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Abstract Sentiment classification is a powerful technology for social media big data analysis. It is of
great importance to predict the sentiment polarity of a sentence, especially a negative sentence that is
often used. The negation words and sentiment words play equally important roles in the sentiment
classification of negative sentences. A negation word is important when it modifies a sentiment word;
but it can also have sentimental implication on its own. The existing methods only consider the
negation words when they modify sentiment words. In this paper, a unified classification model based
on decision-theoretic rough sets is proposed to deal with the sentiment classification of negative
sentences. First, the sentiment value of each clause in a sentence is calculated by several lexicons and
the inter-sentence relations. A novel measure of sentiment uncertainty for a sentence is given based on
Kullback-Leibler divergence. Then, the negative sentences are represented in terms of four features
(initial polarity, sentiment uncertainty, successive punctuations, and sentence type) and especially
two negation-related features: single negation and salient adverb. Finally, a novel attribute reduction
algorithm based on the decision correlation degree is used to generate the decision rules for sentiment
classification of negative sentences. The experimental results show that this model is effective and the

sentiment uncertainty measure is helpful to sentiment classification.

Key words sentiment classification; negative sentences; sentiment uncertainty; decision-theoretic

rough sets; attribute reduction
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Fig. 1 Model for sentiment classification of negative sentences.
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EX 1. 45 w Bk Polarity(w) DL R 5%
B IntensityCw) , WIaE w WIS BUE Sentiment (w) K

Sentiment (w) = Polarity (w) X
0.2 X Intensity (w) , (D
Polarity(w) €{—1,0,1}, Intensity(w) € {1,2,
3,4,5), K (DHF Y 0. 2 18 Sentiment(w) €[ —1,
1.

2) T g

4l HowNet rf 3¢ B 9% 51| a] 15 % 35 F2 BE in)
d, g 140 AN AR B IR i AR VR AT S
deg Fn Ny B BE 1A 15 B E AL Weight (deg).
FRAE HowNet B 2k “ M H 5”8 CALE Rl 5.
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@ http://tjzhifei. github. io/resources/modifier. zip

@ http://nlp. csai. tsinghua. edu. cn/~1j/sentiment. dict. v1. 0. zip
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DFR B 1R iF deg ROTRE(E N

Degree(deg) =0. 25X (3+Weight(deg)), (2)

Weight (deg) € {2,3,4,5} 3L (2)Hf 0. 25 F1 3
{§i15 Degree(deg) € (1,2].

3) 15 € il it
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@ http://www. keenage. com/download/sentiment, rar

@ http://tizhifei. github. io/resources/bbycd. zip
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Table 1 Sentiment Value of Different Collocations

®1 FARRERMNERE

Collocation Sentiment Value of Clause cla

w Sentiment(cla) = Sentiment (w)
deg+w Sentiment (cla) = Degree(deg) X Sentiment (w)
neg+w Sentiment (cla) = — Sentiment (w)
neg+tneg+w  Sentiment(cla) = Sentiment (w)
degtnegtw  Sentiment(cla)=—Degree(deg) X Sentiment (w)

negtdegtw  Sentiment(cla) = — Sentiment(w)[Degree(deg)

T 2R E 4] & A R 8 A R i
F 1 NG B N — 8 L IE S R A A R
PRI 45 13 455 /) B O 3R 04 /) v BB THAR T 1L L
BB 1. AR R % ) ) M B vE ORI BROC R L 45 )
PrRic ik 2 fir7s. Single-Neg By LG MK T Single-
Con #1 Single-Adv, Other-Polar 1% H il 3% {7 {X 35

Table 2 Clause Tags
*2 Fairid

Tag Meaning

Single-Polar Only contain sentiment words

Single-Con Only contain concessive conjunctions
Single-Adv

Only contain adversative conjunctions

Single-Neg Only contain negation words

Single-Punc Only contain punctuations
Con-Polar Contain sentiment words and concessive conjunctions
Adv-Polar  Contain sentiment words and adversative conjunctions

Other-Polar ~ Contain sentiment words and other conjunctions

Hope-Polar Contain words expressing a hope

None Do not meet the above conditions

FLBY BB B2 1 3% 3] . Hope-Polar W & 47 A 327
“UL R AR W B R .

