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FITE o187 HE 3 AFHE o) 8F TP TR AYYFo] Adde] me} 28 L BAAS o8 gaz
delo] B Tl AFHD Yot GF} FF duol g ok A4, a1 $A4 AF FUL Gsie] A A
Y 33 L 5L 223 Ao QoA A4 ARblga & £ Q. WEA 3S s HER Tg AAY B
A 710l F8 dF /gez AMg Ha Fri o] =Ro)ME KOSPI 200 A4E o] 43k 7|2 A8 dPore] o2
HHEN via F FRAAGRET QFUEYY SRR ANGT A5 B oZwoN FgAALe
GARCH 2%o| J3UZ%=gEtt 3 A%E dehiflor, v 924w 288 dEAe] d33ay dox
GARCH E3ET %2 ASYEEE HoZQch wepy o] £RdMe A247%% 28] tekd FeAAY =¥
(EGARCH E%. GARCH 2% 3 EWMA 23)7e] §3¢ Sl ¥gAel B34 2 o238y SA8 27 7}

3& AR Sich

20 WY A%, FHANALE By, J3aAe

..........................................................................................

I.M2 of o2t TR} FE71HEC] BAL 21 e
8% ole 7h&H sl KOSPI 200 F7H4 4
o MEGol Aoz 3t AAA He P
KOSPI(Korea Composite Stock Price Index) 2 #ele] Zad ot} wely Res HExy
200 F7RA ANl 19973 74 7Y AME  dE2e FgUlBEe] dra FYS dr] Yo
ol FHABS A A AT FEEE SRS FANE FAAH 24E Heo 4
A3 . olg A BYREANF J1Fe Wrh ASAQ ARME 2 Ex AP S0 U
2 1999978 20029714 49 44 AA 198 F3d saew 2@ 4 o)
AAGLEZN AAL FE3e BAZENNZoE 4 o WEE d3se FEANAY 2¥e Jp
FAAHSAARLAR). AFe] g2 AT & Morganrte] RiskMetrics(JP Morgan and Reu-
T ST ARl Bdte FAAEC] 21 ters, 1996)9M ZHIF A 4A oA

=ZHFY: 2004, 4 ARy e: 2005. 3



(Exponentially Weighted Moving Average:
EWMA) 283 320 o] AHHE LFP 224
Engle(1982) o] A|¢tdt p-at A71FA 217 o]
E2H Autoregressive Conditional Heteroscedasti-
city: ARCH(p)) B¥, °|& ¥utslsld Bollerslev
(1986)7F At Generalized ARCH(GARCH
(p,a)) B¥& A7 & & Aok =¥ GARCH =
ol dAe g ud g HFHLY
()Y AAAAE meEhA g dHS FH6
o Nelson(1991)°] A|¢t& Exponential GARCH
(EGARCH)E¥ 5 AAIEY 54 wdd o
3 279 BAHA Z¥Eo] AAH gt o}
g FEAAE 2352 AW (Econometrics)
o2 A BAo| shsstn ARe] S F
AR =S ugoz AR 49 7bssitt
E Aol du. AT AF&A 0] Wit me}
EEe A& W4 (market variable)E-& B2
A& (noise) & ZA Hlen ¥FAE dF3
glsto) melsioiol & P, FAFH HFEo| A
A2 371 stn e 84 &N F3AALRE

AAe dee Exo W %‘Z@ & 873t
2 3] R AW 3558 29 S A4 0
%5}717} ofdrie M2 } l” Ak, olg 2L

TEAAL E'-&‘—J HERZ QT dijtezA AT
’\\173 2 (Artificial Neural Network: ANN),
AL 8 Z(Genetic Algorithm: GA) ¢
A% 7IYEE o4 FHAAE 439 B
Aol FFHx U

AFNZHEH L H]E—;—ﬂ 7" (nonparametric
methods) 224 ©]&4 &<+ Fel(theoretical
functional form)§lo] AN B#E H& HMH

E% o]&% Y < (pattern learning)

611 AYE FHste 2¥oltt. olg 2 E’_%*«l

e re 4o o

rlo
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ol

EA4L o83l Hamid(2002)e A3ANE%HS
o] 43ted S&P 500 A8 WEHS A3t <

ml

AP 712 FEAALRY HlEe] Hol
¢ d428& Jeldde A% #2438 e
Brooks(1998) 59 %2 & 9 sl HFA
F40 Slojr] AFAAT BY] Hojd ZH <
453 uh ok

£ dfoMe 71E9 F3AAE HEY dF
749 EWMA, GARCH, EGARCH g3
TARGE TPt dEHE FINE F U

AZEAS Foto gof Hax gt 71E9 o
AT =8E0] B5A(parametric) THY FEA
AY 233 v 24d el AFANEE 2¥E &
HHoz AFFo N ANAGRYY dF8e
A & v AFstn v Armano, Marchesi,
and Murru, 2005). € 97& & 2389 &<
53 o3y PPl FUF S Fu ATE AP
2 A3 4L e Z2u 23N e JIE
9] MEA &5y 4 FERF st o] &
Jd 1F 2 FP AFE st 3R e & =
o] AetstA He AFNEAT-FENAE TR
of thate] o] Z FF WHEd dsio] Lo}
th. 4%, 5%¢XE KOSPI200 F#7H4 AAE
HolHE Abgsle 2 238& 53 AL 45
stz Ao il 243, dF =vdozA
KOSPI 200 F7H4 AAIE 549 tist] #4
& & g 2¥(ATAEY, GARCH(L, 1) %
EY2Y(NN-GARCH) & d& 2ARE 4=
sta W 8 BN 5SS uladte
24 B8R 9sld &y & FF AL 5
T 4358 AJNAY-F ALY RY T
o o238 v gEM NN-GARCH E3%st oy
2t EGARCH, EWMA 233 AFAATRH

o

r}m oaﬁ i _.l

B3t 34 X3S 20054 62



ABNZY-F

T%E2492 NN-EGARCH, NN-EWMA =¥zt
9 A58< vndct Zzte] 2¥d thst i3
A2 BT FEY BEAN 43S aE
CEW 7P} d5Yo] Hold FHRFA sty
gotdn 1 Ao dhste] EMst 67N &
Aol tig Z8E gkt

I, HSY OIS0IE MY o7 Y ofF
7

2.1 HEY o FE2H 0|ENT

2.1.1 A4 ANAE =¥

F43} o3
%%73741@3% 44 9 dledgd do 7
52 S8 pn o, 48, 4 5ol s
BES A BUE e dan a7 g2

9. 38099 WE4e Yoz vadge
z s a glon A9 24 fdez 1%
o oolel® A9e setels]l Aelel AaH W

¢

pare)
3, 4BBA, AR L uzAR B AEEA
(Changing variance) ¥ F%4H& R¥33lo
AMAGY MEARE dSsln 2 W3S BARcR

4% 4 o
AZAA 5AT o2 WEA HAF(volatility
clustering) & F7A4& me(fat tai)54& %
AAEE ZAREAY] BN 23 §ly)
0}04 Engle(1982)& th&3 %2 p-at 27]3]
AY 2AFEA2E (Autoregressive Conditional

