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Product Improvement Based on UGC: Review on Methods and Applications of Attribute
Extraction and Attribute Sentiment Classification

SUI Haoran' ,ZHOU Xiaohang*® and ZHANG Ning'
1 School of Business,Qingdao University, Qingdao, Shandong 266000, China
2 School of Management,Qingdao City University, Qingdao, Shandong 266000, China

3 School of Information Management and Engineering,Shanghai University of Finance and Economics,Shanghai 200000, China

Abstract User-generated content(UGC) contains a wealth of authentic user feedback on products and their attributes. With the
continuous advancement of digital technology, enterprises are increasingly relying on UGC to gain insights into user needs and
guide product improvements. In this process,attribute extraction and attribute sentiment classification are considered as two core
steps. Attribute extraction aims to identify key product attributes from UGC and is mainly categorized into supervised and unsu-
pervised learning methods. Attribute sentiment classification, meanwhile, focuses on analyzing users’ emotional attitudes towards
these extracted attributes, primarily including approaches based on dictionaries and rules, statistical machine learning, and deep
learning. Firstly,systematically outlines the theoretical frameworks and technical essentials of attribute extraction and attribute
sentiment classification methods. Subsequently, these methods are illustrated through practical applications,aiming to offer valua-
ble references for enterprises and researchers utilizing UGC to inform product enhancements. Finally, this paper explores the cur-
rent challenges faced by attribute extraction and sentiment classification,as well as directions for future research.

Keywords User-generated content, Product improvement, Attribute extraction, Attribute sentiment classification, Machine lear-

ning, Deep learning
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Table 1  Attribute extraction methods and their pros and cons
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Table 2 Attribute sentiment classification methods and their pros
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S EL R . Kiritchenko 285 7 SemEval-2014 3% 3 1 )&
PEFAE B BT AR 55 4t — Al LT SVM 1Y U 4% s 1 9 1% &
Gy RTT I AT R 8] PR AR T RO A S AT 5 SR TR 48 ) o 1)
K FAF LR SCER UG IR L 1) PR S AR AE DA A I R T
SEUG AR R %07 IR TR S 0 A B A L e e HE A
. HIEF] SVM TE 43 2 B 56 1 2% [ e K B3 0 20 % 1
FE N FRAEAR B4 , Lin %5 %% Fisher ML AEA SVM, %31 1
I 3& W ) 32 45 1] 22 AL (Adaptive Support Vector Machine, AS-
VMLLF B SR NEE. WM HEZLAEED
(Multi-Heads Self-Attention, MHSA) [ 4% | 1-hop 1 &= 11 #l
il 455 45 B M 1) B2 bR SCRAE IR T R @ ASVM 43 2%
s S8 IR J 1 N R P i T . % U7 1 E SemEval2014 .,
SemEval2016 Fl Twitter %4 4 [ #44 RAFA9ERER L.

SET G HLAS 2 > 09 J7 15 7R Ak B OR AR ER i O 3
=L A S48 OGS RAAE B D T X A TR e R R B
L T i A 3 P R R P SR K — i AR AR TR AE
TR O R AE fY B 95 ik ORI 9 4k B 45 A R TR A S OK L xR
BAM T REBK,

3.3 ETREEINFE

BTG HLAS 3 IR B 2 2] ST AR H A Sl 3R BRURRAE 19
[EPARRTA A 2 (IO SR T W i R 8 N TR R S 1 N
SR TR A > 7R R S O G B 1)z BB S
F o EWBEGE T AL & TP 50 @A O vk B B
T 04 7 vk A PR TN R0 SRR Y O ik 3 2
3.3.1 AT Aol sk

FP BB RS T AL B Y SCAS 9 BF B 42 Y 46 (Recur-
rent Neural Network, RNN)JE i AR WBIA Y —, BT
RNN 7€ &b # & 77 51 0F 47 76 5 BR P, K 8 8 id 12 W 4
(LSTM) P I 42 476 35 8 78 (GRUD ) 45 B T RNIN i 462 1
BT R KBTS AT AHCAZ 2o kDA 5 B 3l
AT T S 15 2 20 28 S5 A 45 v S I AL B PR AR L O 18- B2
BT

