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Exploiting Lexical Sentiment Membership-Based Features
to Polarity Classification
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Abstract A lexical sentiment membership based feature representation was presented for Chinese polarity
classification under the framework of fuzzy set theory. TF-IDF weighted words are used to construct the
corresponding positive and negative polarity membership for each feature word, and the log-ratio of each
membership is computed. A support vector machines based polarity classifier is built with the membership log-
ratios as its features. Furthermore, the classifier is evaluated over different datasets, including a corpus of reviews
on automobile products, the NLPCC2014 data for sentiment classification evaluation and the IMDB film
comments. The experimental results show that the proposed sentiment membership feature representation
outperforms the state of the art feature representations such as the Boolean features, the frequent-based features and
the word embeddings based features.

Key words sentiment polarity classification; fuzzy sets; membership; supported vector machines

BEE Web 2.0 24 FFE 2 SR A 53Uk e,
T8 RO (R AR R L A2 48) 2R B AR AR BRI 5T
B — AR, TR AR AT B PR K, 25 g
PrRGZ AT o i THLAR A I IR TERE YA T 4R
Th, R T R REB AT B HOCR B B R 4L,
HLA 7 > HE AL RE 08 MR IRCAY R AIE v 27 2] AN [ S 501 Y
eI fE R, HS8, FRIEE AR /8 52 X7 261
RERPE PR . I, A OB R AR A e A R

VERE IR RINE o B BE T 0028 25 1 1 75 B
IR & e, J5 737 4% (bag-of -words) [ 45 7 125 7 57 3]
HEFR, 28 I 2 A5 AN B LR G 4R 1 1 2 51 1 B 22
WL TF R R, MUY T B I 2 T A A
REAS 2 2 UE R, LRI, &R .
B . RO AE TAE R B TR R, fRZ14%
3T TAEC KR e . BEIE Y 1) i A E W R IEA
BTy FEAE LR H i X e & B, X T A

K [ R RR 2 4 (61170148) R R e T4 A 1 8 IR R AL 23 B T B3 24 N B2 BHEE 76 33 H We )
i H 1 2015-06-06; 14101 H #: 2015-08-18; %% i i H #: 2015-09-29

171



R M(ARPIEM) 528 51

2016 4F 1 A

5 B3 28 I e AR A AR R el itk 23 ] .
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R AR A NB-SVM JERE b, dF— R
B SVM Ik FATERXT ™ SR iE kL, N
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AT 55 B (2 k™ i PEIR) FTIMDB. (R LB 5 5L
INHFRE) . Hid IMDB S I AT 523 10 Ji A, il
Mls Le M, twaAtrERN 25000 4
Yrifm) . 25000 FA ), Hay 5 AR TohR
B TEA], A TG W I S ) i BB, BRI
A N IE AR L A AR E B EARSE . SRR T
IN$5 b o R R (accuracy, Acc). A (Precision,
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1) RNNLM + NaiveBayes: Mikolov 21245 i1
FET BT 2 P25 (118 5 BAL(RNNLM), 7EiE &R
PS5 A 25 J P B8 E T RNNLM B % £ T N-gram
EEEA L Hab RNNLM ZETRFA Elman #iiZ
Rgglel e AR AR | RORCIR 252 N
A2 4, REAES SLIFIN R B O BRSOk
5% BT e 3 v LAt G A0 T, A I e A 3 O 4
BRI W o EAESZPRINRrb, B R SCRYE R/
WL Z B RE T FERCR IR T . ASCHRI RNN 85
B, 5 Bl DU 37 32 DU B A A R 51 i T A £
PPN AR, AN 98 7328 . AR 3¢ RNNLM A
Sz uy R RNNLM Toolkit? 58 i, ELAAIZ S5
WE N —hidden(50), —direct—order(3), —direct(200),
—class(100), —debug(2), —bptt(4), —bptt—block(10).