Heteroscedasticity model: ARCH(p)) 232

HASATT 734 ®3E 20054 63

BAAIE =2¥s 0|88t

KOSP| 200 F7ix|52) HEY oS

Atetdct, 22 ARCH(p)B8o 2 ¥EAS &
Aske 74+ AAHlag) pE ZA Ao 3= A
gko] glomz fjote g Bollerslev(1986)= ARCH
< dulslsle GARCH(p,q) 28 (generalized
ARCH)% A skl dwkgo® GARCHEE

< dAFYEY AA(residual) @] AFo| vl

TYEY WEHd YL vAA Ho zARA

8o g A0 H(+)AA R (-)AA e A

Hj oo

glo] & gAAYd EHE JHHA d. o
& Hes ”’?513}04 Nelson(1991)—°— EGARCH
(generalized ARCH)2% < Aj¢tatdrt,

A¢A olF7bsH ¥ (Exponentially Weighted
Moving Average: EWMA)2 329 289 ¢
B2 gug R 7|70} ¥gE #A A
g9 7] 4& 7EAE Fe el o A
Y2 JP MorganAte] RiskMetrics(JP Morgan
and Reuters, 1996) oA E43 A wyosg
A8 2338 & Ao

a8y, o9 2 FHAAE 2¥d EAE%E
BEA uEe 288 A4S AR Wl gig AL
o] Y53, FYAEI} /e BXo) Ui 44
7ol 8E™, AFH weol A M) &
e Afole At F4 B o2go] g
(Blum and Langley, 1997: Liu and Modota,
1998).

2.1.2 937
2y

D(Artificial Neural Network)

VEABEL AeATe & Bob2A A3t Ty
o AE4H FFPHE 2, AFEHE 8o F A
e =
5] L=
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A2 (McCulloch and Pitts, 1943), 1958 &
AL o8 HZo AF AEF L] AAH
o™ (Rosenblatt, 1958), ©1¥F B 4% =2
d d3eFo] AT AtHHecht-Nielsen, 1990).
gHiLokol AlZtE o] 90 ATl RE AG e =3
71 AFgon Qzte Ay, AAFHE
wale] B o9 AHE 5o U4E Hes
|85t BAE Adstart she Wgolth. AT
ALE 59 #4843 54 A2 e, 23
¥4 (fault tolerance)® 7#-34(adaptability)
oy, AFAARL st Azl FA7L opd o
9} :Z(PE, Processing Element)E9 333

S 59 A Hoz E4Ad AS2REH TG
3 it AR E & § g, ogd AL A
£A9 g5S B3 X E WAIIBA J{E
2dS TEY wEA ogd SAES o83y
HZ AT Eoko MFA dF 2 B YA F
o 7HEZAR dojM e d7vt AgEojen
qom FEFE Robd g23a B =FEMN 1
T840 A3 4% Hu U

ATNZEYE ol 8d FeAAYE d+= F7HA
F, olAE, FA AR FolM EusA AgHn
tH(Yao, Li, and Tan, 2002). 4344 %F 7]
W o] &g F4 AF &L kgt AFAAT
F8E ol &3t FE FIHAF 5
g kg WSl dig A3t FE o)F1 Ut
(Kim and Han, 2000).

Kimoto, Asakawa, Yoda and Takeoka(1990)
t AFANA%Y gy dmalFE (modular neural
network) & °©]-88t4q F4F7F4(TOPIX: Tokyo
stock exchange prices index) d&AIAEE i
dalglon, ol ggd AFRUE Aole] #A

o &g F¥ dzuEe olgdld. Kamijo

H 8 ol

[

686

Y - o|"E - ol T

and Tanigawa(1990)< recurrent neural net-
works ©] &85 2™ Ahmadi(1990)= BEEH
Aol A7%E dwtsld dg&S o] &steq F4
AL dFstg). ol talq FIAFE o &t
AE AR dZd tig 7= A Ao gt
Choi et al.,(1995)9} Trippi(1992)= AFAA

zstgdom, Duke and Long(1993)= =43%
) AAME Sd Yt &S AT 2HA oA
AALE o] 43 AnE HFAL

2.2 SENAIE SHZY 2Et J|1E AT

HIZY ATFEL AFATIHEET € AFAS
718 2 BAY o 5 23S ALz 3l
o}, Hiemstra(1995)= HAAATEBA2HE o]
L3t FAANFY £AE dSUYPS AgstA
Je A3AAGT HA) E=2le A% 2¥o] HA
FIAt did Age SSAEZ] dd] ol
o BN E 249 & + A& E9FUT. Tsaih,
Hsu and Lai(1998)& &wlo]A 713} <137
1 o] 83l S&P 500 F7AFAEY] 47t ¥
uleES- o} 2519t} Kohara, Ishikawa, Fukuhara
and Nakamura(1997)& 8&F#A4d FAAR
d &) AHE FHAII7] Astd ARAAAE F0L
e SHES ANIE T, ey, ol

T

0

Of

WA ES w3 FAAIZe] Wit o] 29} EtY
g EAol 7std FAU AR S BAF
Ak, Lawrence, Tsoi and Giles(1996)& 417
o] g5AdM 2 ko2t e AF AA
e g -5 A34E Jehly] ofdEE AA

shsit.

AL R FHAAE 2F9 A 3l

x

AT x34A H3E 20054 6%



dc A = d7Ue ¢ 974
1996 |[Bolland WABEET AT TY Aol & o] faled AFNAY gt
and Burgess AEE 2yl 93 FFRG 48 AAE By

34174 %3 GE, GARCH 282 o]&3la F7Ix|$ HMEA 42
124175 o2y 9 2 34 gl
I, 9T, dEFAAIRY NEFA HEAS 238 e GARCH, MAS
AP 285 AZAAY BHo o243 vl

/é]?é Lg] B]/dsix% z_q- g] al /HJ,]. §_|Lo1
1998 | Tsaih, Hsu and Lai | 8¥lo]2 7IH# AFAUAGE o]&3ted S&P 500 F7IAIFAEe 47t e
dZ

1996 | Weigend
and Shi

1997 | Donaldson
and Kamstra

R )

)

2

1998 |Brooks GARCH, EGARCHSY 71& W1%A 283 JdFA4% 238 vlg
AFAHEY AHHSFEA t-1, t-27]9 HEA ALE
AFAHEHY &8 29 Bl
1987 "= ek Al A Fd e 2y
1999 |Hu GARCH, EGARCH, IGARCH, MAVE#Z o|838}9 EMS(European Monetary
and Tsoukalas System)9 && WEAY 4=
&S ATAE Y Yt HEA dS
EGARCH, ANNEYY] o =2 29 &9l
a}

2002 {Hamid %"435’] AYRY AFAHALE o]t S&P 500 AF e HEY 92
and Zahid 1731k 011—‘31 +9 #

