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AHGAL7E A3 28kl B 2E Lo g1 7HAY
(sentiment), 73 4(affect), F=TH(subjectivity), T+

7 (emotion)= AH3t7] 3l AHE-EHTHChen
and Zimbra, 2010). &, ZHAEAS E3) o] &at
7 AF e AR 2ERE ojud =7s ik
xl stetsts] S1g Zlolth FAREAN A7 B
71RL2 20008 ) o] = Zis] AT
=dl, §3] ol=g A4 A7t
olfrE 24 wtlele] kel UtKLiu 2012;
Appel et al. 2015).
ZrRAe 3

51,

1

=S|
axi

Fl
¢

s
o

1 R

Z3

R

==
353

227, npo|lag B2,
E ToA dAstE g2E
}%5}5}. ol F= oA 7
o2 22 % (e-word of mouth, eWOM) 2.2
AojA = AR, nHAE FokillA 53] T8
F Ho|E| 24 &85 &= FA|o]tH(Chevalier and
Mavzlin, 2006; Chen and Xie, 2008; Duan et al.,
2008; Ghose and Ipeirotis, 2011; Cui et al., 2012;
Pagano and Maalej, 2013). 71 FolA = &3]
AL EE Holy =HIQle AlFE, AHlx, G35}
ol tig giolth & AT olgfg Fa

4 =6jel F shiel 93 PR B Ee
o2 &gttt

I3} gie AR AT AT 285
=, 54 & d2hel tigk oA E40) 7Fs

l 7‘—1%01

A 1S ok

¢

& dlolElolt}. skeld 2l 95E BA B
AHEEe] W7tEMA ob2 gEkE HA k2 A
oA 2 FFe A F W wEoltt
(Neelamegham and Chintagunta, 1999). =% Ogil-

g HlolE = o] 8t AR 2wt &
(star rating)= 34 < Atk 54| St ot
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AT AT AFH A FokollA A
o] Al T el FAZA ATFE7] AlFEtS
A= G 2ok SHA 2 Aol x &
Ll a9l
H]

3l < o}, ol2jdt AT wope] AL
22 2o A AlRSo] Aula B AE
of thall ojmat Bz zh=]o thsf ojsf e
|

2H 259 ol&s FUS} A7 B 7
7} 471 W] th(Appel et al., 2015).
AR F23] AN E doje] T

A TH Appel et al., 2015). L
AAEA AT7E 2ds] ol F
< 12l A& 2000 o] Fo]
t}. Pang¥} Lee(2008)= A E4 o] HZ8te o
F A7 BHEEF ol dial A,
Liu012)¢] HelE 3] wae 2R wpy
£3 44 ol ua setol shsa e
ZARAS OUR AA%ES Mo of
FoA AL lom, ojnf Z|ATEE A A=
3} B X =& <5(unsupervised learning) 7|l
Ao o] ¥ % Tk & A7

-

T

we g TR s A R
:I =

Appel et al.(2015)2] ATl &J5lH, A =35
AR EA ] A3 ATFE F 7P 2

AT = W Eo|t) S5 BEU)9 /o=
= YolH Hjo]= #7/7]

AAED EF7](Decision Tree), KNN E7F7]
(k-Nearest Neighbors), 174%™ &/ 7](Neural
Network), A|AHE EF7](Support Vector
Machine), Hd] <JJEZY]
Entropy) 5°] Ath Pang et al.(2002)2] AT+
A=stE WS 7o g 3 A EA Y] tE
2 AF=E, 43 gi HolEE % HelEH=E
o]- &%k ATolnt. @i BRlo] 54 vl 4 &
T 5HY WE TR, 1-3:4/AE RAL
2 o] shgeket, oW g EF7IE U
olH Hlo|x, At} JEZY, XAHE7] Al 7}
A& olgst AAE vl o] AYHS
g o g2 7P Aol & AL AAHE &7
719& A 0]'95113]' o] dAFolA AHES A
03] FX|(bag of individual words)?! 413
(uni-gram) 2.2 ITHH, Mullen?} Collier(2004)+=
FYUIHES U E-Y(lemmatization)3F HES F
7HAQl A 2 ARES T B Rde A A
H7E AHgstled, AxFozE fuy1H9

7|(Naive Bayes classifier),

Ed(Maximum

Pdﬁﬂi%] z].?f___] 7].)}]\ U:H /\-1 o] 61:%]—5]04
_o__g_ %_} T E]'
o] ol = TheFgE Aol A AAHE 7S o] &

