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Ygtie A olghill dd= SMl X zlol

GA-MSVM J|8F 2T1X|5 FHl OIS Z2dof| 2kt Ay

gl

0IEA] orsI
SlElR A2 86 2OICE Y | R ATHE0EH
(/slee1@hanwha,com) (hcahn@kookmin,ac.kn

o8 HAFEE FANAE AGT T2 A Ao A B ATV Jd ] S A= TheF 71|
£ 8% dEEYE0] AFHI ok 53] HAZe F2'Yd(Deep-Learning)s EFT ThFg Z1AIEE7H
(Machine Learning Methods) & ©]-&3] F7FAFE& dSstv B AES0] APHI ok AFHQA F2 54
Ao EA7IHeEE 71EH E47 7led Aol AMGHAT Btk @713 A Sy A,
FEd 71HE S&st7lde 71z B4 Wil Bot /&3 ZHo] it o3t 71E4 ARES ]85t
g R AFE AR (R ths AHY) F7F 5 o REF-AS B sEhdte FUHE
dEaHE BYg AT Aoltt sHANE o]H & oA EREE FHE S5t vmA1d S FetstAY, XE
Zg e A (Portfolio Rebalancing)®] A& 2 47]oll= Aa] ke ZHo] @e A wdl Aldo|t), o]o] B
Ao A= 7182 FIIAIF Sl o] EF (binary classification) R ANA TG FHE (F5FA,
vk~ SEFEA) THEF (multiple classification) Al 2 B8] F71R| FA|E o Zstaz} st} o]2 3k o)
5 A4 3A-g 93l 7120l AHEsid A E Wl o2 X 28 3] 754 (Multinomial Logistic Regression
Analysis, MLOGIT)o|\} TF5 -1 £} (Multiple Discriminant Analysis, MDA) % 913417 W(Artificial Neural
Networks, ANN)# 22 7| RT= AS5AHe] 740 YF5H th=EF Support Vector Machines(Multiclass
SVM, MSVM)< AH&3tal, o] RHe] F5S gA77] A #fH(wappen)ZA 32 L8] E(Genetic
Algorithm)2- o] &3 23} mdL A3t} 53] GA-MSVMOE HHEE B Ao ¢k 230 A= MSVM
o] AGEgS w8l HAF ] dgHS M (feature selection) HRFe] oly g} &5 A €ll(instance
selection)7}A] HA st Rd o HeS st steF AASAT At BHY A5E AFs] A3 su
T2 AA dlolEE 4838 23 ANNO|Y CBR, MLOGIT, MDASF 22 7]& dlo]grfo|yd 7| Eo]
U 3T d1EEFe =8 A7A M 53 dF AH4E veile ZAoE dHA Jd AFHA o
F SVM B0 AjF Bgo] B}t 953 dEATAE BYS ZAT F AUATE 53] 7T FA| d Sl 3l
oA StsAatH| o AdEo] ml-¢ Fag 4TS ol AoE A<l Hlon, mdo] A5 A AT gE a9l
B} 8% 8498 AT 5 ATk

FAO : THER SVM, F4 21T, AGuS A4, gk QY TS R4 S

=Y 20174 108 312 =28l 20174 118 192 A=A - 20174 128 2
ATRY : Y=g AR © okEE
1. N2 Aol we} chepsteha ¥ 4 otk 4 7HA 4
&

Fol ld FAehE Ao AR R(EE
FANG QoA el e Adel B AEFA)e) tF A% w sl tiek o) Zol
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79 B¥/l 2 5 93, £F SFARAS 2ol
MBS e FAE AEA A5e WalE
o Ut o] F& AFEHEsL B & 9ok, of
SF AR g OoE o) Bol TN FA)
& o33k Zlo] L% UTH o|%E we
21 Ut oy 53 =EHojtulolA
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(Discriminant Analysis), ZX|2~¥ 3] #(Logistic

Regression), 2JAF A% E&|(Decision Tree),
k-nearest neighbor(KNN) % HRduEH=Z

(Deep-Neural Network, DNN) &18]& 5°] X

HETh 1 5 HZol §REUEYAE o|nA|
ol 9101 g3t & FAYEE BT §)
< o]& &3l F7t A5 Aol = AHEE

AT :7—3 ‘3%% =8 3|AH= 43 DNN At
o ojE £ A U} DNN2 th-8-5F Ho]H
AMZo] Q. ?3‘]-_1"_’ 3} h(overfitting) 71543 €|

wom, BANSY ghol BobdsS HIs}

Bo A1, Al g A o] RHq (LFo
Bt 2T A 2L GRddEY

o] 1fol BAE 2 9l7] Wl

SVM (Support Vector Machine)> ©]2]3F H47

QUEY Y BAS NAT 5 Attt B
S T 9wl A EN D Rde oF
# A8 £ o dolHe) 33D

mﬁ
)
-
L
fo fo

HaE Hastshr] 9 434 A9 Ha3)