2005 | Armano, Marchesi, T7}Z]'r‘ &S AT GA-AAEY AFEE AA
and Murru

88 AL oud WAoo F BYS B AFEorEM QAR FFAALRIEL BT
YU ste WEEolth 71EY] AFAAYT FEA T ATNAY-FTEANALEGRE MLy 284
ACRE 28T =F5L (FE DM & &30 & 97 39t 538 Hu% Tsoukalas(1999'&
© Hhgh go] F 2F o3 wimt JAFAAT A FEAALREA sl 29 HEAHL
T ol8std AF MFE dE5tn o] ieE AT ATAAYR AGHAA HELL d3de 3
Y JHErEA 2EoEM A He 7tE RS AASl 4288 3 e 284
AR Fgold dZ8(prediction accuracy)BFY  AYRH] it TEE dEZgEo] ATAAY
of FAPE Fol sirh ZEo o3 HEA dlSo duptE 7o dtEt
7189 9TES JFUEUEEE o83 dF U AWt 2oL A
g Ase 44 Agdoles o4 dFEAS AZNETE o] 48 ATE HEA =Wl o}
ot et e (Hamid. 2002) ¥%F 388 Y&t £/ (Kim and Han, 2000: Armano,
BT 34 N32 20054 6Y 687
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Marchesi, and Murru, 2005), olz-&< #3t
A dZ(0h and Han, 2000)5°l oAM= ok
A A Hof sk o3 o @?59—
AFAAYE 7189 AF € FETE Zopd &
48 5 Jde g IAE ANstA FUen |
A AFRPeR FE3 A9 & gl AF ¢

& 5o Hopol glojA thidoz g Ay
7} A8 =3 gl

Il QIZARL-IBAIAE SEHZE
AFAATE ol&3 WY 39 Yol 71E

o =259 A 3 s ATAEF A7} A
BARAC A% 3 g % gk @A

8¢ 2%E 1A
4 Al 3101/‘1 ojmg s A
Ello}‘il"k %}Zl HEA AgHee ey < Fdt
o dHTE A7) fEd AHAER st
A 8ol ZRE e A A 2
Hed i FFFE 7 AA 2 Aol AMde]
o ool g AR ‘V“JHH daes a2

. ]
7] S8t AR WhEA A1 (repetitive
& FEAAEREE o]
g4 F%%‘*JBI e
grgel dZFd Fd

$3iol WEE F2Y0R
2 94 St 9347
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e HMee g I4~2742 452 +
% £33 71E AdFAME oY
Aot do] ¥

2 327 A7
%o HAel UREe 1%314 2 A7 2

A
AERE F GARCH(1,1) E¥o] WEde] W
A (direction)d 2 9lojA $438ltt= A3 wiE
24 )\]zsgzl—_q_oﬂ 4{1 @)\276‘{0 HZ]X] 9%—9: o)z

A73% 238 (simplest neural network model)
o] dZo] H&A (precision)d] YoIM St
T Ao Atsld F 2F S AN oEN B8
A3 A3 FAd &Y A F e FedE

USSEF At} o|8AeR AFAAEEL oy
g A&t 2AE £ de FEE M2 i
on olyd FAA (flexibility) S o]&38ld 2§
AALRE S 835 2AE & Ut webs ¥bF
4 dEFEFYA GARCH(1,1) 23 A #
e WkezA GARCH(1,1) ¥ 93lq =
28 HUFES QA Y ez A
HEAY HYE ATNAEARE Bl FHE +
Aom =2d Wit opet WEA dF gl
FFE VA= AFATES AZAETY g
2A gt gEAFioEN o 5HE ot a4
Aoz A =24 & + JA do. w2 GARCH

JEYE o] 83 AFAAT sy A

o

—_
—

(NN-GARCH, NN-EGARCH, NN-EWMA)%
o BE B olm@ FERDo) Y Holut
23S dehied AL Sa d2 P4l 4
ol st} BAR o BAGT

AR, QA 5330 Sotd EeIAKOSP

AT x34A H3E 200513 62
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oIBAHY

ABUZBY-ZAAE 2HE 085 KOSPI 200 F7ix|el SEM o%

1200 F71A15) 9 et 26
He AFAARY =
By & ofj &3 43}

AAY #8492 Bl
R SECR
$U% 47 XS A4

o2x AFANA % Black Box EAEZHEE
5 oAdF ol diF =g 24E AN wjA)
gt

A% 22 A7 FHo| st JFANAY-2F
AAE THRFEE AQkev o249 AgRdE
< g3 2,
3.1 213414 - GARCH &8z28

(NN-GARCH Model)

AFAZEH-GARCH 53239 #4L2 GARCH
YL B dod FFAAERE S 0136}&1
dZgo] Hojd WFLE &2 st Uk g
o FEAAEEE L GARCH(1,1)R3e=z 7\‘——_]"
2¥3 & 4 vm geiA Jemz $MzEow

GARCH(1,1) B28Z olg&stoq
o B3 v AALAAEEYE F¢ GARCH
(LDEZ9 #A4L d&3 2o,

2 2 2
o) =ag+ae+ pio,

GARCH(1,1)R8L 72
meter) & AMEE EBFen 2 d2(lag)d
ARCH RE¥Z FHste AY #A &35 714
2o, m2bA KOSPI 200 2|49} o] W4 3
T TEe 711% nZ(fat tai)d 54& #e A
ALS ZAFENY BHAM 283} 87 YaiA
GARCH(I 1 2¥< oj&stes Aol HEdtn
Atk 67 BA A8E uge2 33 one-
period ahead forecast ZZ% E4tolt}, olzjsl

9 #2718 (para-

HASAT 5344 ®3% 20054 68

2 A e W

© ooy coH ZAR WEY A%
c g2 1 t-1 AREATANA Y AaH(residual)
-1 AR(FTNA) G MEA AE

v [¢]
= d3sted oA FEAAE REE o] Lsld
27 dBAA (relation) T 21 Y& F 749
%4\‘5,«2_13”}‘ 0'2_ = F2% ¢+ %oy o] HFEL
2%t a3 Bl ok 238 3 4 WareA
AFAUAEY Z¥ol Xg=A dr). Aj2o] 324
Hsse 0ed 2g
* Oy —,510'12-1
* &y —0‘15:21

2d9 oi]:é,lg 7H’$_3P7] A3t
%}g}ﬂ.ﬁ:g] 5576] ]T(al .31) &

222 AH 295 BH BG A N

GARCH 2%9 2%+ F8ANAEEYE S o] 43l
o $AHR H5AE dFsn °]€1§} 7VEA ol
gate 238 o, & JYWFE YYsty A

371 WEol SEAgd ‘01*1 2249 sdE
PR ok B M2 HFEM 2 &
2ot e dgtezy 453 P4 A
4 7 90 olgd HFd sl A 2 &
2 d5Hd dig AnE dolry] Yld 3

oy o
(i
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ZEff - o|8iE - Biol7

sus o2, 52, o188 N2 9gus
(N3E5)s WA A AA 29 we 3
£ 9ot wEE 9o

3.2. OIBAHY - EGARCHEH2Y

(NN-EGARCH Model)