ARG A=

5153 TH(Konig and Brill, 2006;
Kennedy and Inkpen, 2006; Annett and Kondrak,
2008). ¥ Ferguson et al.(2009)-2 || HH

715}t gk yolH wo]Z EF7](Multinomial

Naive Bayes)’} U] £ H%% RYgs A"

steln] 3¢ B BEo o) 74 24
STk o ATONAE 7 4-;91 R
o] o) (binary) ¥+ of2t 3

Al (ternary) .25 A

I3 S
= .
IR Ao ZHENS T uy) o I
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7} =9k} Pak¥} Paroubek(2010)2] Aol =
A AME] 7| Rt} thgF YolH o) z9] A%5o)

H ¥37) mEd o] £RAE Ak s
dolEl 2 A4 Agel 44 2R 2 W
oJElE AHEet T, #E o] LYl n-gram}

FA ﬂ]%](part-of-speech tagging, POS tagging)<
A-dEA o] &3S W £ A7 Uk W
ok

1o} o] 771
o7t FHell= e
78 Y E$ A (deep neural network)el] 7]HHS
5 F7Fsh= FA ol th(Glorot et
al., 2011; Yanagimoto et al., 2013; Hu et al
2015). @ ¥4 YEIES 7|uto s RS
THL A5, 718 HEEA B ARES
77100 A= (input) &2 AHRE= A S A
A 7 Boble we] Aol AstEe A
4 k. g oA AgskeE &
Hu et al.(2015)2] Aol &3 AlF3
g Y ELYZI E9(hierarchical
network), Yanagimoto et al.(2013)2] A4 A
&3t AgkE E="7F 7] Al(restricted  boltzmann

29
~

" 21'd(deep learning)

L YR AT

1:-1
E

3 rlr f

1=
H

deep neural

machine, RBM) 5°| Ut} o] F AFoAe= =
T Hds o] &3 RS Tl 71E AL

599 4 BR/IN0 O e 45S Byt

22 Q3 2|RE 0|88t ZAYEN

M AT Hhsk gol, ZARY ATE AF
B 38 Bobel & FAR ARHAGL T 5
Stk Telt AFe BHEA AN 85
t dolEle] B4 4G B RopHE 72
e AT Rofoltk, B Mol old@ He
afstel, B AFIA Gt 2l dole]

£ o] &% v F A FoplAM e FE owdt
ATE shevtel el A Rkt

A AFEIHE FokillAe g Rl ¢
= B3-S H= &8st Ak SrjdodA Y ﬂ
T URE 935 2H dolEE v Ho 2
2] g3} dlo]Efmlo] 2%l Internet Movie Database
(IMDb, www.imdb.com) == 93} 2] A& A}

©]E Rotten Tomatoes (www.rottentomatoes.com)
oA FHB=H], o] F A|E BF #Ao] A
A Ens Bds 32 TZE 7M1t
weiA Gt g Re ol &IHH AsHow i

[ RN
A

Hol thgt FRE A FEY 5 o] $57
o I EE Ao i3t BFE A &

ol H7] ol A=gFE &3 g Hlo
B ZA4EA 29 oA 2 &-8HTtH(Pang

et al., 2002; Airoldi et al., 2004; Melville et al.,
2009). = 3k o] RN nd A FAS
Jol 4 F82¢ B9 98 FHol 1ew v

TE
ATE oFstAl S UtkJakob et al.,
2009; Sarvabhotla et al., 2010; Seroussi et al.,

N
=

ol
2

|
_IEE
o O

19

2

AN
i oA |\ = A 1 A

. Dellarocas et al.(2005)<]
Uxol 7 o5 AT 2
B2l e ol gaiet 33
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+ A& AAFSI. Krauss et al.(2008)2] Aol
A= F3 dlolElHo]22(IMDb)Al Al A8 F3}
£ EH O jto} o]of s AFuAelHde]
55 4% AL sk AR vEa, 443
o7 "2E YA Yehes A F ?l ARE
|53} st AAH 25709 F3pt A7 zh= g
< Tl F3te] TR ob7tHIv Y (Academy

awards)®] $HE dZF3e= ATE FYIE

Stk o] 94X giel 4 AAE Totshe
AFE olYAAINE, FAHAE A E(positivity
index)E A= oH olE T3l I TA=
d5< ¢ F v FAvd AxE HAFH

t}. Asur¥} Huberman(2010)2 ES(tweet)oll Al 5
;g}zﬂ. orlg]. ﬂ‘n‘«] 71—A-1 S é

axe 489 4 A8 ?;%aw

woollA o]FA |35} ZFE AL st
T dF WrEA E8E F v AW E
A

o] FAsIR oY, T A= AHIY =],
Folt}. oAM= 2 x99 HHH gHe
FE ol g3 T d ol A3 A7) o] Fof
AL E, 43 2011; wd 9], 2011; 9