As 7Y 2y sSVM2 kst @ 7o) A
s Hadbels 724 A HasE 4
o7 FHEh &Y, SVMO £FAHLS 22d
HAL F JAT FFEUEYD daE
=274 A2z wd JhsAdol it ddzor
F7F 5ol thet o] oy ATelA SVM=

ERAR AMgste] Al2aE Ego)d mdo|i}
F7MA G2 HEA dSox AHeE F JSS
1 FATH(Kim and Ahn, 2010; Ra et al., 2016).

SVM &£2A4d= & 5o 4T FE 2
7HA] 8.2lo] Ut} o]Est 2218 YutroF A

A ) o8 AR 53] SVMellA 4
g Ad 4 ”H7H W (d: ¢, d, ¢)) 28
A5k A 8(feature selection)ol] o3t
TAE 78 7]‘?_}°i st ol SEAloll i)
AT FAAT o]H g 83l 2o
A3t sk ALEl A g (instance selection),
SrsAtEE Al Ak

BF AGEE FIA £ Sk o

AFE A4EA (computing resource) 2]
£79 AHE ZHAME - F23F aglo
Atk 1HAE B8kl SVMell
< AL A= A glen,
FHol A= TS Folr 7|7t g2

Kim and Ahn (2011)-/] ATolAE 7199 A



gljEis o SiEAR MES SAl HMatsis

GAMSVM 7lgt F7Ix|5 4| oI5 280 Bt ol

o A-&3t= Edol| GA-MSVM &
stAedl, oA7ME AdEs wiid
Qus Mg A0 AskeEs v
AFsATE o] A= Chatterjee
FolA AR AU s}
MSVMS] A5& A2 F s BAFA
31, Hong and Park (2011), Chatterjee (2013) 52
AT AFAAE HHG Y Mdelo] o=
AGEE Y F LS HFth Kim and
Ahn (2011)9] ATl = FAAEE] 52
of AEAEZIHS SVMZIH Y A st 4=
ste RS ARFsHATE SHEALE ’d‘:'—".ff_ 7511]

Ol

OlE} ol MEEWHZE 5ol B2 5
AEE 7hede £9224 sVMe
% H&Zl@r = A QL o]; 2l

3

Aesha ol @ shel APTS ol gl
.E l:l

"G‘

gl 7|5k
(Babu and Murty, 2001)& 333l thefsh
71l & -8=o] kT Ahn et al., 2006).

B dFolAe oldd AAdTE EWE 3§
of 7Adgr mpyiHse} s A, :LE]“’
SksAbE AE7EA] SAd HAslete o] &

FA| A Sl HeT A& At —zré}
NS tHshE 2 A E2A KOSPI2004| <
£ ARESEAL o] Ao THAA R Yl o] F o] &3t
e, T8 g 2 EE, v=e] FUHA|
BE ARESl] Hlnd @] FAE 9
Zoke 28-S AlQbgth FAof tigk 7|2 25
Y MA(Moving Average)E AM&3te] FIF 4|
(weekly trend)S ZlIXFgITE FA] ER= A

&%, FABHE, Bt Aboxed)] Ml 7HA 2 FE

4A%

%)™ (Dash and Dash, 2016), € 2] HoJHZE ¢
o] FAE dSdh= Zlo] A F8 F37}
et

2 ATE o 2ol F49 2
SVM= °] &3 "<l o]iF 7oz
S AAG A5 2 MSVME H&3 ATE
s AHEy MSVM3 GAY g Fol EH?‘fH
At 3FdAE AL EF(GA)H
MSVMS 233t 3o 220 ta] 2™
3tal, 48 ASEAAE AgAA dd A
B 2 g AFo AR tlolEle] AUl
GA-MSVMEZ9] HluEgE v 94
tisted 718 Aotk At s ME AT
o] A&} 3, B AT A el =9

stal 5o WA theiA = e Aol

o

}o) &

—4
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B Ao A A C&%FE T8-S OAO(One-Against-
One) 7]¥+e] THE-/F SVMH 32 ¢are]Eol
Astd ?ﬂEHA E’H]Olt} old] 7|& #3o HE

A= 4 MSVME] 7221 Aot gl
o &l ?4_%1 A o] %, FrHA darelFel gk
Z1RA A/NE 3t o9t HEo MSVMIF
GAE At 445 P74 3 7]&