SR WA CH BT SCF B R N OCEME .
Tang %57 % J& ¥ {5 B 5] A LSTM, 4+ %] & i TD-LSTM
(Target-Dependent LSTM) #1 TC-LSTM ( Target-Connection
LSTM) B A5 280, H: #p TD-LSTM X 41 v J& 1 i 2 il 5 =2
J5 AT ) Y R SO S AR TC-LSTM I £ g BE Al |, f
Ja& M ) ) 55 45 A ) BT SCE] ) AR S A S BN e 1 1)
HHETXZEZEXRNER ., B EENITIE A 1 454 X
J&8 P 1) 17 K4y 2R B 2, Ruder 5 B — A A F oAU &
—A & M, 12 8 H-LSTM ( Hierarchical bidirectional Long
Short-Term Memory) #& %, 43 2 X [a] 3 3K &) N 5 &) 8] (1) 5%
Fo AR A B e O B R] OB LSTM H, Bl
HE ZORE 5 JE i A 456 i AR PFIs % LSTM, &
LS BN A P A F 5 . AT EE LSTM. GRU 4544 i .,
U5 4R A, 7T LAAE Sy BB Y AR HE SR s 4L F . Jabreel
DI T TD-biGRU ( Target-Dependent bidirectional Ga-
ted Recurrent Unit) . %A% B 3% 3 J& 1 18] 1) 22 5 07 . 5 b F 3¢
o] d, F A O SRR N/ SO IR R IR ) T
I8 Softmax J3 26 4% A Wi R . B 7R SCHR AL 4 3
Z IO B AR R R R M E R E . Lin 50 LL—
ANA]F 2 A IR R 2 R T B R K 42 Y GANN(Gated

Alternate Neural Network), H % [T¥ i T £ Ht GTR
(Gate Truncation Layer RNN) F 2% 2] J& 4 AH 5 AU 15 2k &%
TR . AEXEEFIRF A B SR R M R 2 ) A X
BE B P B L DL R R RN 0 o SO A 4 () I 4 B
X590 F Se i T b O AL B, Bai UV FEER Y PG-
RNN (Position-Gated Recurrent Neural Networks) £ &l 1, ]
FHAZ R BS0KE Jes 1 ) R ] L b SR 22 ) Y 7 B A B WL O %
Lo AT A OB B sE I . D3 Ah, 2 o) 1B CRAE TR
JE MR bR SCOAS R] R 09 B B M, A B 2 AT s R
J1 ML (Attention Mechanism) 5 LSTM,GRU gl &, $#2 11}
ATAE-LSTM (Attention-based LSTM with Aspect Embed-
ding)™*' ,IAN(Interactive Attention Network)"®’, RAM(Re-
current Attention on Memory)"* PI & F & #) GANN, PG-
RNN % — R AR,

TE & MR 1843 26 v, TR R WL o 0 R R S R
SCI T XOOCTR HEAT AR, A 2 1T SO JE ) Y M A
T 2R A8 5 ) M 1) 1 SR AT 1) 5 o AH DG 19 1R SCAR L Z B R A
SRR MR B E I O S R e R M . T L % 20 B L B
IR TR RS, 5 2 & W A5 G R HE AL
14 Ji P N IR A A

Wang 1% 48 1t ATAE-LSTM (Attention-based LSTM
with Aspect Embedding) #5 8 , #£ 45 & = HHLH 5 LSTM
Rl B gL AR YRR A BT Z R A S A R B R s
[ 3 83 R ) AU IR H 5 A o R R — A S
BRI . 5 BRI E B R0 P ) 1 I 0 T E M, Gu
gLl 35 e 2 5 Bi-GRU 9 PBAN ( Position-aware Bidirec-
tional Attention Network) B , ¥ JF 4 18] K X i 47 + v 4
A~ PR [ L B AP R A B — A3, AR v Y L) 1
HL ) S AR Jg 1 7] 5 /) F o S [R) B R] 22 ) 9 0GR AL 38 R
FHAVE A7 85 oA ot 340 U i 1) B4 A R R M . Zhao ST 2
A R JIHLEN S GONL 32 i e 9 4l K )8 1 =2 8] 17 SR A 6t
% & i SDGCN (Sentiment Dependencies with Graph Convo-
lutional Networks) B R, iZ 48 8 & 56 R FH A A A7 & 9 5 (9 3L
I 2 2y MLk B BBCRE S TR PR I R AT BE S A5 B GON il 3%
) A [ Ja M TR R IR OC &R . Lin SFTYT 4R DSMN
(Deep Selective Memory Network) #E42, il it s &k # LT
SRR AR T 2 B B AL I R M (R R B S IR LA
P2 AR, A B AR T B AR R R S B TR B AL XA 4R
TERNRIEIZZ e R B SO i F w0y @ i B
AFR . Wu FUO0R 5% 22 R I ALH S CNN AHES &, #2118
RA-CNN(Residual Attention CNN) #1 RAO-CNN (Residual
Attention and Other aspects CNN) FI A A1 | RA-CNN F|
B 22 13 7 0 ML A 9 SCAS o J M 3R A AR B 55 Ak TR AL
TR MUK 5 & R DR 4R 15 B 1R) 8 s RAO-CNN I £ RA-
CNN (9 B Al b3 7 oAb & 2 17 09 b AL 98 & 131G
BRI, St — 20 s o B ) M iR B R R R SR
Jag M 1) 9 5% e I B4 5 E S 4 W) 89 R T SCRY A, She
FUUG G BERE R HIER N SN ST IM-
HSACap(Interactive Multi-Head Self-Attention Capsule net-
work modeD) , # 1 Jij # I T SCHE S (Local Context Mask,
LCM) 22 B X i & ML . 3¢ B2 Hh 2 Um0 B R SCR 4
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Ja) BT SCIAL A R AR 810G FR R T 45 6 T 2 T 445 ok b BT 22 )
FRIEJR 4 oy e 2R .
3.3.3 AT ETHEAY S &