S8, AT, 2012). HZole 2549 2(2014)
o] AFolA 1~105 7441 €] 'é %‘— 84 o

ke 384 S 7HRl RS o] 83, T
Aolgte 78S Uede ?4%011/‘191 %2101
dFshes &84S 18T THHHAE =3

2aS et a8la RS 94(2013)L
oA A #EE = FHe 2 5 74
£ Y FFd WA 725 gofsta, oo
e FAE AA dolEdA FE3 2+ 74
o A BHE] Het B BAHOE T EE
4 ARE AEdte AZE PHES A
Ak 28l o] HES o] gste] B 5 o

Zo &8371 = At

B AFE ol9f 2ol 28 ¥} gRE o
83 A EA ATVt 5k, WA T3
gk FaFE JA A&F AFe] dasite A
Ed 9, 2011; A4S, ST 2014)S v}
gog J3} gre] ¥ TR FAaA
e AASE st gk =3 A E385 7
Hko] Q3 Bl AR OE Y3 R =
Hubs 249 S Al tisl] Lofry
Eia=d

3.1 HIO|g ZH&M

2 AdFodA e AAEA 2d 7585 98 A
TokE WS o837 wliel Shs& HlolH
o 43 dole7t B asith ol =W Hdf =
g HolHolA &F T AlE ‘ulolH P35}
(movie.naver.com)’°| A Hl°|HE 354t

Atik(Java) 719He] AEHE o] &3t 7
tolBl& & 17509 Fstol] tigk I3t 252
o, oju] Z} F35te| 78 F 373 Ho]
Huks 3] did o= stk 7I3ks 37w
Els kA3 $HF2012)9] Aol A
[} Y77t 7 EEsiA Uehde 7131l A
552~
K|

mlo

37 stolgta B3l Aol 7]<lgt
sh= ?‘&%%'@VJ“W 3o A Hua‘& 13~
FHLeE = %141%‘5} 19] 5] 30ﬁ, 6H94 3} 1
AHE 3097HA e BaE FsHE R F
HH A& ALY F 1752 AASIH.

olgA MR ds}o] TYRE F
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7F AEHAY o] ERHE AFE dojEe 2d
F%2 A% wlolgz AHg3Ich
<Figure 1> Data collection
<Figure 1> 2+ g3l ok Fﬂ‘:' T
Be] X5E 7 B8, YL U

o F 17589 G35t F 1457 9 @@r A& 2
9] T‘ﬂ' 15F 7)) o]stZ yebstth v 17
AE g g Qo] 2 e F3te SHHow
B2 e gRE Bk AT 93 <
321(2013)>°] 7 ®-& 73815709 ElHE
okl e A= yehgtar, 93t <7Ael
2P 2 (2013)>7} 279702 7P AL g R
£ Ban. g Y T2 476800

FIrE

<
T

32 o7 MY

AG9] A= <Figure 2>9F 2T A AF
g+ nko} 2 o] E1 T3 SAE v 1, 73
H Heoly 5 =g S 913 10,00070 2] ©lo]
& o] &3t Z.%/‘év‘i‘—@l T8 7+
BAEAN EdE 7AIsks 7o s o] Fo|Xith
10,0007 2] ] o]E]o 4] 9,0007]+= 358 Hlo|E
2, U= 1,000719] delHE 29 A58 7t
|07 o] &3ttt

[e]
23

76

movie review
data collection

L n e )
4 ] N ,J_
(
(- I
- | test data set
(. |
[ !
i ! ¥
‘ e ‘
[ s | preprocessing
N : i Tokenization
______ T-- - FOS tagging
Ay
v .
'Y
training > segl%?am p| sentiment
data set construction model

