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Abstract A key problem of sentiment analysis is to determine the polarity of a review is positive
(thumbs up) or necgative (thumbs down). Unlike topic-based text classification, where a high
accuracy can be achieved, the sentiment classification is a hard and complicated task. One of the main
challenges for document-level sentiment classification is that not cevery part of the document is equally
informative for inferring the polarity of the whole document. Thus, making a distinction between key
sentences and trivial sentences will be helpful to improve the sentiment classification performance. We
divide a document into key sentcnces and detailed sentences. Key sentence is usually brief but
discriminative while detailed sentences are diverse and ambiguous. For key sentence extraction, our
approach takes three attributes into account: sentiment attribute, position attribute and spccial words
attribute. To make use of the discrepancy and complementarity of key sentences and detailed
sentences, we incorporate key sentences and detailed sentences in supervised and semi-supervised
learning. In supervised sentiment classification, a classifier combination approach is adopted because
the original document is divided into two different and complementary parts; in semi-supervised
sentiment classification, a co-training algorithm is proposed to incorporate unlabeled data for
sentiment classification. Experimental results across eight domains show that our approach periorms

better than the baseline method and the key sentence extraction is effective,

Key words sentiment classification; key sentence; classifier combination; co-training; superviscd

learning; semi-supervised learning
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Fig. 1 An example of book review.
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LR, I B2 F %,

TEA W B R 8P AR SCR Ry KA A
W7k R E T B B A R AR 5
A% Bk 57 BB JE BRI TG SRS AA R 43
RPN R LB #h B 0 A, BT LR 38 T4 2 88

Bl& BT .

FEF BRI R K, AR SR Co-training
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BRI . Melville 2 A 76 SCA 43 28 LRl B
BlA T A U IR X & BEAT R R T Li B ALY
Hg 30 A ) 3 B 32 W AT A 2 SR S A A G ) I 4
SRRERE AT R BEME WER T AERRCR.

TG W B 22 S B T vk o 48 IR T TE IR AR AT
s v B 04 2% T 54T, Turney 42 M 7tk RA
B, BRI . B S X SOAR AT TR A T
Fi BT AR ) 3% BRI 25 18] 1 BI3A] () S 2L 45 1T
REHTESE—HEE S “excellent” R “poor” 8 B[
BZEBEMN-IMXARAEBEMEG R EHT
SR AN LA K i B A R S ). Zagibalov 28 AN R
SCHURT AR PP AR T —Rh B 3R IR B R
FAF B A 25,

X MBEIN TS, RETWRERES D
BAEREREMHE S LS AV RHETRILAR
R RN AR 5 R I 43 R 0 O i R B B R 2
[ L, A, b T Y SCAS | T T B 4 R R OG SCAR
45 IR TT 5 By S 06 R — FF 94 A 53 2K, Dasgupta 5§
AUVE S S A B R 2 S B A 0 Y 1T
WL AR5 TR X B B PE IS ) B al bk — R EBh
2 HEEXFEIMERFET LGN A B
Y H PR #AT 2. Wan R/ 5 T —F Co-training



2378

HENMESERE 2012, 491D

F%1 77 XA A T B SRR TR R A AR T A R SO
Ay B 2 07, T A5 2 P SCR RS I Kk

2 BRXBOHEEE

HRCEIMBBIEFEEZRT 3 NEM,
FIEERBEE MEREMCREERE HE B X
BN A4 BT 3 AN BRI 4 R R
AT IRUR N 45 43 B w85 19 /) - T 8 0 g 1 I SR B ).

CEHEER XA d B RWEFHB:d= {5,
Spscttasn ) R m REFATEE, MEANH T 5 6
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fG)=A, X f_sentiment(s;) +

Ao X f_position(s;) +As X f_keyword(s;), (1)
HrbuAdesds BE—1BHERBUE, Bt &R
Je A% BOHE BE R 15 3.