TEol 3l AHREE i)

[‘

2.1 CHEF SVM(Multi-classification SVM,
MSVM)

x
5=
|m
Jé
A
>,

I(support vector machine, SVM)
AYFFT = IE <1,

A5 A4S 98 A =85 (supervised training)
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th(Vapnik, 1995). Aokl EAFEsA

Vapnikell o8] 7dd EFdugEen 4
33 A AP EAE Ak 7t

H

AE

oA AFETAZ h-SAIA & s
2 dHog g3 &R/
AE 7P A& BRI EFTY shtolth
(Ahn et al., 2006; Vapnik, 1995). 5 72| 7}€aL
g F o= 3 7t aelel] &3 oy Yol
FolHE W, SVME o7l tlolE] s 7nt
O 2 3t AZE Hlo]E7} o= FtE|aLgl o] &

=2 Adsl= B3 EA o|AAHAFRE my
& WEo] Foh oA WEI R HolE

7F AR FOA sk AAE @ E =T
e A % 714 & F(margin)
% g gFolth o3 SVM
sk YEE 7R A Q)
(overfitting)2] ¥gAdo] =& <l
w3 o]EFH o 2= ] Y3 7]
2 AAH I A AN A

o] &+ (Binary-Classification) &
UEF AAE 7] W&ol o
Al 283t7] AsiA= SVM= ¥
Z P27} th(Lorena and
e Carvalho, 2008; Wu et al., 2007) o] E-FH
= FANA HEFWHEE EF ot tHEA <
WHOZ  OAO(One-Against- One) OAA(One-
Against-All), WW(Weston & Watkins), CS(Crammer

& Singer) W S| ok
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2.1.1 OAA, OAO 4

UHkA © 2 OAA(One-Against-All) ™ ‘ﬂ% ol
T SVMEE S t57) whEo] Agsis e
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Fase Ao

OAO(One-Against-One) WL EFZ A
S 2ol tis 74 7He T Be painEE F
¥ SVM RS T=ote Wolth o2& F
7HA 7 dubE o2 0A07F OAAC] H]
3 o] EeAe WA ST SH
Ae 2w B 58 P 2oz dF HU
t}. (Ahn and Kim, 2009; Ahn et al., 2006)

o] il = OAOSt frAteHAl BE 22 3|0
(class pain) ¥ 2 5HE SVM 28-S F53A| 0
©] % DAG(Directed Acyclic Graph)E ©]-83}
A FEES d5sEE 47" DAGSVMY]
e oy AFENA 0OAO7IHEHE Hojd A
5<% Hol: Aoz Wyl Wi YrHAhn and
Kim, 2009; Kim and Ahn, 2012; Lorena and de
Carvalho, 2004; Wu et al., 2008).

—O

2.12 WW, CS g

WW(Weston & Watkins), CS(Crammer &
Singer)'¥H-2 SVMS 2 E Jgste 4
of ohlgt BE Fe2E T Mol BHoE
rgatel shbe] HAsh BAZ SAsHe W
Bt} o] F bR W2 frAbs HolARE,
cswhgel A9 ERAY 222 98 AsHE

< M o W a(slack varlable)g S T3}
+ AolA AZo]7F tk(Crammer and Singer,
2000). o]FA EE SW2E 7 Wl 25 17

sfe] shbel st BAZ SFske PHEL
PRYDL ¥ YY) FYHoE 47
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| SHEAR MY S SAlol &F3tsks GA-MSVM J[Eh RIIX| FA| olF 2ol 2k o7

3 BgY By oheh o)A BAY olfE
% AAE duAde) 339 Bges se

and de Carvalho, 2008). o] =gk 74 FFH ﬂ'x]'
o] FAZ &l o] MSVM dTES B
ZE(divide and conquer) 42l OAALY} OAO,
DAGSVM#} & 7| &5 AH&3tal UTHAn
and Kim, 2009; Lorena and de Carvalho, 2008).