Bk 1 48 mbr R0 T R EE T

iy N ) sent B)FH)F I (clay s+ ocla,) s

Wi A IS BUE Sentiment’ (clay) (1<k<
m).

@ for k=1 tom

@ if Tag(cla,)=Single-Adv

® if Tag(cla,—,)=Single-Polar

@ if b=m B (k<m H Tag(cla,,,)=
None)
@ Sentiment’ (cla,) = — Sentiment
(clag—1) s
end if
Sentiment’ (cla,—)=0;
end if

else if Tag(cla,)=Single-Con
if k<m H Tag (cla,.,)=Single-Polar
Sentiment’ (cla, ) =0;
end if
else if Tag(cla,) = Adv-Polar
if ©=>1 H Tag(cla,—,)=Single-Polar
Sentiment’ (cla, ) =03
end if
else if Tag (cla,) € {Con-Polar, Other-
Polar, Hope-Polar}

Sentiment’ (cla,) =03

SHSHSNENFNSNSNCSNENCECNCS)

else
Sentiment’ (cla,) = Sentiment (cla,) ;
end if

end for
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R 5 R ) A DU AN A i P vy PRt
P T KL HIORE A9 8] 1 SO Al s A 7 1.
EX 4. %E R T &4 T AW EEIE
Sentiment’ (cla,) W) ) 09 1E 1% B AE S Al 671175 &
0 S 45l Lh
S, = 2 Sentiment’ (cla,) »

ks Sentiment’ (dla, ) >0
k (3)

s- >

ks Sentiment” (cla,,) <0

Sentiment’ (cla,).
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Fig. 2 Sentiment uncertainty measure of a sentence.
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{8, Bl Sentiment (sent) = 2 Sentiment’ (clay)|m.
k=1

MG Sentiment (sent) F1 0 Wy K /N 3k R P 16 15
S PE AR AE (initial polarity, IP),IP BYEUE N
Jl , Sentiment (sent) > 0,
IP (sent) = <0, Sentiment (sent) = 0, (6)
1* 1, Sentiment (sent) < 0.
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B U AT A 155 J% 1) 38 19 5 A ) T R A ST A A ) 1

EX T MTF T cla, T HE ] neg 47
Scope(neg) =, WIFK neg Jy Pl 7. 75 & 1l 1.

% 2 1 F A FRiC Single-Neg Ui F 4] & &
ST A5 T T R R 1 P R A S A S TR T Y B AR
A ST A5 R 4 4F (single negation, SN), SN B BUH
AL

SN (sent) = Zl{Tag(clak) = Single-Neg}, (7)

=1
Horp, 1} R KAES i = 57 B ER 1, 75 O,

3) AR RURHIE

FH FAE S 3 W A5 I % 22 J 52 A0 AR a5 A = 7
— B R F ARG R, an - ] DR IR T I B
RSN NRT LR IR 5 R B L

% 2 PR F A FRiC Single-Punc M A] F & A
S 0B A B R bR R 3 S OB O i S b
SR AIE (successive punctuations, SP), SP 1) BU{H
I ARL Ky

SP (sent) = Zl{Tag(dak) = Single-Punc}. (8)
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TEFEDT ¥ N 28 N 40 HIRE R0 26 PN 1 201 R R A HL 8
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EX 8. i ¢ X T30 ¢ i) WCDF {HE L
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A, . % ( A, . )T’

WCDF (t.0) = 35— X (3=

1o
Hrp AL R T o REAS ¢ ORI B 2 A
J&T ¢ RMEAE B SCRER.CL 2R T c BEA
Bt BSCRIIE, T, g2 ¢ 30 ¢ A9 SR
A, =0, TF, . =0, X5 (10) % 0.