AFAAU-EGARCH 8=2%< 842 GARCH
239 Aok 2ARES A dHS At
td sith. EGARCH 2#& Nelson(1991)ei
dale] AgE TPo AN ZAREAY] AAYL
23 2t

mol=a+fhnc},
N | LTS fi
0-'__1 T

EGARCH 23<& GARCH(1,1)ol- AH& &
A9 HAAQ A2 EH (asymmetric shock)
Z g9 & E9 3ige] U 719 FYEH
A& 3A sk WA T (leverage effect)
49 T 4 st A wANY S ag)
EAol A& A 93l HgAFoR ¥k
' AL AY & £ F W] diEeld. g
EGARCHE# o2 #|2haQl 205242% GARCH
2N A & & JAD vAAY FELEH
g A4z 49 & & . EGARCH &%
& 99 4 e HFER JErd 4 Ut

rle

v ZA% WEY 45

o oty -1 AP @A) A 2ag

690

o | [Em fi
o, i
WA 4 kg

€4

] D HWA B 7 o

: ¥ glA] & (leverage effect)

t-1

2o
lo

Ho
A
1 rk
A

=
=X
8

of ot 2HE F ATAUEEF =

A of TFHA dch. M2o] 29 ¥

> o8 rlo
wn o
glo &

rlo
5o
o4y
m
K

’
e Inocl, =B8ho},

g, |2

o LE (leverage - effect ) = }{
o, T

o L(leverage )= o i1

t=1

e 478 A AFNFPS A5 Y
JLe WAL gHAAFEA 1 AR

B & e ol gl AFEAFE o4 o
F& AFELE0l °]&HUY. NN-EGARCHE
o= EGARCH RE#& ©o|-838t9 Leverage
9} Leverage Effect® 43 ¥ 4 gle AMEL W
TE FE2T Ao] &9 JFANAY RYEH T
Holgln & 4 JAY. N2 HFEd 9T &
&4 2 d3Yd g @34% golr 7] st F
FEAEF mol, ,LE,LE °83d 7E
o gFuissl oA g AlA 5Y Ws P
Lo} T F o}

AUt M34A H3E 20054 68



AIZAAA-FEAAY 2HE 0188 KOSPI 200 F74x|5=2| ¥igd o&

3.3 2izAdY - EWMA 32
(NN-EWMA Model)
ABAAF-EWMA SRl AL WEH A
AQe A9 AR o BE FAE Holsld]
HEAd Qo] WAA §49S TARE WS
£2 shed gk ASA ol5AEHE(EWMA)
o wEy WAL et Bt

P=do i+ (- el

EWMAE FAEGE 84 3o o g2 u5e
FoEA AAMFHCE 4% 284 RS 29
Fe 3948 JehiH 232 T iY HgEA Y
Ehd F Sl

s ol -l AREZ AR Y B AF
s t-1 AR EE A3 3 (residual)

2
* &

AFAZE 2709 A
on ztzte] MFEL
(1 A)dl| ojste] 273

o XA &
7 2.

EWMA 23ol ol3to] 328 W& ol &
£ GARCH(1,1)2¥d 98 328 H4+Ed

ZHStI T M34A 32 20054 69

%% 25¢ Ushla gAT F 2Ye =
24 AQAN A2 g2 A ozTa F09
o %

? l‘:} %, GARCH(l DEZ 23A

o 23As oA EWMAE‘?}‘S *%%‘ Ch
AE 0.94, 0.97, 0.99522 g9z 239
HA9 o2 g oA €} mety F 23
o 7zt 23AFE AXTHYE £ AAYL ZHoA 7|
dAoz ofulshe whr} B2y g Az te
A 5yosre 521 WSS 2HL 4]
wate] oz oud BFo] g5y e Wy
£ ¥ 5 deAE %} T ‘A’l'E}. a3z
2 YN £29 T W% o)y | &L o] &3
o 71&9 YgHASe A gFAA & REE
7 o Z3 9 Aol Hlwd| BuAt )

|

()
B!

A

J_

m\m
i

F

\'Y AlS

[ — R~ |

4.1 &% dole Xtz

HEA &g At B A7 AHEE KOSPI
200 F7HA4 dole 2 34 98 A s
T d5FEAHL KOSPI 200 F7H44 BAA
829 KOSPI 200 4 ¥4 AugdA 25§ o]
23l on 717E2 19999 19 129%H 20034
64 1997419 F7HAF AAE 1,090/ o
o2 A, 2uA $dg HolgHe =
(www.bondweb.co.kr) databaseZ °]&3]t}.
Zt 239 NAY 432 943 d¥AsdlHe
(B 29 2o,
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ey - ol - EolT

(B 2) NAIY o522 I8t AEXIZH 0lE
dlolE} E 225 4
273 + 1999.1.12~2002.10.25 KOSPI 200F7¥A14* Al A (93071)
o Bl + 2002.10.28~2003.6.19 KOSPI 20057k AlAE (16070)
&3 4d 22A4HY KOSPI 200 F7HA+AEA

4.2 48 28 ¥ 1j™

FHANALREY d=FHo Ui A

<A KOSPI 200 F7HA4 Al
ﬁl% ﬂlOlEioﬂ U3 B4 Sl FHAALRY
o g3l tiet AF drh teeE 2 4T
A EERYE o|&F 45y A5l disto
AFAZAY, GARCH(1,1) B8, a2z dF47A
123 9 T 2¥S 53¢ NN-GARCH(1,1)9
d&gd] st BN AR o] ARE upg
°2 GARCH(1,1) °l199] F¥EFH(EGARCH,
EWMA)o] tistd ZFEHZ 458 vug To
ZA 71 o &8o] Hojd BRHEHE AAstnA
gtk (E 3)e 2 ASEANA #33 He= A
% B4 By 5d st Fd Folth

ASEN B A F /RE JEdE F 3l
o M, ZEAEHHE o] &3t AFANAT,
GARCH(1,.1)2¥, 93474 %-GARCHEZEH

(NN-GARCH)Y] A4&3& &4 (precision), ¥
& (direction) AFellX MAE, AFEE4 (hit ratio
analysis)& o] &3tq Blw £A3td Bu, F¥
2PE Bt AT HIPARAAAN 5
< PN F des ¥ol £ 222 NN-
GARCHSY T2 Q3N AY-ZF8AAEEHREY
(NN-EGARCH, NN-EWMA)E7te] o33 b
g Fotoq oud FHRFPe] 7 fZHo] |
ol dAld] thsle] Yoz 1 oo thate] EA
A 2AE ot A

4.2.1 AALEY AR3REA (Realized Volatility)
A A

rE

&

2
=

Lo

3 B30 g3 dz8 wgqel 44
@31 Q3T G5E Add o

2 AdY Fote] AA] KOSPI200 F7}

o
2498 539

wo oX
=

ofd

2
e

272

A%

re
il
0o

2} (standard deviation)

+ GARCH(1.1)

. Q307

E-X=- Rt By
454 vz . A3AAW-GARCH 5328 (NN-CARCH)
— . Q1ZA7A%-CARCH £% %% (NN-CARCH)
gz ‘;]‘ - + AFNAF-EGARCH £¥%% (NN-EGARCH)
oo AZYAW-EWMA E828 (NN-EWMA)

692

ZHEAT ®347 M3E 20054 62



ABUZBY-BEAAY 2YE 083 KOSPI 200 F7Hx|39f ¢igy of%

€ AHFAQ 4¥d ¥E4oE A8dd. $o8 A SlolA 71AZFEE AP A5 A3
o AFARFHE AN 9T FHe e B oiet AR A% W¥Y 1
2, 01

oF BT} Hepd E AT o 1—5— CES
<t EATH) WEH 37 0w

A=

-E
nqmé—u_wﬁ

549 WS M2 Hh’!’-o}—— AF
A (Hit ratio Analysis)S AA) gt} ubd
ofef o} #}.

2 B

rlo Hm NS 1) }—rl Ay
offt

TRV . = f-—Z(r,k
t k=1

TRV : True Realized Volatility, AFEA #WEA4
Tt A olFe R2YS(22A9Y) if (sign(o, —o,) = sign(c, — &,,),1,0)