2 dFoAE 718 ATHE FolA, 28
o] B84 W AR 95 A F&
Zekste] Ao 7h @ol &8Ea e
OAO XS AH83tt o9 <Figure 1> ©]
23 0A0 WO s I¥o=E Yy
AT ol IS BA, BT 45/ FYAE
T4 OEF Ao 0A0TA& A3 oA
A, 25 671¢] ol&F SVM Ego] &/
93, 289 2ds9 BERAHE Fx
(voting) = kst HFE FH2E dSstA st
= Aolth

22 SAX L12|EGA)F MSVM
Zensg

HT 4% 71A%E 71 A8 EAlek &
3k ATEclA HASE AT WRoRE 7
ol Al8FaL
darg]Eolth
Algorithm, GA)<

%31 2] F(Genetic
AAA L] X3RS BARGH
ALt gl o 24 197599 & ;M E=(John
Holland)®ll oS4 7/NddE HY HAH3 7ol
o olE3 GAZIH-S AHA L 2gE 2
218} A4ke] 7t ARl 7o, AR A&
st7 z13}o] A B FES AEIRS
H, A", Ao, v A4t

-

v,
GAE AA ) AE FA 71 ol &L v
go, Wyseln AYHe g4 YuelEo
249 EAE Zeth GAE ddstnn s
A0 @ 7Ped 2E e g Txel
ARHHE TAT 02, o] ABEL £RHO
2 Yo PY uoh ol 22 5L UE

e 0y ad
e i
A
= ALl
* x
*
* &

(Figure 1) Multiclass SVM conceptual diagram of OAO scheme
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ol Witk. o714 & e+ AsTE2E §4
ZHchromosome)©| ™, ©]E-& HIPA 024 Z
%] ‘3 2 o ke 3 S MsEe @

A o e Zoltk. &, GAE oW =+
x5 HAseh= @ xE 27] flal, 21ske]
2 -%H(simulated evolution) B4 ¢31E]
1 g ATk GAE H3ska U
A, HA S ZAHZA A3
WS o] 8dte SRR
e Z3 delA 54

23} b= mi A
JTHKim et al., 2006; Shin and

Hﬂ

—

fu
U

Qo

=
Ol

S0 Ao ogh <

- o2 N o
Ay o
2L ot

12
BN

tlo ©
N' .ﬂ co l‘?ﬂ

o Ay &L s o

(objective function
o dg] &%
Han, 1999).

o|H 3 GAE AF7HA AFAQI ol&EF SVM
o] HAIE 93 =T kg Aol HE
%o} gk}, Pai and Hong (2005)2 GAS AHE-3}
o SVMO| 7Adgrel AHREE Al
(free parameters)E #2383t o] A9 SVM
292 Gaussian RBFE A 42 AHE3SI9 L
GAE AH&3t C, o2, ¢ W7NHTE FH A st
7] $1%F A28l A¢tgit). Howley and Madden
(2005) g+ @A o Yolrt Adg wiziHs

;OETM

(@:C 0% d, &) R okl ALY A7
A HH3 s 2de ALY Ao,
o]Z9 mle AHoE YAk AIFr
MAEEE AFE Y 2ol T+ 9
. ol@ Ao AeolH 22 O BHD

o] mi7iae] HHsket FAol AHH A
ge] H25E NET dTEcith 371 AT
oA Hkxol w7 =
T SVMe| &7 Aol A dFE A
IEeltt. mebA o3t 82ls

3} hpd VR X235 Ho g ol

AYAHE g 5 g Rl 1
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7HA 8R1& s HA3g st B AT
o}z & wo] ztolr 7]7} =t} Jack and Nandi
(2002)7} 71A|aL o& o] /WS Ag
3, Kim et al. (2005)°] HEY A HY &
Aol A8 ¢l7F ATh Zhao et al. (2005)=
SVM< GA=E HZA 3 s+ & A=AsT
go] HHstE A= Aotk 9
H 7 (target)F FE o] Q)
AR JHHFRES A

AL

H=9

Xo]— n=E=

PN
T

(FSA DT "D T’ S o [ U 4
o B
ox _@: =4

E

>
i
=
X0
A
k)
T
X
y &2
rlo
re

4 TAECl GAE
Agstel SVMe] Aus Ade {3k
AN=3tAT 288 AFAFIZE Li et al
(2004)°] S(cancer) HZloll AREgE o7} i
Lee and Byun (2003)3} Sun et al. (2004)-2 ©]v]
A AEE 918l o] 7S AR ST
Thi et al. (2009)= YEHF He HHs17H
= AAGHCIE ] F7HAok
oﬂ ‘LQ—OH H 44_ 7]x SVM_Q] /\4&‘-7’”}\-]0" =13
L gart &S Y= Chen and Hsiao
(2007)& AFHE HlolERES AEate] 7]
A7E8S ST €39 2VER 2ds
AlRFsttt. o ‘?ﬂ?‘ﬂ]’ﬂ% He A= vzt
72 GASF SVME Agste Adgr ﬂHﬂ%t'fI
T FHA sk Tl 7199 HV1E T A
FrHole e JHEHFE 6712 rﬂtﬂom 95% oI
”9] g5 AL HAZ 5 AU
E AHg3te] sVME E}%k g adle HHst
oI e e ol AT % T 2
A7t a3k aclo] niE Ak A