2.1 EEHIE

1 B OC ) 3 B R AR 3 IR R R W A B A 5
T L 5, 40 e 4 108 AR AR B R R T
ER-MEFRERAEROR I B8 HE R
HRBE ITHEENT .

f_sentiment (s;) =

’ Zpositive(wij) — Znegative(w,j)
i=1 =1

n

s (2
HH positiveCw;, ) Tl negativeCw; Y3 HIE X R .

positive(i,) — {1 s wy; € positive; 3)
Y 0, wy & positive;
) 1, w;; € negative;
negative(w; ) = {O, w, € negative, (4)
7 R 1E %A 8t Chttp://www. keenage.
com/html/c_index. html) 3 ¥ & — /> 4] 14 1§ B R
PE, R 8 n 51 ARN T B A il LT K /4
TR FRALMENELXRRN 7T HREA LR
TERE R A . Han )X K0 s A7 B S i E 2
MREAREE. 7, o “HELF” MR 227 M BAE R — 449
+, (H 2B A AE R AR L X 2 D B AR R
F 2 ORIRVE , B, A S H R R B A R
% W) FAR S SR B AL
2.2 {IEHE
HTEHRNEERN AP S I EEW A,
TEMNERXENG BB RSO XEIF

LSRR A FIRIFEEZ. ME BT CEF L
g B WA B S B AR 2 R T S E TR A Y 4
FL T e X E .
f_position(s;) =aX pos(s;)* +BX pos(s;) +c,
(5
R M«
—B_m,
2¢ 27
pos(s;)=1;
a>0;5<0;
Horpom RER d PAFEE ; pos(s) & — N4
BOAEREBENT s Bd PR E 0, c RS
WA RE. EX L, BE f_position(s) E—FKIF 1
] Rk, A ARAR R A T R A7 B IO X 1
B m, YA R AR TR I AL B A F BN 1E OS] B 15
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i W 2 P B AT A o TR ) R O I I K B ) B R
BN T AL F FF 3% R 45 B2 P i B9 ) 7 8 R 1 R O A
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{ERER AP & A& — 2 B e C B e
W HL A0 v S B 2 VR ST “ overall”, X P L4
P DR B R] Ay 1 JBROC B A O Ml BB Bt T AR B R K
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1 love

I enjoy

1 really
overall
all in all
Tam

I think
but to me

in my opinion

otherwise

Fig. 2 Top 10 key words.
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f_keyword (s;) = Ekeyword(w,-j) ,  (6)
i=1

1, w,; € keywords;
/E\:EP: keywurd(wij): (7))
0, w;; & keywords.
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3
j = arg maxzp(c]- [ d). (8)
i=1
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Co-training B ¥ 8 i Blum F1 Mitchell 4% HU5,
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B S, 41 A 4r e S AR AT i R FEPERE L B R LI 2%
ERRE KRR B 5.
4.2 EXH&*E
e BB AR Co-training
BB . FEA 3L Co-training vk, — 2R 3 4~
A, AR CEA A A MR A2 B
%1 8BR TACRAE Co-training BIL AR
Bk 1. BT Aaa09 Co-training B k.
EH:
E}:?‘j:'?m% ery ’Fdetail ’Fqu 3
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TmEEE U;
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@ H fio Xt U #EATHRTE
@ MU ikt ny ABHRE B ELREA TR L
FEARHMES Seys
@ ML HETF Foa¥FIHB 2 N0ERE foms
® H foea ¥ U TR
® MU ik n, MBS ELRFEAMR L
FARHMES S s
@ ML FETFFu¥I%E 3 1N5KE fus
H fuanX U #HATFRE 5 5
@ MU Skt ny MERIE W IERFEAMG L
FEAH AR B St
@ MU FHEBREA Sy USuet U Sras
@ HBEE Sier U Sewis U Seon FAH I 89 #5 1E TA

£45 L.
5 = L5
5.1 XpESE

FATE 8 MMM AR LA T AL
B /i 4 B (book, DVD, electronics kitchen) #
B TS & B Blitzer % A M http://www. amazon.
com/ FREW .G 4 MR (network, software, pet,
health) TS IEIE 2 B Li 22 ADZ BN http://www.
amazon. com/ I R 4 9. X 8 >4 1B K £ 5
1000 & IE T PFI8F 1000 £5 7 H 368, 8L 8, A
SO B DL 37 43 A 2SR Sy B o0 2K 2% R AT RAE
PEFEFRRAE 29 17] . 5 B BT A 3R 1) 4 R R AE.