VEAE K T SRR AU A Ja P A3 e rh 8 32 0 . Sl R
FUREEC A I R AR R S B 0 P45 5 e o U R 0 1 A L A
T R T T IO A R AT 55 19 45 L SRAMORS o = R S IR 2 46

—J7 Tl T WO R AR A Rl A SRR ) L %
FATHK HH T B A SCAR . Zeng S5 3 T Xt 1 1) 17
WPk 5 H R & RS2 ) 6 & W25 L $2 i LCF (Local Con-
text Focus) HLifil , 3% 1] BERT 352 2 5k il 48 )5 5 b F SCAN
A Jry BT SO R RO 5C A L A i H #E  LCF-BERT
RAE R VA R0 25 BRI wL R PERE . Wang 507 2 11 —
Bl 4 A 22 T3 B 7 L B B B p 2 R 45 MAMN (Multiple
Attention Mechanism Network) ## , iZ A% 5 % F] BERT k44
Al A 8L BT Word2vece By Glove %5 W kA B %
.

U5 —J7 T B AN TN 2 aek AR v i 2 50 A0 R TR 1
REGT BT, LSS E R PR, Xo 00 —Fh
& A T RRC(Review Reading Comprehension) {145 i) BERT-
PT(Post-Training BERT) # % , 3l i3 #8 #1 if J&L 4T 4 % BERT
AT S U5 F 78 I 1 S0 0t 4 b W0 o A 2008 T RO B 2 2
fife JE PN B R AR S L PERE . TUIABIEE S TUEH
B B A2 ] ) 450358 22 7 2 BURR e B A2 BH L IR T 0N 40
AR JE A B R S P RO MERE . AT — A, Liu
SECU R H 4R T — A I 2R HE B¢ UTKA (Unified In-
stance and Knowledge Alignment) , % #E 42 F] F ML 2 K 19
A6 F AW DTN 25 B 40 A1 v SR AR 2490 2 > SRR R HE T
3 3ok 0P A 5 2 2T SR AT AR X S S I R L A ) SR B
TiE s DT AT 258 2 ik U 7% 1) Sy A e U1 5 4 v 4 10 B3
NS5 T 5 3009 1 BE Dk 2l A0 ek SR 1% RO A R A 0 1] A
Zhu G502 B BERT 823t —Fh 45 & 15 S48 1k 19 38 ] 328
52 % Prompt-CSR ( Prompt model with Combined Semantic
Refinement) , A7 2 £ H A 55 115 Ja% O S 4] M 1) £ 75 B AL
DAY SR 3R 7R 1918 )58 Bk L IF 3 i 2 3R 2 ) AT BOHE 0
A RS (R B B R P I, RS L S A e R X
A Ak R 2200 B JR AR i SCER B, 4t Bk 1) BERT 3 SCAH 6 T
e VRS TR o PR PR 09 BB R 43 A . e Ah . 2 B0l 1
Yl 75 A B AT P A S 0 vk I B R T e T 2 S
B, 2 AT s 2 8 8 A5 A Y b S 56 R R A B 5E 43 )
o &F %X —n) B, Jin 20 32 Y Word TransABSA ( Target
Word Transferred Aspect-based Sentiment Analysis) 7772, 4]
B AR ) — R W) T R R B 55 00T 5 AR AR R
W, (5 T )11 537 5 A5 208 A B ik B 3 71 o T 000 A 2 1y A