(instance selection)2] A o]t} ShFAH A E]2

Z/\l cq]

B



gljEis o SiEAR MES SAl HMatsis

GAMSVM 7lgt F7Ix|5 4| oI5 280 Bt ol

i ﬂwom ol AﬂiEuﬂai 7t °°l ge o
&8 HolEE AU AL oI

[} v =

SkgAbel AdEle] olefgt AR = <3 AFAl

A 7oy AHIZIRESE VIS 23 o
&3 B 7IMel A= gtk

Ahn and Kim (2011)& %31 tlo]E FFo] il
A e 545 Hole FAAAY HeolHE
o] g3led SVM¥} GA 7]‘1}«1 Abe e 71
(instance selection technique)2 A HsE H4 =g
< Akttt o] AFtellA AtE A REF S
HMEAY svMm, viZfs H# 3 sVM, A4
A}, AHEZIREEE(1-NN), 22X 2 3HEY
233 vlugt 243, Boy Zgg ERdes v

o

won 53] AlE tlolE e 71 50% 71770l
ZolHEoEM Bt E8FQ 4] 7Hede
HolFoh flo] A=A 3 BA 5 Yozt
ATAFE EH Ahn et al. (2006)2 7] FF- =
SRAS 7= o] GAE AHESH SVM
of gk 7 dgre] wizd@vto] ofye} <

e A A des FA HA 3]
she AH A3t mdS Adsidnt o Aol

A AR BEe dwEow Adss
S Qeas ddue HH5E v )
CEBE L 3

He 2
= 3
HAs& 7E dAFEE
Lorena and de Carvalho (2008)7} St} o] A4+
243 71 detre] mifis7F MSVMe| d5&
RN 7 UeS BAFAT gRkF o=
SVM &7719] A2 w7l gk Ao o
g} Gepxinh o] A= JukHEl 1Y F#
EFolA o] 21 & F(binary-classification) SVM<]
RRL ass é@(mnmg)om 93 GAE &4
o|Zl &/~ &E<! wi/hASs
# AA e 2 olxl BRI g AEstE

gste] MSVMe] HASE A= AT
Ao olr |7} 47 etk MSVMY]
A=gE tEAQ

Shieh and Yang (2008) > TutdES] 12714

dEAF(AEZHA EA Wl 7HA ¢} o4k EA
221 g7HA)E AREste] 2B Y-S Sl S
2 FE3}= SVM-RFE (SVM recursive feature
elimination) &S A¢Hstith. A+ A3 F 12
71Re] EX Q] = 77X EAHQQIOoZEU o
& 1% "5k M9 =& o= A3 E 7=
= 75 @ T ATh Chatterjee (2013)
ATolME=SVM 2El
g 7= GAdl ¢
=
E'_:]'

=(|)L_r‘
2
g

Atk 1 A3 SVM
A FollAl 40709

}7& A SH =T}

F &/l thsf Al

} 6.2%eh= Bl a3

AREE HojFlon Hla Yo7 A
A7 H(ANN) B ET A tH SVM 29
Al FAEATS BAFAT Ahn
(2014) 7149 A&sas st Qo
Multiclass SVM(EHEFSVM, MSVM)3 GAE
F43 H A3t mdg Attt o] AT A

W 2 HP e o
oo it do i
N

>

o)
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F 232 GAE 83t Multiclass SVMell &
S5 AGETY uias 2 HAHo| i
FES HYsIEE AT oz Edd
A HolEE &gt A Ao, ek 24
g IFAEY (MLOGIT)o|Y ThEaEEA
(MDA), A F=E718E7]H (CBR), 134178 %7
W (ANN) 22 7|29] 4augE Bt 578 4

32 Hol: Ao yepyi

3. GAJI¢F MSVM z|X3gl 2

Ol
45

RFolA AR 7IE AFE0l U E44

GAZ MSVMe| miZsl 2 shsAte] Hde& IE EQE B AFdAs F7HAF FA A=
HA3lsle 1 A|=3F AF = QTh Chen (2013) < $I3l MSVME] A3 vzl g
< B2 7Y Y29 st 238 A a AY g Sk AES SAol H A st
g gloJE MEo] SVME &30 2 24%0}— ke B8-S AEA At 53] £ ATolA
WS AFsHAT 53] o] dFelAe tE & = Chatterjee (2013)°14 1 &3/} U459 GAS
A2 Aol thEk ShFAbE A e 211%6} 28 HAsrt FAEHE 2P Aket £
Aok SEAbE AdEe] a84S Eol7] stk ATollAE HYG AL EFE GA-MSVM
stEAHE T F SKclustering) 3k WHH S Aok (Genetic ~ Algorithm-based Multiclass ~ Support
3L, o] tiREe] HolH A ECA 71 & Vector Machine) &2 Wwatua} gt ohe
< 57 AgEE AASHE AS BoAFAt <Figure 2> & 79 A}FEHA GA-MSVM
Z, T E/FERke] ofd o]X BERFolAE - o] T E AAE ZEA A B2 FAOF B
g Ass I ATE e Y53 Aol ool vk I”lA B%o], GA-MSVME t

