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Combining Sentimental Expression-level and Sentence-level Classifiers to
Improve Subjective Sentence Classification

In-Ho Kang'

ABSTRACT

Subjective sentences express opinions, emotions, evaluations and other subjective ideas relevant to products or events. These
expressions sometimes can be seen in only part of a sentence, thus extracting features from a full-sentence can degrade the performance
of subjective—sentence-classification. This paper presents a method for improving the performance of a subjectivity classifier by combining
two classifiers generated from the different representations of an input sentence. One representation is a sentimental phrase that represents
an automatically identified subjective expression or objective expression and the other representation is a full-sentence. Each representation
is used to extract modified n-grams that are composed of a word and its contextual words’ polarity information. The best performance,
79.7% accuracy, 25% improvement, was obtained when the phrase-level classifier and the sentence-level classifier were merged.

Key Words : Subjective Sentence, Objective Sentence, Subjective Expression, Semantic Phrase, Sentiment Analysis

1.M B H ARgzEe) ol 7o) wiAE AWAL WEAAE EHHA
Fa4 AME A9 o4l =8 Fo9 Fg B R
A 235 ddez 33 L4 S AHH & A B4 UEE FHIAY, ARk 9ol
£9A BFSAY, FAE Wgd dEld 4 22 §FA Bl 228 sosied 88 ¢ 93] £ dAFdAME
Al WEAAE Bishe M FA(Sentiment Analysis) Folxl F3e] FEHA EAUA AFJAQ] EAUAE ¥
of it 87t AE Frkstn vk ofe AlFA it 9 e #8771 ARE ZAHoE gt
Ae Asoz BHsY AEY FEHE Fotsted &0 T8 FAL A oA, Juh, 5, 244 59 A
o AFsy] yielt{lJ2]8] 2yz Ao &H A2H A e} (Private state)ot #H® B S TI36] o2 &
oluf Ar F& Alxawdlo] %8 TH(Passage)oltt w4 g2 B4 AAd F3F Yepte F8E JAT, 3 o
Ao, Abgate] ool wkde FAHQA YEAX], of] Brout Yelue A9E g olgd A #F AA 9
ZEE TdsiA nYste de9 SR F2 294E ¢
+ 2 8 G CMULTL 974 S A B ool B ATy Az FAHA ZEE
EEAR2007d 69 4%, AATSE 20079 79 279 dAstm &8sty Y3 T 9 ERVIE ol &eth 4



8t

5

e

WordNet 7}

=

=

o
T

=
=

ol

&
wojel FAF AH 18w

i

s} A5z wol g

ol#

L

&g

1TH10]. Yu(2003)

S
=
HE

Naive Bayes &7

=
=

A%
pu

h kot

5

il
Lg}

|
H

)
e

o]

Hej 2

A
T

g

8

3h=
i3]
=
&

5]
2e A9 oo 4n

o/ %

48

I 7

3|

7)(stemmer)

M7=(2007.12)

=1
[l

Y

=t

B A48
G AR HA) o

[
[

[
s

A

T

!

2

b

=l
=

EpShal

PN
=3

B olo] tholg]

5€0

A

W
Kk

A

-

g]

ol# 3 +
A1l <% 1>

3|

T

delegation from <np>"¢}

T

opollME

=]

R

?_
gk} Riloff(2003)

t

A

22 TE 7|

stel 2t Alzwlo] 74 n

HL s

Qb‘

=

=

, 28 gt 7hA]
ARz

o

i

A 4
ofe] 7ol Azd A

4% Ze 3/

Lo
T

Hell AHE:

she

& P

A

o
-
e
=
Kk

£ 4ns

A JE

ik

H

o
2

o]

A
=

£(90.2%)

3+

THE off Al

Objective Patterns
Plans to produce <dobj>

Fol &7l M ]

3|

<sub> took effect
occurred on <np>

Hol, oA Algto] 2

o]&
jelo] Bgow & 3

b

=

=

=2
=

)

Hele o

=
<subj> believes

:IL

Subjective Patterns

¥

&2 bootstrapping A& o] &

!