¥

sentimentscore
calculation

statistical
analysis

<Figure 2> Research process

Al

<) B3t 7t == oF 1208 He] HlR
= —or’t_ Z#] 2] (preprocessing) 8= AX|A =
=, ol Xdﬂﬂ]“ = W] s AR
s = E&3Ktokenization)2} Z}

= FANE 2R 34 HA L

?‘5—]
o

2d
AFZ(sentiment  score
calculation)st T Th- 0= o= A T3zl 24
o] A et A Po] A4 TIPS E T
HE = WA 9 ojudt FAAAE Hol=A
FAK o2 EA(statistical analysis)3}$3 T}

TARCE, BAA Y T FHEHES
stH, §9 FE2 p = 058 7o = 3ty
o2& pvalueo] thsiA = =
st 7 AES H A HlwE 9 =9
2 AR = FPeATh

T3
o|H
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°ojgk AL
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A 2 dA g, A 9 o3 EV\E
=, A4 *%—%, a3 370 GAe] ZAEE

& F RS AR HTHoE ‘7‘“—'1‘H
. 7IAEEY 37 @A B/ Amplayot
Occidental(2015)2] 04——[“’1] A 83 wpHEo
Bttt B AFellA

go o Agens

Multi-level ClassifierE
o AA = gL
daelEe Ao

2 A A WA AL dAg ot ¥
2E HAE A= EZSet FA AR U
HH, o] F A4 2 FEjs B47)7 2
[3to] 24 whojoA A= gL 92E
Aol A = Fela E47190 Twitter-
Korean-text (http://github.com/twitter/twitter-
korean-text)& ©]-8-3}3 T}

e AL AT 03] 2B THoIT of
HAGol| A FEHE = AL EE A (bag of words)
o 2ol Eebt g ol e slola, gl o

(positive adj.), 38 FAHpositive adv.), 4 &
& AH(negative adj.), £ F-AKnegative adv.)®] T
of YrEE A7 FHIEE U, WA
(noun)2} FAKverb)e] Tof ZE A :rL“—f‘?]'
At AT AL Us woll= gF Hlo]E9
HH AERE &8sy, 3R 272 T Ue
Aot 7
Atk BEZ3E A HAEE O] Aol A Trof
719ke] n-gram AR
75 FAMe= =
@ E AAS =S

Hog BeE £ 9= AFLE A3

Q_
8 Mo 9y £ gl
ksl

ot e A 2471 E ol &

stAl HW HAk 7ol ettt
2ol (AlE, sk, 2010
23kt FAF A glo] A9
B0 2 ZAK(character) 7]19+2] n-
ol A= AR 75 DAl 23T
2 718k n-gram AP A 2@ WIE7F 44
2 o]sll Tl S AASEE Frt. oA AR
I o3 B 2EE FE3te IAgolA 2719 A
A3t 6702 Tl g 2EVE F5HT

B
!
o
N

QL

oty £ so
fm

% g

N
°

o e

o
rl
n)
L
a7
-

5
=
>
2]

mavie |
review

sertiment
rode

<Figure 3> Sentiment model construction process

T4 =2 719k n-gram AR o} 7]4k
9] n-gram AP ZH7} sty £ #o Blw A
S 53l A M E(feature vector)E FAJ 3t A}
2 g B o7t Sol7F A7) wiZel A}
A Vb =0 webA AdE F48] s 4
7to] 242 WMEE 714 BE AToA =8 e