*x1 ERFIHER
Tablel Basic statistics of the experiment data

AR
ER S R S ER
JIZE 1103 1103 5000 5000 12500 12500

NLPCC2014 IMDB
TiH

Wik 1194 1110 1250 1250 12500 12500

@D http://ai.stanford.edu/~amaas/data/sentiment/
@ http://www.autohome.com.cn/

@ http://www.fit.vutbr.cz/~imikolov/rnnlm/
@ https://code.google.com/p/word2vec/
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JE T I IR IR A 48 AR B3I, A SCKs Rl Rl RR R
WHIASE R R
32 XWERSHH
321 BREFRIERBEBERESLEER

B XPR G 72 e U B B S0 S LA a3k 2
fit7n, 1E Paragraph Vector AH5&5Cu b, %44
BT SC ) e s A M 0 5 R, 7R TC MR 8 ) i
IR B, FATFEVIZRERmA 26729 4] ICHUH
PR TR E N T seib ok, B B8 A
Y embedding 7] 3R o FE AR B A) 1] iR OR
BF, 43578 528 T N A 48 BE R/ 25 3Rz, 3R 2
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Table2 Results of polarity classification over car reviews %
VRES Acc Ppos Roos Fros Preg Rreg Freg
RNNLM + Naive Bayes 73.52 77.55 68.84 72.94 70.10 78.56 74.09
””” Bool + SVM (uni-gam) 7930 8L 723 7948 7698 813 7911
Bool + SVM (bigram) 79.30 82.38 76.38 79.27 76.44 82.43 79.32
Bool + SVM (trigram) 78.99 82.16 75.96 78.94 76.08 82.25 79.05
””” PacgraphVector+ SYM (100) 7921 8332 7487 7887 7563 838 7954
Paragraph Vector+ SVM (200) 79.34 83.12 75.46 79.10 75.98 83.51 79.57
Paragraph Vector+ SVM (300) 79.81 82.99 76.80 79.77 76.90 83.06 79.86
””” NB-SVM (unigraw) 877 sau 785 8070 7272 8428 8085
NB-SVM (bigram) 81.51 85.56 77.38 81.27 77.94 85.95 81.75
NB-SVM (trigram) 81.29 86.23 76.05 80.82 77.14 86.94 81.75
””” Fuzzy+ VM (Sd) 8125 8313 8007 8157 7938 825 8092
Fuzzy + SVM (unigram) 81.12 83.97 78.56 81.18 78.43 83.87 81.06
Fuzzy + SVM (bigram) 81.46 85.35 7755 81.26 78.01 85.68 81.67
Fuzzy + SVM (trigram) 81.68 86.62 76.47 81.23 77.52 87.30 82.12

L MR BT R IR AR T IR AR T

N2 0] LI, TERFAESESE m, % =0
IR AHEAL T 0B R AR, GBI AR EE T —
JCIEARE, (HAE SVM 45& A /RACE AN A NB-
SVM IHEIARFFE FRATR B HERT . A HE I
TR /N, BCHE 0 3 2 R AT E T S
Ab, TR BRI A KA R A R 4 — e R IR AL R
1, JG AR g b A e X 26 22 ) 4 AR A 1 B ) B
i, 764 F [ & (Paragraph vector) Fl 1% 8% 55 J@ Bf Xt
HEER) SYM (Fuzzy + SVM)SZERZE i, 45-1E
AN 2 B 3 MR R R AT & R B HE T, 7
—E U] ORI AR e . — ek IE A
TR R B E M, BB A% I A b R U b e G
Fo [EE, AAERRR IR R, AR SIRRIE R —
JCITRIERRIE SE A 8%, (BRI =0 . — ook
TR, 10 BH i B 04 J o R 4 A i) B AT T
AR R P, B AT R IR IERE R . fE R
BCR T, WTLAE R AT NB-SVM B AT
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RE A 02 F L . AH LR Ml i 45 TAERY &, (R anfa
N SUAE B B A2 I8 16 B B, 5 Rt
9% ASCHEY fuzzy+ SVM TE [R5 B2 VR T
WAL T NB-SVM 1943 2RA30R, i — 25 Uk B 72 1

FERHEACE B, FERR AR A T — i S al b, MG
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TEXT SR BE A s, (75 28] 9 R 155 B SR e e
SRR A AR T2 038 AR

3.2.2 NLPCC2014 iFNEEFERBE S KL R

R T AT kR, FINLPCCIT-I
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B, AHE SC AT R LR A 7 ] AR W RRAE, 2
3 F i AR ] NLPCC $di9 Wang 27 % 5
T HX .