<subj> was convinced

T AEF TR HA]

g, 72

g

HE} 7)A

L

L

to express <dobj>

3t

AHg-6

7 g

[

o

o
= A Al

28
T we A

=

=

Al O
A
o) L=
A

7] ARy wo] g9

vl

3

F7] $al Alzg Aol

17 el HE

3

B

A3

o)

x
=

tol He] "ojxl d"olEd

S

&8

=
o+

il

e

oA &

]
=

8o AHE §, Az

=

MPQA .z 2ol tafA 3

AT

=
I

Aghete] g

=z

s

o+

:

E

o

Eol

Fuss7) fle) ofel A

3l

ol
1]

A

=

[S)

=

=

= dlold

1
5}

(<

Fob ol#l W o

S

=

T

°] 7}

H}
H

bk

i

Holl A7 A8

I
af

4 Ap
,

i

21 ¢t 2[AE 7|
station'? ‘percent

o)A gh o]

¢

_

o

B
oH

o
iy

i

o

R

el

Jo

el

st

] (Multiple-response model tree)

9

&

A3 A
= 2] Z(tree

2~
T

fe]

al
=

a9

decision-tree) ¢},
3] 7] A (regression)

g 83k

regression),

}
o 2p s )|

S

2§

AXYEZ](Meta
(Linear-regression) &
=3

(Multiple-response
structure) &

o Ao} %

g 5o A%

=

o o

=

il

ks

2

A E

aFen

i
o
front

Mo
3

w
)
=

3

AL, FAL BAe] HelB

R

7)o &

=

wHBI9).



3. MPQA 2H 2

B oAfdME BR7IE FE3t %7ter] $ls MPQA
(Multi-Perspective Question Answering) Z¥ & A48k}
[6l. MPQA ZF2E ‘r‘?}\ 7]*} 2AE gdez AHAY
F383 FRHA g B o AR A o) 7
zhEjojoln),  of 71A 7—‘17_;5,‘11 H8L& objective speech
event®, FHH THL MAY | (Private State)E AH A
o2 UellE direct-subjective elementst 7Aooz
Bl expressive-subjective element® WA A 225 o
otk Z+zhel 388 Axg JUehle intensity’t F2HE 0]
Ak F#RFed T4 FE 2 (extreme, high, medium)
expressive-subjective element'} direct-subjective element
g 7 ?:Zc}oi A olHrh,

& MPQA ¥ o] F-AFso] gl o] &

(1) The news [o; leaked] from the reoccupied
Palestinian cities [s; confirms] that Israeli troops
have committed [s» dozens] of [s; premeditated
massacres] against the civilian Palestinian

population.

05 objective speech event

s;- expressive-subj. medium intensity

So- expressive-subj. low intensity

Sy expressive-subj. extreme intensity

(2) [s; Howeverl, lo; according tol broad statistics,
Taiwan-born voters [s; favoring independencel
account for 65 percent of the island’s 23 million
population.

s;. expressive-subj. low intensity
so. direct-subj. high intensity
o7 objective speech event
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The(pr.the:N:The) NEWS <0> |eaked

NN:news:N:new)

Of nornon <S> Premeditated

populatlon (NN:population:N:popul) *(...:N:.)

(VBN:leak:wsj;ng:leak) </0> fI'Om(IN:from:N:from) thle(DT:the:N:the)
reOCCupled(VBN:reoccupy:N:reoccupi) PaIeStInIan(JJ:paIestinian:N:Palestinian) CItIeS(NNS:city:N:citi)
<8> confirms gz confirmN:confirm) </5> that . naenhaty 1STA€NI pisraein1sraet

troopS(NNS:troop:N:troop) I"lave(VBF’:have:N:have) comm Itted(VBN:commit:N:commit)

(JJ:premeditate:ssj;ng:premedit) massacres(
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premeditated adj S8] negative reoccupied Palestinian cities confirms that Israeli

massacres noun 58] negative Subjective: troops have committed dozens of premeditated

However anypos WSJ negative massacres

favor verb S55] positive Objective: civilian Palestinian population
independence noun WSJ positive
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9= MPQA ZH2d] Trld XaTe wWelel 29sxut ol AEFH FAF FETE P EH
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