F o= —Z oo st A OlE 22 AdY B9

Al& 5] A~ Aol E D—;‘ -
BRE AT FEEA BT 40w 1o wasn ded 02 wasd 44 d

A9R AFREELE 298 AgYy we o 1o T A% S
" B x\/_ 4 forecast9t o] Azte] we} dloje] MZe dx
oy °(wind0w)% A&Hoz ANNAA e 79
ste A9 W vlae 3N
6‘4 d3Axe AduEs, a8l
AERFAAT AZAHY 42
M2 Haste Aomz 9o
k= ‘4’0“3"} %LC’] FEd

22 days =

4oz vehigd.

tlo
o
ojo
o,
2
o
Do
X
&
me,
E qQ

8 HE% (accuracy) B4 A2 2 BiEA9
&% F#E(accuracy) S ®lmatrl Y&
23 ETEA ofgfet 2 A g

if (sign(o, —o,_,) = sign(c, —o,_;),1,0)
MAE(Mean Absolute Error)E& Ap&gic} S ! o

1 4.3 KOSP! 200 F71x|5:9| AAHIEE EAEA
MAE = ?Z 5

o-r_o-ll

W54 A3 A% AAY 23 Hde 4Py
£ 239 dale] 38 27499 o o4%E oy dakal KOSPI 200 F7HAI%
Z 9%, o= AA vy 22A49d F 930709} ®l°]E1(1999.1.12~2002.10.25)8 %
%t AFAH YW WEY, Te 42 2uoe2 Feku, ADF 23 L ARCH LM 3
A9l % A%E vehae, AE B3] AAD 54 s,

[au2
Q

» WG (HFE, Hit ratio) ¥4 H34 4

HHUSHT #3478 M3E 20054 63 693



ey - o|=E - HHolF

4.3.1 ADF %%

ADF(Augmented Dickey-Fuller)d% 2 A4l
de] AP ARE Hrlete WHe2 di] 29
T A2 KOSPI 200 F7HA49 44 A7)
d& HBA AAE AAR (2% 1)& KOSPI
200 F7HA ¢ 9E A5E BAF3 o

ADF(Augmented Dickey-Fuller) 33243 (X
4y} #o] @9 (unit root)o] EATEZ HE
o] B3 E<H¥&(nonstationary) AALYS
2 & Aot g ESHATE AAES A A
AEZE wgsy] dst] dal 2ol WHF 3
Ul & Aldel did AddS g AES Hste
KOSPI200 A& #9& AAGS o832 &

(a8 1) KOSPI 200 F7HxI

0. A559 89 AUS g w2t

(a8 2)e FEFUNY ALFdgY Addie
AAEE Jdebd Aoldt,

(R 5)9 ADF H2E A7 9 (29 2)4A &
F e A Zo] FFE FHLE dxE A
2 (stationary) AlAIEYE & & ok

ANAIE

KOSPI 200 INDEX

140

120

100

80 -

-----------------------------------

------------------------- | RARASSARAS RARES R

1CD 2(1) 300 400 SGD 6CX) 700 800 QX)

* dlo]8 AlAE 1999.1.12 ~ 2002.10.25(9307H)

(& 4) KOSPI200%|2f AlAlE ot AE

ADF Test Statistic -1.929573

1% Critical Value* -3.4401
5% Critical Value -2.8651
10% Critical Value -2.5687
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ASUEY-F

(38 2) KOSPI 200 F7}x|5

BAAE 22 0|85 KOSPI 200 F7ix|49 HEY ofd

TOUE Xt AAIE

KOSPI200 INDEX Return

0.10

0.05

0.00

-0.05

-0.10

0.15 L S—

vvvvvvvvvvvvvvvvvvvvvvvvvvvv I AAARNRARRS RESARRAR]

"400 200 ' 300 400 ' 500 @ 600 ' 700 @ 800 ' 900
diolH AIAIE 1999.1.12 ~ 2002.10.25(93071)

(& 5) KOSPI200%|5 £AE

AAIE oty HE

ADF Test Statistic -29.15477

1% Critical Value® -2.5679
5% Critical Value -1.9397
10% Critical Value -1.6158

4.3.2 ARCH LM %

AAGe o]EA0] AeAS HAES] sl
ARCH LM Z%(Autoregressive Conditional
Heteroscedasticity Lagrange Multiplier test)
£ AAJg,

(& 69 2394 ¢ 4 3i%°] ARCH-LMZAH

(& 6) b-lag ARCH-LM ZiH Zz}

9| AF7HIQ BAAA] o] #atge] glhe 7ML
5%9 ol FEL2 J|AHER 5AA71R] o BA
Aol EAE BAAA] EE lagged squared
residual®] joint significance &% F $4 %
o3t frede ¢ 4 Aok =k KOSPI200
7\]" ANALY WEAHL ARCH 2¥o] Hee

T Jon B =F4M AHsE GARCH(1,1)

ARCH Test: 5-lag

2.3453
11.6543

F-statistic
Obs*R-squared

0.0396
0.0398

p-value
p-value

#) F-statistic: omitted variable test for the joint significance of all lagged squared residuals. .
Obs*R-squared: Engle's LM test statistic, computed as the number of observation times the R square from

the test regression.

AHSAT H34A ®M3E 20054 63
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LEfY - ofeE - lolT

£2 ddAdg & Fétd ARCH()2E
2 Jehd 4 JeBZE GARCH(1,1)22 ¥WF
& Fste Aol Bt Hesittn & ot

4.4 A341ZY Fxz| & Sanky

FEAALEENN EEHE ¥5E AT A
4 M (market variables)e FdA A0l
A AZshe BAUEE AR AF stRen
AAZ WA 435S AT ARER AHRHE tﬂ°l
HEWS A% siglch. 4304 T e g
7b Bol AFE ggdled A8FHE ATl ~7}
A =9 diolelrt AFAE Y Set 2HHE
2dE AUAA AAF (overfit)stA] 2 £ of
Yt FaskA & AR b5 A4 9sie
EZRxge]l 48& ¥ He 4E3HE JepA T
2 d79 9y %“- M4E Kean(1993)] A<t
U& & AsFAAGHlEM )9 10% w7t
ol 13 3 ?%S’Jct}.
A% Q5SS gos AR A s
HH BE ¥ g He| FBASFIY -5%
~5%9 F74& Wolude ¥Y(Hamid, 2002)°l

o}

W
2
2

1o
i
[t
(K
offt
oX

gopz 9 Wsrgol

b idn 24 % F

ddetr] Astd 13

(contrlbutlon

o 2 Wse

8RBT Ju
At G WY el
ol g3t} s FU=

bsled B9 p-valueZ} 0.05 2
zelujdH#, KOSPI200 37K+ ¢

9§, KOSPI200 F7 A%, HA1AAL KOSPIZOO

F7HA T A
9 g

AA 7] Astd 79 d8E BF
3 AVIZ @ BF I3 FAEET of

st

e e G 9

B
2p= 3

dloJe| HA gl dlojg ®
Hlole] A3 Normalization), °1/33-&A414 (Smoo-

thing)9 €A AgdAc} =
TE Eﬂo}‘# 574]“4°i A
A7) ety AL Y
Ei WA 7)7] Y] ol
Al BT o3RS
of thstqd #AVL F

4y e > r

frag W

AL o & gt AW 92

o}

L_ 0

4% Whe RS
ek

mlm ml
ﬂ
A

st 224 JHAE 9

o
oA EPAA o e oo gy se T
2

G PR AARPor H

e A7) 3
Fo] ¥FE

3K Transformation),

2 drddM e dgd

$9% $¥S 2

t1
Ju

-lo i

=

=

373
el
/\C}.