PORS R 2SS F i 71| 2 - AL I R e )
WCDF {i, R J5 W e RAEAE ¢ B9 WCDF i, B
WCDF(I)Zré?%?({WCDF(Z,c)}.

fdi ] WCDF AR5 85 7 il O 1+ i 35 Al i)
HAEEIC N SDs. % BoW (sent) F 78 1]F sent ¥ 15
48, ) 5 25 B R AR SD Y BUE R

SD(sent) = T, BoW(sent) N SDs#=(), an

F, BoW(sent) A SDs= (.
3.2 RFRMERES LR

W 6 ADFFAEAE S 2508 1 /) 7 A e 24 T
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EX 9. MY RIEAM T d SDT=
(WU,CUD.V, ), Hr .U F i, A+ k2
HIR4EL ;C={IP,SU,SN,SP,ST,SD} ¥ h %1
B G;D={FP} i KRG L&A e
— Y J& 1 B ) B g 20 il P (final polarity ,
FP);V=UV,(VYa€eCUD).V, /xR EM a BYBUH
G =L UV fo BoRJEM « MER

w1IAREES =X, 7 X} (X FRE R
B AANEEERS A= {ap apsan ) (O R T
X G2 SO R AN SUR PR - AN TRPIRZS T R BUAS TR
BEST AR R, iR 3 FrR s Aae #0 &
N AESE SCIRZS T T 2 A7 ARt iR o (1 AC

Table 3 Loss Function in DTRS
R3 RFEREEH (v RAMHKK)

State
Action
X - X
ap App =0 ApN = Su
ap App=1. 5u ABN = 2u
ax Anp = 3u ANN = u

TR SREREL i AR T L — RV 1 AR OB R AR A
FIMEZRRAE o F1 RO<TB<Ta<<1) i SLIF Ik | 7 38 i
BB 050k

POS;(X)={x€U|Pr(X|[x]s)=a},

NEGy (X)={x€U|Pr(X|[z]p)<p}, (12)

BND(X)={x€U|p<Pr(X|[x]p)<a},
Hrp,BECUD, Pr(X|[x]p) KARIE x FriesF o
Klal JBTRE X BRI RN 2
ANBIME g «=0.67.8=0. 4.

a= Apn — Apn
(APY\' - AI’J\') + (/\BP - APP) (13)
AN T Ann

P G — 2w + G — )

'8 Des(l‘)Zaé\(?,(aZf‘, () BRI T x iR,
Hor C'SC, 75 5 A 1 % ) DL SRRLRE 4 50 25 38
hsexsprrs (1) =

Jl y Des(x) - x € POS¢ (X)),
0, Des(x) > x € BND~(X), (14)
1* 1, Des(x) > x € NEG~ (X).

M TR OHBE AR I T IRRER 5 AN SR
A5 G R P SRORURE B 1Y I BB MR AR AL B R R
A D) T e 24 T A T SO R R AR K AT L A
NPY RAE I 4 Jry 8 B O e R UM S B 5K IE
{2 ] A 75 I Jm M Z ) AR OGP AU o TR SR
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AHOCHR BEAE o 0 ) e A5 8 JF 32 i 3 7t SR AW
DGR B 1Y PR O TE S 24 B v L TR LB 2.

E X 10, 4@ F ARk SDT=U,.CUD,
VoD 5B YE a€ C P SR A SRR 22 L H

Cov(a,D)

Var(a) v/Var(D) |’
Hrp \Var 2R J5 2%, Cov Fomth Iy 2.

TR 2. BE T U OCHR BE (Y OO IE B2

A AR SR SDT=(U.CUD. V. f);

By PR IE B2 ] R.

O R<J;

@ for each a€C

© AR ASD IR IR AR E o) ;

@ end for

© X 4510 i 1 e e e SRR G AR B A K B /N HE

¥ i fE Sk
©® while| POS; (D) | <<| POS: (D) |
@ WS TR 1 AR ICAE as

(15)

ela) =

R=RU/{a};
® S=S—{a};
@ end while

@ for each réR

@ if [POSg—, (D)|=|POSk(D) |
@ R=R—{r};

@ endif

@ end for

® & [l R.