ojH g 7|E AT AAER v Fo] & o, FA+ =3 2ol A 47 GAl o3l FREHES A
g o] SHAGMNE FREE TG FA A= At
S| = GAE 53 MSVM 28 9] Adss
[ praser ] [ prasEr [ prasem [ prasev

Initiation MSVM training & Evaluation Evolution by genetic aperator Checking generalizability

Chromosome structure Learning MSVM model by

>

design individual chromosomes
Create initial population = — Ca.lcu.latlon A M

individual chromosomes

|, Mating, selection, mutation

based on fitness Apply test data set to
l |, model using final selected
parameter, feature sub set
J and instances
Create new population ]

L Training Data Set

L Validation Data Set

(Figure 2) GA-MSVM Process
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Qe ol shaAlE MES SA0l HASSE GAMSWM I8t FoIXIS A oS 28l BE o

Phase 1. @7 12 %7]|8K(Initiation) THA o]t}
o] GAlNA = HAste] &4 T S A
3 v e dEws A9, a9
shsAbEl AdEle] 37kr] QRIES @A)
(chromosome) 7% FEj =2 WHY3}ta, o]
Z2 AAE GHaAES 718 A
= WA A 27 23 Hpopulation)S AY

e Sk,

=

ot

LU}
{0 r_‘V_,
e 4

o,
Of
-

GAE F337] flsiA = e R o
g 7HA Mol S Gl she o)
A% 2=Edol| w3 (mapping)dt= 4ol &
sttt GA7E ShRE E&FOR ST
N=F T H2ol At Gz v e 3
= o] v T8, o3 e 2HH O
2 Wt} <Figure 3>3} #Zo] dAA o 25
AAskefoF Pt

2 AFA ARSI A= GA-MSVM2 ¢
Ao g 71 de] ezl A9 g Gaussian
RBFE AME-3FL Itk o9 4] (1) Gaussian
RBF 7'd9h=9] 4h2joln}.

ek, A o viRE o239 CE HA
3} sfjoF sl=H], GA-MSVMOAE o] F 714
el 2+ 14 EE ddate], s AstA #
< g s AN HA =
A o= ‘1'S Aglog 3, 0
vl o2 X gkste] &8 4= gl7] w&ol|, o]
23 PFEL olW 2EHOo R BHI F= Ao
A golsitt. wEkA F 15719 fEESE 7t
A3 Je FTRAFFA dSEASL & A9,
GA-MSVM= A-83}7] #fsl FBagh A<
Aol 15+28=43 (HIE) o] At} G| 2A
7 Bud, 2713 Ags FsHA = o]
AL dFE At 27 2Rws A

£ Agolch

& d
r o
ol
o

Phase 2. @7 201 A= &4 19] 27138} 2]
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(Table 1) Entire data set

Year Up box Down Sum of year Ratio

2004 84 33 71 188

2005 172 37 40 249

2006 142 57 48 247

2007 132 61 53 246

Training 2008 55 65 128 248
Data 70%

Set 2009 151 55 47 253

2010 158 49 44 251

2011 101 45 102 248

2012 115 61 72 248

2013 23 19 14 56

Sum of training data 1,133 482 619 2,234

2013 69 50 72 191

Validation 2014 89 59 97 245
Data 30%

Set 2015 103 41 104 248

2016 156 48 70 274

Sum of Validation data 417 198 343 958

Sum of total 1,550 680 962 3,192

(Table 2) Example of trend analysis on sample data set,

Day Closing Price Moving Average(t = 25) Trend Type
2004-04-02 116.35 115.10 Up
2004-04-27 119.70 117.96 Up
2004-04-28 117.48 118.13 Boxed
2004-05-03 112.84 118.14 Boxed
2004-05-04 112.92 118.11 Down
2004-06-04 100.95 104.24 Down
2004-06-07 105.02 103.88 Boxed
2004-06-08 104.73 103.57 Boxed
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Trend analysis using MA
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(Figure 4) Example of trend analysis on sample data set,
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(Table 3) Candidate technical indicators