Rl AAME £77]Z(Pang et al., 2002; Al
T, A8k, 2010) 24 7ol tig Sh5s of

N mlo

77
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AT ksl fdE HolHE A
o] % 7L <Figure 3>9] 2™ Level
299 379 &7/ #H F 2HA
Oﬂ Q—?_E}(Amplayo and Occidental, 2015)
= <Figure 3>9] 1" Level
1P°4°1 7413] Pl A FgHTh T4
AL 74 @8AE 7 FAY g
01—4 7Rk} FEE 7IREC 2 o
7}%i]7P ot o3 78k 7hFA= 47}
ZEA 28 NI 52 02 4
H}%P—i Ve AE Fodl 470
A o] Wj 7FEAE F7I
1o] ohd Xé¢i e we f;au} o] 7154
Z3HE AA ol 5 1002
she Tol9 7H—ri A8t
o] 7]4)/10] 2.2 A3}t
EOJ g 2=Eol 500712
A Agel= 50709
df&"ﬂL 20 FtEA 2
Al 5071H oo —;—04 Atk 18 7 A F
Foll= 2, A dA) Aol 2'0) HFEX R R
Ao} o]#A 7ISAE FoAste ol Tol9
SHUNEE 7Fo = P, 7P 2 919
@S THEAE FEEHA Fosr] f§el
o 5o 2e FEE 7H MR E, A7) A
= 474 B 2EC] WALel FARY 2 2EZHA|
A o1 g3te} (PA-FEAY) = (FA-B 8-
S h7F 2l A vebd W JAE 34 (inverse
distance)oll ©13] 76k 7} S Fl= Yo R
7V E Fodth Sl A AL FEAE FAL
7t 2dske ¢Ae 1EskA @, dAYE
o]-g3t7] wWiLoll dolEo] 7S 7|7t
A HgHA Dt ol e AAL B 17
Levelol A+ HEZ 02 27]2] A3} uldo] A

AC)

°]

4P 2

=]
Il
—

mlm rﬂ

of

rﬂrﬁ—{mlﬂr{rrlrﬁﬁmﬁﬁéwo@}m

i_%_&

78

dEth

o|FA F #llA F 87 A Y
74 £ 7] (neural network) S ©]-&-3F v-*-‘?‘r 34
A AgET o] FAHL 3 Level FROZ, B
AT A= AF 217 W(artificial neural network)

Z 3hRl I =X = A7 W (feedforward neural
network, FNN)2 ©]-&3}H, o] & &FA17]7] 9
&l &7 FH(backpropagation) YL F < ©]-83FA
o HFH9 dagEe S tolH Y A E
7} = E(node)oll AHstal &7/ Al TS 2
o]-&3t] =& 319 oA (edge)®] 7HEAE
Aot g, 2012).
ER71e A AA HEFH
A4 2de g il g s
13 104te]9] gro 2 AFEdith B AFolAs
o] 2AYE 07} 14te] 9] gro g A3 o
uj 0oll 7WheE B4 A, 19 7k E
A AR UNFE, HFAH RS 03} 1
o] o]xl Feje| Fhs TA A HA oA A8t

o] Al

¢

N

OE_‘T-L

=
=

l

Ir

41 245N 2Y 75
B2d 75 3 T JO= AAA (threshold) S
AR Folof 3t FEdAE e 22+
2 A3ttt
A, AR F5 FA A A = AN character) 7] 1F

9] n-gram A& T5E Wo& ns 4~8E A
Asta, ©o] 71Hke] n-gram AFH 75 Ao A
nE 130 4R3Il ol st 24
“ol7h AH e dolm 23HE 5 UARF 3k

>le rlr



%3} 215 AHEMS 98 HAE Djolg V¥ Y 2R 73

o g olF] Z2E 5 HAZAA THLS
HHo R 73 oldE, AL 43 o|3t=E Bt
oled Bl &ate HREBNA AT 2
5 A= surt
(Table 1) Examples of word lists
Positive Adj. Positive Adv.
= ks 53] R
A5 AN 23 s
Sk A2 Agz ohgrhy
3 5 ool 7
Negative Adi. Negative Adv.
A3 %3] AR o
o1z e 7% £Hglo]
e AR a7 EES
g REG 1743 shigtol
Noun Verb
7] 3 3k &4
) 5 & o=
ER # 23 A3
7= 2EY 2 2% %

2 FAEHAE AA F
7Hi, 8 &AL 3H
A AL FA AL TEa gAY F
}aﬁ 7F ATk ol WAL FAF B 2EE
Z-zF Ao 1,00071 ] o & FESIEE A,
U™z gEd gisfiA= Ho 500709 T@oirt
I EE ST <Table 1> F29 ©ojs
o drjo]H, o]&} o] HA| gFoll= Hojrr
U Azte] e {7t g EA19a, Alxzojet 2
< 04 o3 Eo] AHEHAS. 28y 24 7
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(Table 2) Comparison between two sentiment

classifiers
Naive Bayes classifier sentinpwfnptocs:;isiﬁer
Precision 95.2 Precision 95.5
Recall 81.0 Recall 88.2
F1-measure 87.5 F1-measure 91.7
Accuracy 79.9 Accuracy 86

2Eo] H5L2 <Table 2>0ll4 YER}= ule}
Atk g £771 F sl velB wo|2 &
g3+ o] 79.9%S LERA