4 XBREREHHN

4.1 BB

58 BB A AL A 56 5 b SO ) P 0 M 3T
A 75 R ) R 284 55 B TR BE. 32/ COAE, A
FEIRE AL 77 fl 2 D SU45 1200 4], 25 08 7 &
A 5 v R B 2 B A B B AR BIF S I TR 9B 1 e S R
AR B IE £ 26 4% 2 000 417 (19 45 5 A A % 3
WL Hrh A Ay 68,55 . ig/E TANC. PR41{F B 0
K AR

Table 4 Data Sets of Negative Sentences
x4 BEAHEE

Corpus Domain Positive Neutral ~ Negative  Total
Digital 382 188 630

COAE 2400
Car 162 350 688
Book 1542 0 1475

TANC 5480
Computer 968 0 1495

4.2 XLWIEE

B 75 2 A B IR S 2 A I A T ST 55
8 R O /N BE 5 b 3 R IE B A0 RRAE 1Y
A AL S0 BT B A BOE 20 BT 3 26 AT 556 L COAE &
Ay 1 B A 3]

£ COAE fil TANC # ¥} I, ¥ SCNS-DTRS
13 287 L P REZEAT X HE. D ¥ 15 2 A AE o — B
AT Ah B OH R SR B DTRS, &1 SO-CALE, ME™,
KNNUT NBS, SVMS, Hirh SO-CAL LL#) 1 5% Jk
W PEAVE 43 245 5 5 2) 4 5 8 AR Sy — M ) - 4b 1R
H % H DTRS. 41 TWDSCH 5 3) B4 40 ¥ 75 5 41 H
AEH DTRS, 41 TJOMS "), SCNS-DTRS | j& T
B AL A A HoR A DTRS 97 .
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Table S Distance Between Negation and Sentiment Words

x5 EEWNESHERABNESSH

Negation Average Maximum | Negation Average Maximum
Word Distance Distance Word Distance Distance
e TE 8.0 8 Rz 3.5 10
N 5.8 7 N 3.4 14

FS 5.4 16 e 3.3 15
il 4.6 11 HAR 3.2 10
N4 4.3 10 ~H 3.0 5
EYA 4.0 4 1 A 3.0 3
Jo ik 3.6 15 b3 2.9 13

U 4 08 0 o 2% 557 952 0 B 3 X
1B 5. 34 BRIE AR 01K/ 5 1 s 75 A
B 5 0 T B DA 5 b R R BB KT 5
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Fig. 3 Classification performance with different

window sizes for negation scope.
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Fig. 4 Salient adverbs with different feature selection

methods.
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Fig. 5 Correlation coefficients between features.
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Table 6 Comparison Between Decision Correlation Degree and
Positive Region Significance

6 REEXEENEHLBEEEZEENITLE

Decision Correlation Positive Region

Feature
Degree Significance
IP 0.5381 0.3700
ST 0.1113 0.1317
SP 0.094 8 0.0883
SU 0.0552 0.0004
SD 0.0147 0.0004
SN 0.0134 0.0079
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Fig. 6 Comparison of the effect of features in sentiment
classification.
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Table 7 Decision Rules for Sentiment Classification of

Negative Sentences

RT BEAKBERESEREAN

No. Decision Rule

R1 IP=0ASP=%—>FP=—1

R2 IP=0ASN=Z ASP=/>\NST=0—>FP=—1
R3 IP=0ANSN=%Z AST=Q—>FP=0

R4 IP=0ANSN=JtAST=EANSD=T—>FP=—1

R5 IP=1ASP=/>ANST=Q>FP=—1

R6 IP=1ASU= ASN="> ASP=/»—>FP=—1
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Fig. 7 Comparison of different sentiment classification

methods.
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