Fric » AT 150 T P 1) 1) 1% SR M . Word TransABSA FI H T
G B 45 AR 2550 20 10 0T AT S50, SR BRBE MR B8 T BN 40
TR EAT R RS AN R 3 S B B

4 HEMA

i P 4 B P IR 2R Al BT UGC 8 7™ i i
HERIERE R Ak T DLAR 95 I8 T B R 25 R ARAR AN TR 7=
st JE P ) AT AR, O AR AT 3R 0 e AV T P R 1
S i R R 5 o R A R DA 3R AR R
[vi) J& M 1 19 SRR AR 43 T IV UK o B R 5 A B P X i R e R
IR0 i PR B R R PP

a8 P A 25 1 S 4 T AR g 7 R 4 ST
T bm . Ak AT R4y 5 A0 P A B BRI 15 4y 28 1 5 SR
AT sk ik, 40, Srinivas 2509 42 & pLSA 3 T 748 4r #E
) LDACLDA-VD DL K 3% F 35 4 i R A 9 LDA(LDA-GS)
3 T o A ARy vk M A AR AR A AL (EA-TMD , 45 & AF-
FIN, SentiStrength, VADER 3 F % 8 43 #r T 544 gt 45 1 J
Sy TS CE-SA) o 31T A B 9 A0 4 B 5 vk D A5 T R0 R L) B 4
A 55 1 1 1 IR A A L RO 3R A Sy A 2 A m) O B R 55
JE A K 4% Jm P B R R . Li 250V g5 S TF-IDF ML %
5 A B R AR L B A SO 9 BERT KL AL 4 BT B A
7 b JE M B A 1), & B X B A R R 04 S R R %
X3 B oA R R R R R 2 . He TR AT
7 il 1 Bk SR W 4 i 52 . AL TE-IDF, WordNet A2 ¥ B 2%
B 58 B T 18 S Ja PE AR B, e A A g R T 10 45 B
FE SR TR HE— 20 RN A R I L AR R
I ik 7 1) L ) 155 R 3 BT AR AR 5 RS 1)1 R R O AR
R A

Al -t AT LA i Bl 43 B (Opportunity Algorithm) %%
IPACEE B -850 W) DA R Bt ) Kano A5 78 2605070 g
AR RN SR AT A3 A 5 A0 B S T N 2R 1 B PR PP AR FE AR L A
Al 1 ™ R TR SR RS W e 5] R R 3 3
JE3 . 440, Zhang 255732 ] BTM M UGC 2 BUR P % 5
fE 7= fh- 55 R G TR SR IR 3 F 32 BB AY A% 3R 43 Aii Al SnowN-
LP P15 AT 45 3, 43 045 21 8 M 75 R A 3522 M R
A ATTH 33k e B 4 A IPA-Kano A8 78 % 7% 5k 347 40 25, B
BRETEE MRS ML RS sh 2 IR 55 2 F P IR G BT OR
Sun 45K 7R 8 BRI SO N R RN AR )
F Je P ) MR B T R AR IR UGC iy ™ i s ok,
I FIH TF-IDF el &2t 45 A 1 R o 1) 3 228 AN 3 5 B /s il
PRI %3 T. B {asttext #E8  UGC R 51 7= 5 & 1 04 1%
JERAE 1] 5 d5c 2K A [) I 2 3] 190 o0 2 2 155 J A i 149 2 25 A kil
AMLEFE Y R M T R RS

37 R VRV A b

Table 3 Description of product attribute evaluation indicators

A% 4 W i

B % 1)

AT EERNEER SRR 2 B R RS E M. L
MenH==2F MK +max(0, T E M-% &EFE)

BAAFHEERNEER A GARA KBS EREr HAAN KA. B EE
B-EHHER BEERE-RAR KEES-FHRNKEEZ RS2, U4

Bl 9

IPACE & B-5 8 240
R R e ik Y]