MR 3ATLIA i 1) [ 2R AN R AR AR L,
EHH S OniE R AR EL T T OnE R AR, o0
AR, T —UHEERE LR, XM 55
B 18 AR A R A T v A M BR a2 L R SO AR, TR
J e TR /N (AR R PRI ) I, X B S 1 56
UEA] RETEAE IR 22, 25 5 RHIIF 9 7 5 0 5 ) T i Al i
f651; 2) 76 NLPCC #4454 F e g R R W], BT
175 B SR J BE XB L RRAE 1 R G AE BT A PRI FE b 2
HUS Al kR, % 3w, Wang 2R Y 258 1t
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KB . NLPCC2014 il i 4 b iy %) e 52
B 25 B T AR SCHR 0 TSR s AR AR R

175



R M(ARPIEM) 528 51

2016 4F 1 A

3 NLPCC2014 iFMHIEE FHBERSLER

Table3 Results of polarity classification over NLPCC2014 %
WiRiS Acc Pros Fpos Preg Rneg Freg

Bool + SVM (uni-gram) 75.44 75.00 76.32 75.65 75.90 74.56 75.22

Bool + SVM (bigram) 77.16 76.75 77.92 77.33 77.58 76.40 76.99

Bool + SVM (trigram) 77.72 77.39 78.32 77.85 78.06 77.12 77.59
. NB-SYM(igam) 788 T8 a8 w17 B s 7790

NB-SVM (trigram) 78.92 78.76 79.20 78.98 79.08 78.64 78.86
oW — mo 780 w40 w8 BO 73
 ReyesM@EE) 7m0 6% w47 w66 mes 17

Fuzzy + SVM (bigram) 78.32 78.05 78.80 78.42 78.59 77.84 78.22

Fuzzy + SVM (trigram) 79.36 79.22 79.60 79.41 79.50 79.12 79.31

*4 IMDBHEIEELFHBERSLER

Table4 Resultsof polarity classification over the IMDB dataset %

Jiik Acc Pros Rpos Fros Preg Rieg Freg

RNNLM + Naive Bayes 86.28 86.29 86.28 86.29 86.27 86.28 86.27
Paragraph Vector+ SVM (300) 89.31 89.30 89.31 89.31 89.31 89.30 89.31
Bool + SVM (trigram) 90.17 89.60 90.89 90.24 90.76 89.46 90.10
NB-SVM (trigram) 91.87 90.97 92.98 91.97 92.82 90.77 91.78
Fuzzy + SVM (trigram) 91.93 90.96 93.10 92.02 92.94 90.75 91.83

B R
323 IMDB ERERMESLLER

B3 S SIS AT NLPCC2014 33 %k 3 4 LA
Ab, FRATIEBERE T 5 AT A A AT 55 1 35 SO Rk
IMDB %4, I H N 45 28 5 1k 0 e i S 80 AT 1
A, AL AR A5 1 trigram RAF LA KL IE SUR
TN R 1Y) 300 4 ) fRRAE o E 58 B T ) AR
HERY 5256 Paragraph Vector B, Fofi17E Jo a1 45
B B I A M B Al s, i fd FH e B Y IMDB %L
Ji& (3 200000 ) 112545 20 X B (4 A F 1) o, SRR 45
Wik 4 iR,

M 4 TTLLE 1, 75 IMDB BiR4E 1y seshss
Herh, ARSCHEAF BN LG RGBT FEHA R
RS, KGR A BRI A T30 B, i
AR SO R B4 A7 TR i 2 o i) T A R R A R
B, Wang 2504513t IMDB %445 5] 9122960 1
Wi, M T, ASSCHE H 0 35 0l i A R s
BYRFEAE 2 ik T B SEPR R L. BT ARSIk
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