X1 X2 X3 X4 X5
Closing Price Return of KOSPI200 Transaction Volume Transaction Amount MA25
X6 X7 X8 X9 X10
PR GR RR TR Slow %K 5,3
X11 X12 X13 X14 X15
Slow %D 3 Price ROC ,14 MACD Oscillator 12,26,9 OSCP AD/Oscillator
X16 X17 X18 X19 X20
Momentum Disparity 5 Disparity 10 William %R CCI
X21 X22 X23 X24 X25
Return of CAC40 Return of DAX30 Return of Nasdaq Return of DOW US dollar exchange rate
X26 X27 X28
Reverse short-term 12 R long-term 24 CMO _10

(Table 4) Price range indicators

Variable Name Output formula
PR (He — L)Y 4In2
GR 0.511(H; — L)* - 0.019[(C; — O)(H; + L — 20) — (H; — O)(L« — O)] — 0.0383(C: — O’
RR H = 0) H - C) + (L~ 0O (L —C)
TR Max[(H; — L)’, (H: = Cu1)’s (Le = C
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(Table 5) Selected technical indicators

No Variable Output formula

X2 Return of KOSPI200 LN(C, / Cuy)

X3 Transaction Volume None

X6 PR (Ht — Lt)2/ 4In2

X7 GR 0.511(H: — Ly)* - 0.019[(C: — O)(H: + L — 20) — (H: — O)(Li — 0] — 0.0383(C; — Oy’
X10 Slow %K 5.3 {(current price — low price during the recent N period) / (high price during the recent N

period - low price during the recent N period)} * 100

X11 Slow %D 3 M period of moving average for {(current price — low price during the recent N period)
v / (high price during the recent N period - low price during the recent N period)} * 100

. It is an indicator to judge whether the current price is in an upward trend or a downward
X12 Price ROC ,14 . ; . . ELV ; ?
trend by comparing a price at a certain point in time with a current price.

X13 MACD Oscillator 12,26,9 | It is an indicator of the gap between the MACD and the signal.

X15 AD/Oscillator (Shon-tc'rm n-day moving average of A / D line - m of exponential moving average of
A / D line)
X18 Disparity 10 (Stock price / 10-day moving average)

An indicator of where the closing price of the day is located between high and low market

o
X19 William %R prices over a period of time, similar to Stochastics.

X20 ccl It 15 an ipdipator of how recent prices are offsct from moving average of average prices.
It is an indicator of the intensity and direction of the trend.

X26 Reverse short-term 12 Short-term government bond yield

X27 R long-term 24 Long-term government bond yield

X28 CMO _10 Collateralized Mortgage Obligations yield

(Table 6) Input / Removed Variables ® ° °©

Wilks's Lambda
Step Input Remove statistic Df1 Df2 Df3 SLa Significance

statistic Df1 Df2 a iy
1 X27 252 1 2 2231.0 3306.128 2 2231.0 0.000
2 X26 226 2 2 2231.0 1229.492 4 4460.0 0.000
3 X12 219 3 2 2231.0 844.078 6 4458.0 0.000
4 X20 216 4 2 2231.0 642.302 8 4456.0 0.000
5 X17 210 5 2 2231.0 526.741 10 4454.0 0.000
6 X3 207 6 2 2231.0 444337 12 4452.0 0.000
7 X13 205 7 2 2231.0 384.562 14 4450.0 0.000
8 X18 204 8 2 2231.0 338.078 16 4448.0 0.000
9 X7 203 9 2 2231.0 301.710 18 4446.0 0.000
10 X10 202 10 2 2231.0 272.737 20 4444.0 0.000
11 X19 .199 11 2 2231.0 250.349 22 4442.0 0.000
12 X2 .198 12 2 2231.0 230.855 24 4440.0 0.000
13 X11 197 13 2 2231.0 213.890 26 4438.0 0.000
14 X17 197 12 2 2231.0 231.632 24 4440.0 0.000
15 X28 .196 13 2 2231.0 215.019 26 4438.0 0.000
16 X15 195 14 2 2231.0 200.239 28 4436.0 0.000
17 X6 194 15 2 2231.0 187.420 30 4434.0 0.000

* The maximum number of steps is 50.
® The minimum F to enter is 3.84.
¢ The maximum fraction F to be removed is 2.71
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(Table 7) Hit ratio of proposed model and comparative model
Hit Ratio
Model Option
Train Test Valid
MDA Stepwise Selection 85.09% 79.85%
CBR k=6* 86.17% 84.66%
carr o o i | s
ANN h=18** 90.51% 87.05% 87.79%
MSVM RBF, C=10, ¢’=25 92.79% 88.52%
FS-MSVM RBF, C=64.00, 0’=19.88, FS=12%%* 94.45% 89.04%
GA-MSVM IS-MSVM RBF, C=73.65, 0°=3.18, IS=1115%*** 100.0% 90.50%
FIS-MSVM RBF, C=10, ¢°=1, FS=9, IS=1114 100.0% 92.17%