AA Bl ¢
IMF #Zd 9% o]

(B 7) e Ao 24 9 F3l7 24
d g ARR A FEAS t p-value of t

A 12]a KOSPI2005 744 0.1956 -0.8212 0.4116
FaA1d 8 0.5108 -2.6764 0.0075
Sa3719 :Fg}g- 0.5477 7.7487 0

Ll Rl -0.3935 2.8942 0.0038
Bl Rl -0.3867 2.1194 0.0342
IR -0.3892 -2.1888 0.0288
=zelu|gg T 0.3469 1.6703 0.0951
KOSPI20057 A4 0.1868 0.8305 0.4064
KOSPI200F7¥A 4= 9 & -0.0767 -1.1632 0.2449
KOSPI200F7tA14 9§ #F 0.2474 5.4709 0
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ABNFY-IRANY LYS 0183 KOSPI 200 Foix|sof HEY A&

HEAH 2& 5olg 3ol #F HA gstenz
£ oM e At s Pgsita 7H skt

£ A7l AM3h= back-propagation network®
duHAQl 3 layer B¥S AMESE 243 neurond
Meg 24 2% 82 489 1/2n, n, 3/2n,
2n+1(n: YA Ae) 2 238 70 AET
F 718 dEgo] Holt Aoz Agsigiy,

AFANEY A4¥E 95t Neuroshell I Ver.
408 4y 2ZEYo|2 A1&slg)

4.5 FBAAZRYE ol At 3

4.5.1 Q934AD-CARCH 53238 (NN-CARCH
mode]) ¥FWF

(F 8= 19993 1€ 129%H 20024 10¥€
259712 KOSPI200 F7HA4:2] 49 AJAQ4A

2 7122 A9 GARCH(1,1) 239 273 2
ol o},

2 _ 2 2
g, =, +algt—l +ﬂlo-r—l

o7 =0.0000605+0.0647852, +0.83661 52,

=% 24,

o 0}, =0.836611c,

o £}, =0.064785¢7,

4.5.2 AFAAY-EGARCH 323
(NN-EGARCH model)9) ¢gd4

(& 9= EGARCH(L,1) 239 34 ZAdjo|t},

g!—l _ ’_2_ +w gr—l
al—l 7 UI—]

Ino} =-0.842489 +0.900850 Ino?,

Ino}! =a+pfnc}, +7[

£, 2

+0.138036[

J ~0.062328 £

T 4 o,

EGARCHel st =28 eilse dodt
Zt

« Inc?, =0.900850In5?,

¢+ LE(leverage— effect)

= 0.138036[8’—“— 3J
o, 4
H(1,1)el ¢l =29 Q8Edse
GARCH(1,1)l 93td =Zd 4fdge o « L(leverage) = —0.062328 i
1-1
(& 8) Bl o&2 st GARCH(1.1) 28 FXZnt
Variables Coefficient Std. Error z-Statistic Prob
C 0.000415 0.000738 0.561778 0.5743
a, 0.000061 0.000025 2.454428 0.0141
a, 0.064785 0.018685 3.467262 0.0005
B 0.836611 0.056275 14.86659 0.0000

(717} + 1999.1.12~2002.10.25)

HASAT x34A ®3% 20054 68
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LEfE - o|fE - Fiolp

(E 9) iy o8 s EGARCH 2 F&zxt
Variables Coefficient Std. Error z-Statistic Prob.
a -0.842489 0.270755 -3.111630 0.0019
4 0.138036 0.035777 3.858272 0.0001
w -0.062328 0.016104 -3.870452 0.0001
B 0.900850 0.033850 26.61323 0.0000

(717F + 1999.1.12~2002.10.25)

4.5.3 AFV73H-EWMA 52
(NN-EWMA)9| g+

o 0}, =09707,
. 82, =0.0362,

EWMA 2% 33& HAsld A(2F985)E

0.972 A9 M EWMAS test oy 454 2RI UREE A% o AR

A 2954 g} 29 H& JAAHE Felt
o2 =0.970%, +(1-0.97)¢’, o Bd (F 1007 2t T2E JHHEFE o
3 HEENES vEBY ) g8d sz =B

EWMAG 95l £29 deuiss ohen 20 ofq ALESEd NN(2W 93AARRE)REe

(B 10) 284 z&¥s 9 o 5an

2 g £3u5 9 g o4En
NN o o2, WEA AR glo] U oA WEA B
v o2, 2083661102, ¢ OANATY 2AY WEH WA A%
NN-GARCH -
o 52 Z 006478552, 0 ZUYNEFA Ha4g 9B ol A B Ak Ga
* o2, =0.900850Imc2, 1 OlAAEY 2O WY BA &
. L(leverage)=—0.062328£'—_‘: gwex] &3 8¢
O
NN-EGARCH '
o LE(leverage— effect)=0.13803 6( A ‘/ZD
o, V4
D ulelA) mTjo) o) gAY A0S g
v o2 209702, GIRAR MEA AL BN 24 B4
NN-EWMA ,
v g2 Z0.032, 1 oA WA 99 ABK 24 &
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27} AAeH NN B8 287 o33 wag
fated o] Fol AZEHG UoIH A% A8t
2 @

V. g

6.1 tigd 280 2% e

€ #3L dFAUA4E, GARCH(1,1), 9347
#-GARCH(1,1) (NN-GARCH)2& <] &8 ]
2E Foto] AR, Y BN A3V
3 GARCH(1,1)239] "c}’x‘i"é—% NN-GARCH
2EE ol 78 & F U2 89 . o8
14‘5‘}01 (F 2)9] AF73H) 151% o]4ste] A
@ A7 tete o3 umRA S AT

E}. °of ¥ TR Hl’”\l°ﬂ\_ q&73< 160
& FHste] Ao i A= o7z o

(18 3) 2¥U

Ry Wy o &Po] 7
2 dFAs7t ARl g} 2
36%. GARCHUY| 17%9 Oﬂ—.—l
th. metA NN-GARCH, GARCH, NN

El

Y39 4540 givtn T & ¢

2 NNET GARCHEZY W4 o Zo]
o 5 239 F¥E F NN-GARCH
NNEZ ] 3y €333 GARCH 23
2 AT 28 yE

5.1.2 A &8A ¥l (precision comparison)

(a8 4=

e o5 vln

Hit ratio(%) ut & A (Hit ratio) Bl 2

AT},

100%

90%

80%
70% \\

60%
\ﬁ\—ﬂ\ﬁ'—’_____————ﬁ
50%

anessS N —
40% = =
30% @
20%
10%
0%
10 20 30 40 50

—>— GARCH —8—NN —&—NN-GARCH

FH el d o FR S

HABoITL 347 F3% 20054 6¥

60

E1 2003‘4 1¥
GARCH

EM‘%D% 4 Al
Hog NNuiH]
e YEd
TH R

. e

ok

2y

oo

2002 10¥ 284%E 20034 1
4 239714 60839 43 FE=E

H] 23}
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ElY - olE% - #eolT

(38 4) oiF 7Y MAE Bl

MAE
4
3.5 =
3 \\
2.5 \"_“ﬁ',’_ﬂ
2
1.5
1
0.5 == - 2 e "— — ]
0 * ; ‘
10 20 30 40 50 60