EH R RG RS, A SCRHES2 X Y
G IR VE K Baseline, BN, MR —FK XA HE
—M T, BN H D Se A 0 T — SR, AR S
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HBE 50 0K bR E BRI A U ZRE 50N B bR iFE R
A& (Rl Rnw: N

FEF MBI B e b A SR 10 A AR T
OIS VE R I EREE L 20 Yo A bn v B8R 4 Ry 4 , 70 Y0
AAREBIEE VA ME. H 4 4 Baseline HEH T
A SCHY Co-training BIE#HITX I .

1) Self-learning. {#i ] Baseline B3 25 28 4/E Jy &
il 2585 T H0 R TN Pk % 5 0 15 T REAS I A DI 4.

2) Transductive SVM. 2 > HL7¢ Yl 5 i 72 b i
B R i R I = N T S A o8 i 3 & N o =
A M ENNEAT TG RN BERERERE T
53230 g m il

3) #: T &5 K4 Cotraining. & # A2 /Q
il 3 AR R AR R BEREA  HERANRL
Frs & oy K2R R GE

4) TR CH AR Co-training. FEHLHkIE X
AR R AT RS S R Ah, B 3 AR
Wiy AR KR BEFE A A& 5 4T K 88 ok H8 e b
AP B AR A
5.2 ELBHER

T B TR AR SCER Y G SR A HBUBE B 0 R AL
PR FRATTRE B 1 O B A4 B2 TR R Rk
B ME R K. EA BB A SCE ek g
K5 Bl S 5 1 A1 Baseline #E 47 % b, 5286 45 B 4
*® 1R,

W& 1T ATLUE % B sh /IR e a2
PN ASTE T BT AP R IE W A L Baseline J7
RAE 8 N TR E T 2. 84 ANH 4 NTTIE
BT LR E A MBI RS G
R B, B8 R I 20 4 a9 BB e & o 4%
EOML AHERBAES LRG89 K48 0P
B RE M L T Baseline. fE R Se T, 284 |

Table 1 Comparison Results of Supervised Sentiment

Classification
1l FHEEEIEMNEIHRER
Dectailed Cull-T
Domain Kc}i Scn'tfences Se;tcnzcs I(‘Tilsi;:rt (?‘Omb?r?C(l
Classifier asifier  (Baseliney  C2sifier
Book 0. 699 0.691 0.714 0.742
DVD 0.727 0.729 0.74 0.773
Electronic 0. 766 0,741 0.762 0. 780
Kitchen 0.778 0.792 0. 815 0. 837
Network 0.812 0.684 0.739 0.788
Software 0. 640 0. 645 0. 686 0.715
Pet 0. 640 0.623 0.636 0. 650
Health 0,659 0. 547 0. 568 0. 602
Average 0.7151 0.6815 0.7075 0.7359

R A KB EREEE S0 LIS Z 0 B8R A 0
G5 5R , LLANAE“ Network” f1“ Heal th” &5 , (X o4 G #
)43 FE AR B RRAE 25 6] BB E, BT DL A 5 R AR GE A
A AT K 51

TEA RS  HW RGN ERERE
f B A 4 T 4 588 R R 2 2 B TR I S, T LA
AR X Xof 2 e SR W0 AR P AT TR R TR AH R M, O
M EARENET LA — A AR — SR R A
PLHEAEZE THATHATHRZBRE. A X
R /)t BB v T DK — R SOAR R 43 BUAS TR B B AR Y
PR AY, BT LASE ) T 2S8R Bl B Y O 15

TEF W B A R AR 26 1 SR B v, A UK TR D AR
10 B bRl BRI 4R 53 K 4% E 9 Baseline, Jf
¥ 4 Fh bootstrapping 2 7 £ 5 A X H) Co-training
BT IR LR A R AR 2 iR, AR 100
oS -RERD B AHIER 2 MG
RIREARAA YNGR, B 0y =n,=n, =2.

