Journal of Digital Convergence ISSN 1738-1916
Vol. 17. No. 3, pp. 107-117, 2019 https://doi.org/10.14400/JDC.2019.17.3.107

A4 ol mAdmlold e 913k SAME whe] B AT
oA, ol

gt ieyshn A he uatag
gu et 2 AN SRR gt w

Exploring Feature Selection Methods for Effective Emotion Mining

Kyun Sun Eo', Kun Chang Lee®
"Doctoral Student, SKK Business School, Sungkyunkwan University
*Professor, Global Business Administration/Dept. of Health Sciences & & Technology, SAIHST
Sungkyunkwan University

& o 21, 24 vro] Tof TER ) A4 v B2 AFEe] B9 ey S 18] fa) ekl el
HAE B AR 29l o) 2l HMAE BAE SAA e o4 BE BT S FohlE AT
okg AR olta @k aFAARE oA el & AFFE] FAAQ] o] RAE ol et 23S e ATl
ok 2 ATelME S0 R 9 2 ddE TRVIE TFeke] A oA whold S EdS A sz} &
t} o]& 3] F7HA oAl 2E dlo]EfQl Tweet®l SemEval2007 HoJE1 S o]&3te] TF-IDFE AXstal W oM 9|2
(BOW: bag-of-words) @Bl £ A 738ttt 2] A<l o] mloldo] & 4= gl HA o] £4S 8 g}
7] $fstel a7k 348 (CFS), ARYS S48 (IG), 12l ReliefF 5 AI7H] S5 WS

R
e ofo
ol
ol
2
G

Aejg 448 ogalo] obg7h w77 RHR oAl vlolde] A3mg nuagith AF A, Tweet Hlo]
AHHHDT)7ECFS, 1G, ReliefFell 2J3t 4438 o8-8 4% A&r} 3adlan, A9 B2 o] A(RS)= CFS, 1GA
S35 AHE A5 ASEI 45 A SemBval2007 Flo]E] = ReliefFell ofsl] Aeel S0z 22X 34]3-4(
g3l S W BEmrh AP, vl wlol Aok YIEANBN)E CFS, IGel o3 &8 A3 49 A8twr

sFAt

= o o
== >

18
o to o My -

4
4

—_
o

FAlo] 1 BAE wlold, SAAE, ZHRA, olmA nloly, $577]

Abstract In the era of SNS, many people relies on it to express their emotions about various kinds of products
and services. Therefore, for the companies eagerly seeking to investigate how their products and services are
perceived in the market, emotion mining tasks using dataset from SNSs become important much more than ever.
Basically, emotion mining is a branch of sentiment analysis which is based on BOW (bag-of-words) and TF-IDF.
However, there are few studies on the emotion mining which adopt feature selection (FS) methods to look for
optimal set of features ensuring better results. In this sense, this study aims to propose FS methods to conduct
emotion mining tasks more effectively with better outcomes. This study uses Twitter and SemEval2007 dataset for
the sake of emotion mining experiments. We applied three FS methods such as CFS (Correlation based FS), IG
(Information Gain), and ReliefF. Emotion mining results were obtained from applying the selected features to nine
classifiers. When applying DT (decision tree) to Tweet dataset, accuracy increases with CFS, IG, and ReliefF
methods. When applying LR (logistic regression) to SemEval2007 dataset, accuracy increases with ReliefF method.

Key Words : Text mining, Feature selection, Sentiment analysis, Emotion mining, Classifiers

#Corresponding Author : Kun Chang Lee(kunchanglee@gmail.com)
Received November 28, 2018 Revised  February 25, 2019
Accepted March 20, 2019 Published March 28, 2019



108 UAEEEHAT A7A A3E

1. A&

e 22 vl o] Aulazh gadskA it 4l
e 54 3R] AlFolul Mzl tiaiA vkt
A& #AT 5 U HH Ve ol A
el kA thS-skar Sk A muo el
= 2HAREe] g oA o2 2 g 7
ol B o2 st 1 oEe VIl AR
of B2 F&FE 7] "itolrh ojzte] Rl o
Hb Aol REShE T el dlolEell A At
o wolglis o|mAlN TS wAste] 1 el &
BAJA FAAJA S dohfjarat sh= Foks A+

4] (sentiment analysm)i}i SPE}[l]

2
5
g

o

=

I o

=2

=
ro

ol

%oko] . ol %%gii
EERIEEERE D)

Z
[2] & 29l eH EAEAIA 2uA50] 23 9
- 3

71249_ BA 3}11 Ao _5_:5;].@1- Aol o]
J (Emotion mining)o]2}a i3],
HAFoME £ Fo wA4A A= AR A