ArPFfkat5hEaHF T BAdo GRS RERESR P
WEEZEHXA KFRPHERE ML XFAHA EZREAPR

% # B Kano 2 A
EEIES

Zhang % L5718 J % 35 sk 07 L P 5t o g 7
- fl A R R LR X R R

Sun %8I R IPA #2047 % 3 8 kL #
R P RE R

He % L55F) i Kano #£ & 4 #f 7= & & 1 , 4
FHEMAE AP R B R

240400070-6



P SR, 25 BT UGC f™ et < Ja P 2 SR g P 3 I 23 26 09 7 1 55 0 436548

WA 76 I Pk 3R RN I A R A 2 g Sk L 25 G A
BT UGC it — 232 48 , BB 48 X 7 i J& 1k iff 47 B8 & i IR A 1
PEAG . Du 55 L2 R Re & 48 19 UGC SRR IEXT 42, 43 B
FH LDA #1 LSTM 2k HUj™ b Jai 4 451 2 Je 1% AT 1] , JF: 45 & MK
R ARTE LA PR M EE I B . DU B O ik
Tt o A 745 & 2 3E 1) Borda J7 ¥ RS M/ 8 4R R R4 8
PERYANE , &I B P A8 BRI RE R P B ok
DAY 4 AN EPEZR ], Joung DO HR Y T — b 3k T 0T f B 22
4 Y Kano 4328 5 ik, i1 F Word2vec i #2 A, FI H
AP R0 VE R SR O™ R M IR 3 Vader 7 18 4 BT i
S IR R T O T SHAP By Al fige B b 22 I 28 A 4% )& 1k
RO AL 2R 1Y 52, I M 9 45 2R 4 43 H Kano 28 %], Wang
SGUVUIF R T — R PR A HTAE SR ZAE SR IE A BERT 458 4l
W UGC H 42 B P A5 4 = i stk S -8R 3 28
25 AR A NRC-EIL i8] H 68008 J5 % P I 28 047 20 25, i
Y38 2o DA N A2 48 B HR R 3 JE N = T Y R OG BR R
30 5 A [ 1 4 00 6 M d i 1) 7 o J o B 1 R IR 8%

5 HmiEMNHkESRRE

5.1 WA

DUGC IEME AL B, UGC 5 2 B B 5 9 9 30
AL T R AE 33 28 5 AE 40 15 45 5 005 Tk AR LA B L LR
JTEZRA R RER S R 4GS FIEERA TR, 3
A3 FH P AR T e B e K T Ll R N R (A5 A JE Y
MR IR A . 5340 O 2 5K AR A BE 0 1 P Al afk
— I IN TE BA T R ME . X B 2 AR AR S Tk T 3R A
BAEHJE M T UGC 4b B 5 75 v ) — 700 3 22 Pk A

DBIRLZ e S Pk . BT JE o R IR R 1 R
JS I I G T A 1 R 4 S A b T L T b S0 A H Al
WS N EE R E MR LR AR, teah, R il
Y (10 A 0 A A T I 285 40 3ok 1y PR 1 K G by 4 5 SO 1
TS R R AP —E R . UL 2R MU 22
S 52 e AR R 12 Ak RE g T I Bk
5.2 kRRBE

D ZBERBE . UGC A AL S SCAR 38 T 35 R
TEZFIE X, 280 B Pl A A RS 0 fE
B RE A% B (3 B 4 1 R R A A T AR L DT 8 i i 2 B A7 SRR
SRR . BN K BT AR A S AP LR
P 5 A2 6 T LA o i b e 332 R P o 7 o D M 1 4 3 A
JRRART o o I A T o =l B 90 A 3 i 2 A A B Y R
A TR b 1 B8R Y 43 AT 1A TR R R o A

DEFWR MBS ERFIERGT R TN ., 5%
B G B 2 ST D 123 ek 20 o R A v v RO A L i
U ZER S SRS A€ TR S A - 2= 2 B LB R O X |
T o 0 25 998 i 0 TR0 S 3 45 0ek 5 30 190 1 P A AR fiE T
o S TF 9% T 4k B2 e i X S B R Y KR L I8 LR E R 4R
BRI A AR 55 o A DR Y2 AL RE ) 52 BR 17 ] A,

3) )@ VAR IS 1 AT 2 TR B 5 . P R IO 17 J&
S RAEVEAL = MR AE R UGC 43 b B b 38, KR 5
AR R 2 5 A 2% 3 7 1k 5 38 5k e 52 e AF 138 08 A5 7R )
FY 58 EL o TRAK 3K T TUAT: 45 1 P ) S50, S B A R Y B 1A
#T+.

FRIE AERBGE SRS EEMA UGC 15577
A ECHE R IR . AR CRGELER T XA B BAR R R
LR o SR B AR B J7 vk B0 B8 AEATS o T A A1
WALTE 5 A RNZ AL RE J1 A R R PR AL, ROk AT LA i 2 AR
Hda o3 BT B e AL 1 o P e TG M L e W MRS A T
BARAAR TR )2 AL BE 7 5 I 38 R AR RIB PR IS
Jo B RO 26 2 ) Y O B M HE — 2 0 T ARG o B R
ASCETE N AR BT S A 25 10 2 5 A 4

2 % X M
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