* k : the number of the nearest neighbors

** h : the number of the nodes in a hidden layer
**% FS : the number of the selected features
***% IS : the number of the selected instances
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(Table 8) Results from McNemar Test

CBR CART ANN MSVM FS-MSVM IS-MSVM FIS-MSVM

MDA 10.55%** 3.68* 53.07%** 45.13%** 45.60%** 60.01%** 72.81%**

CBR 3.73* 7.93%%* 10.71%** 16.16%** 27.01%** 42.01%**

CART 29.88%** 28.35%#* 30.18%*** 41.61%** 57.85%**

ANN 0.46 1.38 6.01%* 17.51%**

MSVM 0.28 3.9%* 11.45%**

FS-MSVM 2.01 9.14%%*
IS-MSVM 2.68*

* statistical significant at 10%, ** statistical significant at 5%, *** statistical significant at 1%
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Abstract

A Study on the Prediction Model of Stock Price Index
Trend based on GA-MSVM that Simultaneously
Optimizes Feature and Instance Selection

Jong-sik Lee* « Hyunchul Ahn**

There have been many studies on accurate stock market forecasting in academia for a long time, and
now there are also various forecasting models using various techniques. Recently, many attempts have been
made to predict the stock index using various machine learning methods including Deep Learning. Although
the fundamental analysis and the technical analysis method are used for the analysis of the traditional stock
investment transaction, the technical analysis method is more useful for the application of the short-term
transaction prediction or statistical and mathematical techniques. Most of the studies that have been
conducted using these technical indicators have studied the model of predicting stock prices by binary
classification - rising or falling - of stock market fluctuations in the future market (usually next trading
day). However, it is also true that this binary classification has many unfavorable aspects in predicting
trends, identifying trading signals, or signaling portfolio rebalancing.

In this study, we try to predict the stock index by expanding the stock index trend (upward trend,
boxed, downward trend) to the multiple classification system in the existing binary index method. In order
to solve this multi-classification problem, a technique such as Multinomial Logistic Regression Analysis
(MLOGIT), Multiple Discriminant Analysis (MDA) or Artificial Neural Networks (ANN) we propose an
optimization model using Genetic Algorithm as a wrapper for improving the performance of this model
using Multi-classification Support Vector Machines (MSVM), which has proved to be superior in prediction
performance. In particular, the proposed model named GA-MSVM is designed to maximize model
performance by optimizing not only the kernel function parameters of MSVM, but also the optimal
selection of input variables (feature selection) as well as instance selection. In order to verify the

performance of the proposed model, we applied the proposed method to the real data. The results show
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that the proposed method is more effective than the conventional multivariate SVM, which has been known
to show the best prediction performance up to now, as well as existing artificial intelligence / data mining
techniques such as MDA, MLOGIT, CBR, and it is confirmed that the prediction performance is better
than this. Especially, it has been confirmed that the ‘instance selection’ plays a very important role in
predicting the stock index trend, and it is confirmed that the improvement effect of the model is more
important than other factors.

To verify the usefulness of GA-MSVM, we applied it to Korea's real KOSPI200 stock index trend
forecast. Our research is primarily aimed at predicting trend segments to capture signal acquisition or
short-term trend transition points. The experimental data set includes technical indicators such as the price
and volatility index (2004 ~ 2017) and macroeconomic data (interest rate, exchange rate, S&P 500, etc.)
of KOSPI200 stock index in Korea. Using a variety of statistical methods including one-way ANOVA and
stepwise MDA, 15 indicators were selected as candidate independent variables. The dependent variable,
trend classification, was classified into three states: 1 (upward trend), 0 (boxed), and -1 (downward trend).
70% of the total data for each class was used for training and the remaining 30% was used for verifying.
To verify the performance of the proposed model, several comparative model experiments such as MDA,
MLOGIT, CBR, ANN and MSVM were conducted. MSVM has adopted the One-Against-One (OAO)
approach, which is known as the most accurate approach among the various MSVM approaches. Although
there are some limitations, the final experimental results demonstrate that the proposed model, GA-MSVM,

performs at a significantly higher level than all comparative models.

Key Words : Multiclass SVM, Genetic Algorithm, Feature Selection, Instance Selection, Stock Market

Index Trend Prediction
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