S FHHoR o238 %’4@ O]E/}i UFO]‘B‘% 3}

o} o]& {5t HEASF

A5k £449 (FS: Feature Selectlon) WS A

o7 Zuz 3} FSE= 8223 o2 A

U E T E dolE Ao 2 A l"fre/‘é%v% =

AtH4]. FS W oz AA s £A4S

ol R mleld A= ERHVIE

9] Z3EA AP E FE tolB He

= (NBN: Naive Bayesian Network)®} A L EWE{ w2l

(SVM: Support Vector Machine) ¥ 728 #5717} Zo)

AREE vk QITHB]

B AT E CFS, 1G, RelielF 5 41714 FSu o}
oFF7HA Y] BF{71E o]&sto] HH e o] dwtoly R
D& AL g wpebA, B ATt A Aljkeke A
TA+(Research Question: RQ)& th&-3} 2t}

RQL: &34<91 =

o s
75 A%

i

RQ2: RQIIA &1 FSHH
%
%

g
_\Jiu:
_O,Lm

|

s
N
T

Mol e fo X

ol&%

%
Ak #

ol A who] & EAel A Uehes 24 F 718, =
g, e, £F 58 wAske s w3l
Danisman & Alpkocak (2008)8 #4& WE2 73
3}3’— Z S U dol R sk WE Ao
2 (Vector Space Model, VSM)& AF&3IT}HB].
VSMoﬂf‘i* 54 7749 492 ve d93 HJAA &
,4];}_?‘1 e 7}- I-l:}— o]sﬂr pach H}\:HVQ_ /\}-%8}01 ]:}_0]:

@ 24 BRY 5 Ak VSME thE 2Ry A4

o A SVM#} NBN £577118t} 450l =3 Strapparava
& Mihalcea (2008)= SemEval 2007 Ho]g] A& o]-8-3}
oq H]X]C ﬂi\_uhﬂo Es} _‘r—r/\ Oﬂ g}o .,] 71—7(4 oq]
2 NEsigith o3 oulE 242 B AL oS
SFATHE]. Gupta et al. (2013) F-2E Ade d¥2
Boostexter ¢i8]F& AHE-3FTHT]. Boostexters] Zt
g R PN R I A s - L I
< YY) H2E A2Ezo A AF BRIE 2
g BE LRI dE A EE ST o 2
© WS o] gate] mA Aul: o] Wil 37
ojel Hole] A& BAska, o w3 Qloj%] L40] AL
$EEA & 5 Ak 22 dlojE] AEE BAT Lo
= O RN 4R 0 4, A o wE a9
7 gogu P Kol ﬁwoa 914

Hasan et al. (2014)

A4 2F-& HaitAsiah o %
e

st om a4 Bl =
T+ EmoTexde w57 ]e 2708k T EmoTex—‘i k-
HIH ol duElFk-NN)TF SVM €ug|5S 44
3}itk Quan & Ren (2016)> HMM (Hidden Markov

Ag
_u
m bt=)
rlo
ne,
>
oX,
[o
e
e
o
:cu)L_’;



Table 1. Emotion mining studies

Study Dataset Emotions Method FS SC EC
g)oagf;sman & Alpkocak SemEval 2007 :Qgﬁ(re,s:isgust, fear, joy. Vector Space Model X o] X
S(t)roafgpparava & Mihalcea SemEval 2007 :S?;:S ;:ﬂsgust, fear, joy, sadness, l’ilna?\\;veleggje:ased, X o X
Gupta et al. 2013 g?j;ﬁ;ner factual, emotional Boosting X 0 0
Hasan 2014 tweet ﬁ:?g/ iﬂsﬁg\é%y’ support :ﬁiﬁr Machine, X 0 X
expectation, joy, love,
Quan &Ren 2016 Blog article surprise, anxiety, sorrow, anger, HMM X o] X
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Fig. 1. Procedure of this study
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3.2 A3 H7} (Performance evaluation)

3.2.1 534 (Confusion Matrix)

 AFA AR B7HA E= A= (Accuracy), 4
A %= (Precision), A& & (Recall), F1734(F1-Score)©]th
B7MA e the Table 294 22 £58 45 o|&girh
TP(True Positive) = PositiveZ Positive® 73+ 7
o]t} TN(True Negative)= NegativeZ Negative=
33 A$o|tl FNS PositiveE Negative® £531
$-0]aL, vpx|eko & FPE NegativeE Positive® #-5F
7ot} A= AA Sl A Positive?t Negative

oo Mr o
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F3k A$olA AA Positive?l B]&olt}

Positive Zoll 4] Positive® #F3+ 80|t}

Table 2. Confusion matrix

Positivez}al ¥
o
o

Aa&

Actual class
Positive Negative
Predicted Positive TP FP
class Negative N ™

Table 3. The number of selected features

=
FSUHS o8l £45 A8 dbs v Table 3
o} 2tk Tweet dloJEli= 18714 CFS 271, 1G 274,
ReliefF 1571% &% 4= 23Ut SemEval2007 ®°JH=
33970914 CFS 2370, 1G 2870, ReliefF 1817} Z3ich