—A— GARCH —8—NN —>—NN-GARCH

8 A ASAS

iit} GARCHE#Y &3] digt MAEZL o2

ZYo Hjgl] w2 AL ¢ F oW NN =
%‘ﬂl Hatled NN-GARCHE®S 2 A4 4
& 714 & 4 AT GARCH 289 H|dlde
I3 £Fo HExE P AL F S &
o},

b 99 23z wad, gAY £4E 53
o NN-GARCH E#o] NN R¥e HIwg
GARCHEZS] W3 oA38E FAld 33 A7)

' 289 ¢ & o o] AnE Hdd (R
113 2t}

agoz E 479 v #A 24 GARCHY S

FHAAYRE(EGARCH, EWMA)E Q34174

P o op

32

T 237 TFE B SeAALRE F o
HE 2¥3 BHE AeAET 2P dFHo|

2 H4e 4308P-2eAAY SRR d
29¢ vzgozs omd FYRYol cﬂéa ol
A S5 tete] Fohuz 1 Aol s

N
S
O
o

Loy
rd

=

o ¥433A . BARDA H= FEEIE
%A d&3 NN-GARCHEEZ NN-EGARCH,
NN-EWMA 28024 FUE 2 w4 of2d

(B 11) 282 53 8|

o &8 NN GARCH NN-GARCH
WFEEA (Hit ratio) 41% 48% 56%
8= (MAE) 0.33 2.7 0.33
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SAAY 242 ol88t KOSP! 200 £7ix|9| $EY ol&

AZNEY-F

v E Fote] £4& 44 g
Zt 29 q]‘—?“i“.% v w3l7] 9jste] HAWFA
7te] MAE ¥ Hit ratio® A4tsted 2EE9
283 W72 @4, (19 )= 74 239 |
4 A3EFAE Jed 22 7 WEA 7Y
of 9 dEgse] AdREAHY Y-S v

F mEpln 98e ¢ £ AT ek 2844
JuddN £23 QENsS0] AFUATE
golo] WEHE dzaher oM 432 9

=

o

5EAE Yoz Uee ¢ 5 Ao A4
AT 442 B3] dojA 7 Wese

5‘:. re i

(18 5) REY HEMOE

e

Y (%)

V53] gh(relative contribution factor)E& ©]

A AHE dFdEd. (R 12)= A3NET
5 Bt ol AdEA @e dehdd

(£ 12)8 29 7 FAAERY 93t =
29 4gusEY JIeA e dgdEsR Asd
3 99 AT E B A7 B 49 o)
=0 =% NNoA| NN-EWMA - NN-GARCH
- NN-EGARCH R3o2 Z4E =29 I
29 71eA #to] F¥ANAY R R BEHE
AFES] AFu e fAHE HIE2 7HEA7b
239e A& & 7 do. ol 2HIA 3§

o Je=

2002~-10-28
2003-02-03

2002-11-11
2002-11-25
2002-12-09
2002-12-23
2003-01-06
2003-01-20

2003-02-17

2003-03-03
2003-03-17
2003-03-3t
2003-04-14
2003-04-28
2003-056-12
2003-05-26
2003-06-09

AI ?J(Oﬂa??_*)
—e—TRV (22) —&—NN ~#~NN-GARCH(29) —&—NN-EGARCH(15) —w—NN-EW MA(097)

) TRV(22) :
NN :
NN-GARCH(29) :
NN-EGARCH(15) :
NN-EWMA(0.97) :

°]'_‘“‘]73“J' -GARCH(1.1) E¥(x==%
FA74F-EGARCH B¥(==4

2 odsdto]

oco=.

AT M343 M3 20054 63

22 AY HPHWEA (true realized volatility)
3473 % 28 (Artificial Neural Network Model)

:2971)

11570)

°11"]73"J -EWMA 23 (Decay factor 1: 0.97)
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L - olef® -

sol2

(£ 12) 840 718 92 8

48 s NN NN-EWMA  NN-GARCH  NN-EGARCH

KOSPI200 75 £ & AF 00518 0.0532 0.0567 0.0393
R - 00545 0.0452 0.0421 0.0422
A 1213 KOSPI200 F7HA14 - 0.0568 0.0489 0.0504 0.0516
KOSPI200 F7WA% $9& . 0.0583  0.0626 0.0602 0.0534
A ke 7+ . 0.059 0.0555 0.0567 0.0614
FuA 14 £98 0.060 0.0519 0.0561 0.0489
n A 5 0.0555 0.0564 0.0528
zejv|g 3 0.0623 0.0693 0.0606
3o 0.0591 0.0593 0.0566
Fa1d7H4 0.0593 0.0623 0.0576
= 34Y I8 0.0556 0.0549 0.0558
KOSPI 200 F71214 0.0722 0.0648 0.0680
oy \ ;
o2, =09702, 0.2244
&2, =0.0362, 0.0946
o2 = 083661102, 0.2144
e,z_l' =0.064785¢%, 0.0963
o2, =0.900850Mnc?, - 0.2176
LE(leverage —effect) 0.0778
L(leverage) .. 0.0565

Rl 1.0000 1.0000 1.0000 1.0000

AAGRE ot 22" dHAFEY FAF
A 9ulrt ggF FA= AdrtEA M E (relative
contribution allocation) o} &3t FAFSHAl Wt
Bus Jes ¢ F Uk =3 AdrkEA uE
Ao ol AM2E W FE2 5T FHRY
S AA & 3l TAZ 88 sttt
54283 FEAAGRETHY F8F o]

702

A AL OgF o] =% F Ud. AFUAT
gt o] del FHAIALRY Y5t =29 U
Mol M 9%S vAe g A3Es
ot 7 AFAAEE B3 sgHol AFAFE
93 AA AdWEA (realized volatility)e] i
Qo 2A d4dAoE Az% © HACR AT &
Aot W FEAALREAAN A& F e &

BAUsolE 34 ®3E 20054 6%



2 dYRFE AFCIEA)7L dddoz A =
FEozH &Y g 71ddA HEe Aol

(218 5)& ¥ NN 283 NN-EWMA =&
< AEEFAEE JPAHE AR FY dle &
2 Uehlia 1o old xldl NN-GARCH,
NN-EGARCH 2¥& H3WEAY 239& 2
71 B3] AN F derbn S B &
T Ut} g 2 WEA d3o] FALEY 7}
2 ARWT ohe AfATHE Asle] 23F 9
ng 2] dAMe dEX9 HEA (Precision)
et obzl WY (Direction) & FAlo WEA| Aok
g 2HEE aTE T3 AGH ddi
Zt 239 o] Ao tiF H 84 (precision)
< MAE(Mean Absolute Error)E E3dld &4
gt Bad (direction) S AFE FA(Hit ratio
analysis) & 53l doli:Z 3Ad

(38 6)14 160% MAES] & NN-EWMA >
NN > NN-GARCH > NN-EGARCH®9 €A &
Yehlz 9ok, NN-EWMAE NNBEUE 93]