Table 2 Comparison Results of Semi-Supervised Sentiment Classification

£2 FUBBEROENILKREER

Co-Training with

Co-Training with Co-Training with

Domain Baseline Self-L.carning Full-Text Classifier Random View Transductive SVM Combined Classifier
Book 0. 66 0.6875 0.6975 0.6875 0.6575 0.7225
DVD 0.575 0.7075 0. 665 0.7025 0.6525 0.6975
Electronic 0. 6875 0. 685 0.7275 0.6975 0.6825 0,735
Kitchen 0.7025 0. 775 0.7825 0.790 0,750 0.7975
Network 0.6825 0.7575 0.7475 0. 750 0,755 0.7775
Software 0.6575 0. 660 0. 695 0.6825 0.7475 0.7075
Pet 0. 465 0.5875 0.5675 0.5775 0. 500 0. 605
Health 0.4125 0. 405 0. 520 0.4775 0,410 0.5525
Average 0.6053 0.6581 0.6753 0.67086 0,644 4 0.6994
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BSE . RENIERRE 8 MR E T
9. 41 NEELHMRAEH BE. K M, £ “Pet” F
“Health” 8038, IF 5 F 5 2= 0] DR & 14 NE a8
SRR, TE SRR B A S P B TR A
Co-training BIER R 4. NERPARMEE H, 4L
B AL 7 B S Ay 32 B 31 Co-training BIE G, R
A4 EEF 43053 #K 48 #9 Co-training 33k . AT HIE B
DRBOREA A BB THEBEE, MRS
T 1E B 1 G B ) 1% e B

A S H B Co-training 8L 2 BT LA RE HUAS 3
T B HERE 2 T SRR A AR S ) A B S [ I AR AE
zs [a] , BBl S 1y 40 25 A AR AT T A AR AR AR — 2 B
BN ) Ay SRR AR G KO T, BT LA AR YT A AR )
PAMGE AN REAR B b2 2 B R R R OoR 8 A B
6. R ZIRER.

6 & it

A SO R OGBS B A O S
A B TR RS R Re, R HER I T — A
B KB B B M BUR L. 5 B R, A SCE
FihHR T S B A 43 B T A R A B A
AT He . A B A R AR SOR I T a3 2R
% BB B 07 5 5 38 4 R AT O 8 A R A48 5 ) 2 [) Y
& 5 A B RN L TR R O R AR SOCR A
T Co-training F ¥ , (453 JC B A 73 2 4% F0 40 35 8] 53
Hanal LIE AR S AR fE 2. AE 8 DU #4755
RLEREWTIAT RBEAR, PREBSTIEM
Co-training 5% M 7> FIE R EIBE] T 2 F LT,
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203 £(HENARELZR)EM(ET)MEC @A
— MG EBELEHRER TG

AR, BT M M B S A IS O BAR RGN BT R S EA LB -HEEREARRE= L RS %
R

BRMYBERMAEERSZIRRKWEN EILFELES BN YBENERCBEN G NARAL GRS NS
M2 5 5 B GBI T ST b, A TR 78 R0 64 A A B e 0 40 R AV O T 4 77 LR A VIR RITIR AL S5 L I B, &%
FKHABE T ANARER (LN EREFIS BB NO N HES THNERKRCFERMHFA RO ITREE. BT E
FTRESI AN RSB RREARR i K sy B EE T Y B R I R A 2 R R R T s

CHENIFR SR RMEA 2013 4F 6 A HR“YBMKNZERBES SHEAR T M4 8, A5 UM R iR L B
0 8] L TE 325 R S 0 BK 0 AY R RAS 4 1 R 5 K 0 P A A% 0 LA ZE A B R 6 R RIS AR R HE R & B U I S AR, E N
BEAR 5 R R YK A E L AR R T B ERS L SR TR I R B R I A T BB R SR B R T 1 B B R EOR K
BRI R AR KB RS ERIE S M A B W mE g5 5.

AL B AT B P9 ST I ) AY R RE R 5 R R O T LA R L 2 bk B F S R T 1 PR AMIE SR8 30, G TR
LR EE CTRERHEARNR B A RS,

TEXEE

AL EEMEE RTINS UM E R A ERL L ABUBRRFOIUTFTHE:

1) 7% B8 0 A 006 0O R 465 40 AL 40t A O T SR B0 o AR o OO Ak AR A o R LA X SRS R B P (] 4L K
RIS MEBRE RS KRR B S RS LH

2) UM BRI RS OBEAR  WBB R G R R R RS T R AR B BB R R S R B R 5 4R 5 1k 0k
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