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Abstract  As product reviews in the internet are helpful for the decision of online shopping,and the classification accu-
racy of sentiment analysis is one of important problems. Recently, ensemble learning has been proved to be an effective
method of enhancing the classification accuracy. Bagging and Boosting have been applied into the sentiment analysis,
while Random Subspace is paid less attention to. In this paper,an new method, RS-SVM, was proposed for sentiment a-
nalysis based on the characteristic of high dimension of product reviews dataset. RS-SVM uses the state-of-the-art SVM
as base learner and Random Subspace as ensemble method in order to enhance the accuracy of sentiment analysis. Last-

ly, experiments based on movie reviews dataset were conducted to verify the effectiveness of RS-SVM. Experimental re-
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sults reveal that RS-SVM gets the best classification results compared with other methods.

Keywords Sentiment analysis, Production review, Ensemble learning, Random subspace, SVM
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f(x):sgn(ig:lui* yvix; * x+b6") 3]

SVM K IEA #HE R R 7EE g AR R M m] -0 ) R L
Vapnik 8 AR 78 (B RIS BLTh 5] A BIFEL W] 40 (M AR |,
AR A 2 B BB T IR S R ¢ B BRI s
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2.2 ETF RSSVM Wt sy

BERCE BITFRILS 2T TR AR NS Z—, B
ot ] — [} Rk ) 2~ ST SR AT 2 L R R R R AL
A2 S B RHATRA WA s A2 S SR B AT I 2 T B
R —FROLE 2 T ek, Hh E R P B — % 5 3t
PR HE ] 48 B R IT IR AR B2 X B R & Dasarathy
Sheelal™ , 2 J5 Hansen 1 Salamon i@ it BF 4% & B, 38 i 1 &%
EAMERMEIFEERIER —EWHANHATHS, HED
ZEBBRIMEIRSENEZ RGNS, 5L F A, Schapire #
GBI T U SE I BERRA RN BEIE
B0, T A R B R 4R 2 3 BB Bk Boosting RY4ETE, 3 B
EERTXIEH, USLEU - BT T , X THER
22 3] B ST REIT R K ISR FH SR A WS B, B AR
TR E T S B EE R T I 2 —%

X FEAE 5 BRI F S BEA ERNIZEES,
T DR AT b A g AR R S R IR . MRS R LRI M R
FIRZE, EE A4 BT ¥ R 43 89 7 & (Data Partitioning
Methods) H1 & F %F £ X 5 8 J5 & (Attribute Partitioning
Methods) , FoHrZEF 5048 R 43 89 7 38 o8 A B GrAe 4 7=
HEENERE, FEBRETER BRER—HEEE, BT
BAERIST )ik B A Bagging Ml Boosting %1, H T 4¥
FER) 53 B9 5 B0 A RRE R 43 L 748, FIERR 43 25 38 a0
AR, BRER-TRETE, ETRENGNTEEE
# Random Subspace 250, #i%t TR THRER S . BT
Random Subspace 3% 18 i BEVUANBURRE T 8 SR A 2 22 >
%, B K S-S TR ERE,

HRTEH KE K Bagging 1 Boosting I i B4 B4
Pramsl, F BB LB R, BXTETRICH ST
Random Subspace 51#48 Wb, X F 4R S IF % B4
HriE) T & s Random Subspace ¥ A% T Bagging #1 Boos-
ting B & . EEREEAET MR RIECHE RS REN—
AN B : ASCA AP R —E , R4 7 S PR BT 1)
BRI RT L, ERE—EWRE, B4R
R 75 (5] B — B R4 4 25 25 (0 N 1) R, AL T 408
R 438975 , Random Subspace 38 R 1 i ¥ 43 R AE R 43
AR FER 7 2V R R 6 P AR 7S [

Random Subspace 27 i 4 & T, 32 1 B~ 2 ) 88 44 B
BN ERET S B SZ M RARRER R 2T B
eI N4> 2A5 B EAME , B 4 A RO SR, BB JURE 4

o 275 -



245 #F . Random Subspace 7E ARIRH .. EGBKBREESEHE
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Input: Data set Drin={(x1,y1) s (xz,¥2)s***s (Kms¥m) } 5

Base learning algorithm SVM;

" Number of random subspace rate k;

Number of learning rounds T
Process:

For t=1,2,---,T:

D% in = RS (Drmin» k)3 % Random generate a subspace sample

from Drpin

hy =SVM(D%in )3 % Train a base learner h, from the subspace

sample

end

T
Output: H(x) =argmaxyey Ell(y=ht(x)) 3+ % the value of 1(a) is
=

1 if a is true and 0 otherwise
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ABFFR A LRI E——iHH YL CPU: Intel Core 2
Duo, NFE 2GB, #:4E £ 4t Microsoft Windows XP, k{4 WE-
KA3.7.0, B, R m RS EEMERERE RS, B A
WEKA B ## StringToWordVector BA%, B f: 5 Fi7, 34%
JRAE R SCATE R R L WEKA BRI ARFF U4 K,
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F# 1 FREIFEZLE Movie Reviews BIBE )R EE

R Max sSD Mean
ME 64.00%  3.25%  55.91%
DT 73.50%  3.53%  66.37%
NB 89.00%  2.92%  80.32%
SVM 88.50%  2.80%  79.86%
Bagging SVM 88.50%  2.33%  8L.53%
Boosting SVM 86.00%  2.30%  80.05%
RS-SVM (Liner Kernel)  89.50%  2.64%  82.54%
RS-SVM (Poly Kemel)  90.50%  2.86%  83.38%%
RS-SVM (RBF Kernel)  89,00%  2.46%  83.8%
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it ERATRAIE D RSSVM 7 W45 B &b PR 15 8

SRR REARE. B THRRU LA RBAB IR,
BAVEMECH t BN B RERITLEITRR, E 2 Wit
WL R, i RS-SVM(L) .RS-SVM(P) . RS-SVM(R) 435Il
FRF RGN R B, BT R B4R 1) B R U RS
SVM,

#2 REHRSIITRBLER

Bagging Boosting RS-SVM RS-SVM RS-SVM
br NB SVM SVM SVM (L (¢3) [€29)

ME 20. 704 % * 59, 758 ** 55, 376** 67.781** 64, 008** 59, 639 ** 58,043 ** 69, 700**
DT — 41, 648 ** 33, 863%* 41, 235** 38,567 ** 40, 821 ** 43.913** 41,463 **
NB — —3.916** 0. 326 —2.856%** 3.624%* 5. 896 ** 6.808**
SVM — 4. 605%* 1.774 10, 901 ** 9. 657 ** 11.916**
Bagging SVM - —b. 647 ** 3. 894 ** 5. 969 ** 7.531%%
Boosting SVM - 6.792%» 8.891%* 10, 488 **
RS-SVM (1) — 2.198* 3,743 %*

RS-SVM (P) - 1. 119

Notes: * P-values significant at alpha=0. 05; % * P-values significant at alpha=0. 01,
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83. 38070 83.85%, 3 HAE 0. 1 &b, HEAE T H SVCM B E %
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BAS T Ik SVM BIF R KL R, W R UL RSSVM 1
Random Subspace Rate 2 BUETE B LB ). BAEWME, 4
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