4.2 RQ2°ll w3k Az}
4.2.1 Tweet Hlo]E] Az}

t}. Tweet Hlo|E1E 48t A7} thg Table 4 ©F 2
o} CFS W97 IG BHE AH-g 48 o] &3 &
% NBNZ} STE A|ej3t & BH7|o4] Fgmr}
S Bk /M 22 AREe [GEH e SVMT RS
ol A 2835%% Rlow, CFSet IG WielA DT7h
21.19%9014 2791%= 74 =

Tweet SemEval gk DT, RFellA A3tk DTE 024914 0272, RF=

(B:engfe ‘28 321;9 023014 0277 A=glch 8L 4% ReliefFHy<
[ci 2 28 A8 £4& AHAE DIV 0260014 0275, NNe
Relieff 15 181 024014 0257, RF7} 024014 027, npA 2k o 2 RS7}
Table 4. Tweet results

Tweet

Q,Z)c“racy LR DT NBN NN SVM ST RF RS BA

before 2755 21.19 2779 26.13 2745 27.83 26.12 2661 2594

CFS 2728 2764

G 2728 2764

ReliefF 27.36 27.91 27.95 27.83 25.20

Precision R DT NBN NN SVM ST RF RS BA

before 025 024 024 023 021 0.10 023 025 0.24

CFS

G

ReliefF 024 0.11

Recall LR DT NBN NN SVM ST RF RS BA

before 0.12 026 013 0.24 017 004 024 022 026

CFS

G

ReliefF 0.12 0.05

F1_Score R DT NBN NN SVM ST RF RS BA

before 0.16 025 017 0.24 0.19 005 024 0.23 025

CFS

G

ReliefF
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0.25014 0272 &5tk F1H59] 79 ReliefF4H

83k £45 AH-AE DT, NN, RF, RS7F 242} 353

o} AUCY 7-f-ol= CFSHH IGEHE 283 &
< AHEE DT, SVM, NBN, RF7} 53t

3

g

4.2.2 SemEval2007 ®lo]g A3}
SemEval 2007 dlo]g] ¥4 ZA¥l= thE Table 5 ¢
2} AE %] 74 ReliefFHS 483 $48 ALE

gk 79 LRelA] 4557¢] 71 T}, SemEval2007 dlo]E
AT, Aol A ReliefFHS 488 £48 A
& 79, DTSk NBNS Al)% 2E BR71Ee) 453

o} CFS, IG WS #43 %
NN, NBN, ST7} s3th. A=) 4
38 A4 st A0

Je Agd 99 IR,
%ol 49 wE Py
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0

A IGH U NBNS 8% £42 AHT 35
03604 0822 713 0] B3k AASS] B
SHIGPEE A8 £ ASAL ) R 277

oM 0% oo A= HAth

2 AT aARF @42 FSA& 43 48
F9] T-test 241 (W57 00612 AN G, Ao o

2 Table 6 S+ 2. Tweet © 1E1o1w DT FS#e
A8 £ ST A BANCE Folshn, o)t
FSA% FS¥el Zupt Aoldrks 21g thehik

Relief P4 2 483 448 A183 23 DTS A9
frelai) gheg Elsih OFS

p

S AT 54 SR AT o e 8% $4 AEF A9 DT, NN, RF,
Table 5. SemEval 2007 results
SemEval 2007
Q,Z)C“racy LR DT NBN NN SVM ST RF RS BA
before 4054 3390 3250 4195 4335 4065 4498 4417 497
BF
G
ReliefF
Precision LR DT NBN NN SVM ST RF RS BA
before 0.44 0.32 0.36 0.41 040 0.39 0.42 0.39 0.39
Cls 036 032 0.3 035 036 036 036 036
G 036 032 0.3 035 036 036 036 036
i om 0o oo  DNOMN oo  INCANINGENN
Recall LR DT NBN NN SVM ST RF RS BA
before 047 093 015 0.57 058 0.62 0.56 0,69 065
Cfs

IG

ReliefF

F1_Score LR DT NBN NN SVM ST RF RS BA
before 045 048 0.21 0.46 0.47 0.48 0.48 0.50 0.48
Cfs

IG
ReliefF

Table 6. T—test Result of Accuracy

Tweel LR DT NBN NN SVM ST RF RS BA
Cfs 0.885 0.562 0.066 0.158 0739 0.021 -W
G 0.885 0.562 0.066 0.158 0739 0.021 0.030
ReliefF 0.829 0.905 0.395 0.489 0.7% 0.257 0.064 0.480
SemEval R DT NBN NN SVM ST RF RS BA
Cfs 0.210 0.131 0.440 0.340 0276 0.157 0.689 0.639
G 0.24 0.131 0.369 0.502 0231 0.206 0.423 0.560
ReliefF 00400 o401 0.827 0.406 0.509 0.091 0.801 0.555 0.291
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