 THT 5 0, AT 2 5 155 J8% 20 AT G B2, e 4 Ak 2R
i [A]57], 3W-CNN (three-way enhanced convolutional
neural network) J& 5% = 3¢ #3575 VA JE R T A L —
ANFETF = SRR AN CNN F 7 85 B 7770580,

TR FE 2 2) SR (R S BAT T v W B2, 9 HLN R4
R EBOK. SR AR KRR B AR T # ks £
FRYARFAIE, 0 SR 2 S B A 1 B8 AR 1A 22 R AP, D 5 32
TE 5 2 R 4R B AT Il
14 SREIRERS

I AL B VR 6 1 TR AT 2 48 K WO 3 A AR R B
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