, B AFdA AtehE BF RS 86%]

oS
Q3 2lie] WA HAE BAS B3 UE
& AT ST oy ABBAE Kol
=2 Wo9e) 27t B4 BA Ade oot

sl 2% WAHY FPo gulEE
she] AAAAE YTy HolE o] /7t

5 2=

pul T

o] e £F F 21¥YE 13}, FHo=w
Lol Zh F31ke] B A F3ke) WAE E
Hat=5 shalnt



oy

02
OB

(Table 3) Pearson coefficient of correlations
between star rating and number of viewer
(overall movies)

star rating
week 1 week 2 | week 3
number week 1 .052
of week 2 262 %% 304 %%
VIEWEr | week 3 | 361%kx | 300%kk | 413wk
w5 p< 001
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(Table 4) Pearson coefficient of correlations
between star rating and number of viewer
(successful movies)

star rating
week 1 week 2 week 3
number | Week 1 -.141
of week 2 176 265
viewer | week 3| 573%% 549%% | 502k
#* p< 01
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(Table 5) Pearson coefficient of correlations
between star rating and number of viewer
(unsuccessful movies)

star rating
week 1 week 2 week 3
number | Wweek 1 = ST1**
of week 2 219 129
Viewer | woel 3 A7) 391% 378%*

¥ p<05 ** p<01
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(Table 6) Pearson coefficient of correlations
between sentiment score and number of viewer
(overall movies)

sentiment score
week 1 week 2 week 3
number week 1 -.044
of week 2 137 175%
viewer | yeek 3 183% 204 204

* p<.05 ** p<.0l
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(Table 7) Pearson coefficient of correlations
between sentiment score and number of viewer
(successful movies)

star rating
week 1 week 2 week 3
number | Week 1 -125
of week 2 218 231
viewer | yeek 3 A420% A409* 373%
* p<.05

(Table 8) Pearson coefficient of correlations
between sentiment score and number of viewer
(unsuccessful movies)

sentiment score
week 1 week 2 week 3
number week 1 -438*
of week 2 126 -.016

viewer | yweek 3 | 318 173 239
* p<.05
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(Table 9) An independent sample t-test result

. standard
indices N average . t
deviation
star 0 81 7.7594 71500
rating -7.872%%%*
groups | 1 | 94 | 85080 .50682
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(Figure 4) Sentiment scores of two movies
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Abstract

A Study on Analyzing Sentiments on Movie Reviews
by Multi-Level Sentiment Classifier*

Yuyoung Kim**-Min Song™**

Sentiment analysis is used for identifying emotions or sentiments embedded in the user generated
data such as customer reviews from blogs, social network services, and so on. Various research fields such
as computer science and business management can take advantage of this feature to analyze
customer-generated opinions.

In previous studies, the star rating of a review is regarded as the same as sentiment embedded in
the text. However, it does not always correspond to the sentiment polarity. Due to this supposition, previous
studies have some limitations in their accuracy. To solve this issue, the present study uses a supervised
sentiment classification model to measure a more accurate sentiment polarity. This study aims to propose
an advanced sentiment classifier and to discover the correlation between movie reviews and box-office
success.

The advanced sentiment classifier is based on two supervised machine learning techniques, the
Support Vector Machines (SVM) and Feedforward Neural Network (FNN). The sentiment scores of the
movie reviews are measured by the sentiment classifier and are analyzed by statistical correlations between
movie reviews and box-office success. Movie reviews are collected along with a star-rate. The dataset used
in this study consists of 1,258,538 reviews from 175 films gathered from Naver Movie website
(movie.naver.com).

The results show that the proposed sentiment classifier outperforms Naive Bayes (NB) classifier as

its accuracy is about 6% higher than NB. Furthermore, the results indicate that there are positive

* This work was supported by the Ministry of Education of the Republic of Korea and the National Research
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This work was supported (in part) by the Yonsei University Future-leading Research Initiative of 2015
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correlations between the star-rate and the number of audiences, which can be regarded as the box-office
success of a movie. The study also shows that there is the mild, positive correlation between the sentiment
scores estimated by the classifier and the number of audiences. To verify the applicability of the sentiment
scores, an independent sample t-test was conducted. For this, the movies were divided into two groups
using the average of sentiment scores. The two groups are significantly different in terms of the star-rated

SCOres.

Key Words : sentiment analysis, sentiment classification, movie review analysis, text mining
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