ASUAY-FBAIAE 2LYE 0183 KOSPI 200 F7ix|59l WY of%

MAE7} 2A 32 Hed F9AAGRE 249
ME 458 AAF 4 (decay factor)d] 93+ 77
HEEY 2L AAERY ® ollel AFAA
% dEsEME JFAolA ke RS 99 2
AE Botd AT 4 gl gt FEAAYR
BogA FEII} HJFHolA ¢ mdd 94
=& dEee AFANETY gEael glojA
= AFAA Grhe A& Aoz &+ U
olfE AL FEAIAYEGo2A djEo] &
Faitka Y59 (Hu, 1999) EGARCH 234} ojsid
H4E £23% NN-EGARCH E3o] 71} MAE
7t & 272 Jehle AMENE 4 5 Sl
NN-EGARCHZ#-2 NN-GARCHZ &0l Leverage-
Effect B2 F7HI1A d53& £ AAQRE
224 gl (leverage), AR A7} (leverage-
effect) SFHEFY A7 ARAFAS Yeh)
£ oA ¥EAH Agd U 2ags gy
T2 st FFA7l EERFolrt, 1 An
EGARCH E¥¥% ozt NN-EGARCH Z#oj

3

(3% 6) 2¥Y MAE bl

MAE
06

01

10 20 30 40 50 60 70

90 100 110 120 130 140 150 160

—¥— NN ~A— NN-GARCH29 —¢— NN-EWMA —— NN-EGARCH15
SN HAY AFAS

AT H34A H3E 20054 68
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A= Hold o2 A8 Yehlz glom, oj2id 2
e (E 13)7 Zo] NNZFo| diujsied A3
T-FEAAE TEEYo| drjitge] 438 S s
A & YeA] GopgosH HugA ¢ + Ut
(1% 6)7 (X 13)9 A#=EZA NN-GARCHS
NN-EGARCHE#o| NNE#o] Huldled MAEZ
Aol d&Fg A P AN ¢ Y FHE
% slth. B3] NN-GARCH 2#(7.67% “3%)°l
vlste] NN-EGARCHE #(29.43% *4%)°| 3%
A (precision) #HANA < 5¥o] F3HA Hold
2Yolgke AL & & Jo ol dFHY 3
%< EGARCHe 93t =€ (e
A, R EAAE) L Hold 58S LS

TEfY - of=E - fel?

A7l HEes F4% 4 k. NN-EGARCH
29 &Y A5 dF SAH 89S AnE
7] 93l 287 P EAHEA (One-way ANOVA)
< B3t duit

(% 14)% B NN# NN-EGARCH, NN-EWMA
9} NN-EGARCH 5389 MAEZ 1% #9 &%
dA M2 d2de A& ¢ F ot "M NN-
EGARCH Z¥d] 939 NN, NN-EWMA =t}
MAEE 4 AE F ide A& $ARE ¢
Z% 4 3t =¥ NN-GARCH =¥3 NN-
EGARCH R3¢ MAEY Hole 10% F+F
AN feol3leE NN-EGARCHZ¥Y A4

290] 10% #IFTINE S48 & 4 3

(Z 13) NN rie| S8=2&el o5 452 MAE)

FAAAASAF NN-EWMA NN-GARCH NN-EGARCH
20 -52.53% -15.87% 36.94%
40 -23.61% -5.15% 8.70%
60 -16.00% -0.19% 9.99%
80 -7.26% 5.45% 9.42%
100 -0.96% 13.03% 12.57%
120 -0.51% 16.91% 13.16%
140 -4.16% 14.86% 18.21%
160 F3H) -12.42% 7.67% 29.43%
dzd A¢ £9 NN-EWMA < NN-GARCH29 < NN-EGARCH15
AR M= A - (MAE yy —MAEyp08 )
= MAE \y

(E 14) FUSAYT UIDE A3 YATUEY

NN NN-EWMA NN-GARCH NN-EGARCH
NN 0.5638 0.8543 ***0.0098
NN-EWMA 0.5638 0.1492 ***0.0000
NN-GARCH 0.8543 0.1492 *0.1000
NN-EGARCH ***0.0098 ***0.0000 *0.1000

*** 19 significance level ** 5% significance level * 10% significance level

704

HASI T m34A ®M3E 20054 69




A% 3 o %

9 2}017} NEE

3 Blﬂo}&i BTE o Wy d2ge (28 #E Jed
79 AFE EA(hit ratio analysis)E E3td oz ey #

FEFANE T 297 3y @ Fyshe
A% £ iy 2 AU Wy o_ﬂzo“ 3101/‘15 °]7<4 A
9 (

B 5
R 9,] vl SEA

Direction) <&# Ao B e WEA d2d oy wdsls 2
o2 Hit ratios ZAstn AxA
BHAXY &L oA € A

1.4

Hl2d 4 glem, NN-GARCH, NN-EGARCH  °|t}. o]2igh NN2# e NN-GARCH,
23] ot NN2F9| Hit ratios A ¥4  NN-EGARCH 239 dsld 82 & 4 o).
Al 4 it NNEFLS Ad@dgds a8z (@ D (R 15)8 U NNEH(43.75%)l

(38 7) 2y e (Hit ratio) H|R

Hit ratio(%)

120%

100%

80%

60%

W? ittt

40% MM
b

20%

0%
10

30 50 70 90 110 130 150

—%—NN —2&— NN-GARCH29 ——NN-EWM A —+—NN-EGARCH15

FH HHY o EsAS

(Z 15) 28y WM (Hit ratio) HloIE]

-';:]_E‘:gn_,j NN NN-EWMA NN-GARCH29 NN-EGARCH15
10 30.00% 30.00% 100.00% 100.00%
20 .- 40.00% 35.00% 80.00% 85.00%
30 33.33% 30.00% 63.33% 66.67%
40 32.50% 32.50% 62.50% 57.50%
60 41.67% 43.33% 61.67% 58.33%
80 47.50% 45.00% 58.75% 58.75%
100 46.00% 45.00% 60.00% 58.00%
120 44.17% 43.33% 57.50% 58.33%
140 42.86% 42.14% 58.57% 59.29%
160 43.75% 43.13% 60.00% 60.63%
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Hl3ted NN-GARCHE#(60.00%), NN-EGARCH
238(60.63%)¢ Hit ratio’t A 358 RAe
g 4 glom 54 FAAYY dFdF 271 F

=7 Bedde yehdg, ues drEEAd
Z(FAAYLASF 304 Pehelr FFEF
g4 dZYo] o 78S A & 4 Stk ok
9 (X 16)2 BZEEY NNuy| 28 H<8
#E vEbd Aot

(F 16)% B NN-GARCH(37.14%), NN-
EGARCH(38.57%) 2380 o3l & £og Hst

wehy - oles - o7

A d&o] 3sd A< ¢ + ok NN-GARCH,
NN-EGARCHEZ| & Wad o 58 5ol
FARCE f9o A AF] Yot AR
9} McNemar Test& AAI3] 29 (& 17)3 2t}

(F 1794 B NNEE3 NN-GARCH, NN
233 NN-EGARCH, NN-EWMA$ NN-GARCH,
NN-EWMAS$} NN-EGARCHEHo| 1% &9 &+
ZolA Hit ratiodl zle]7t glov] wetA =
¥ % NN-GARCHE#3 NN-EGARCHEH¢]
NN, NN-EWMAR &9 H]3lo] $-43F w3y 4

(E 16) NN che| Se2¥| 0|53 d&sE2HHit ratio)

FAHANLASAT NN-EWMA NN-GARCH29 NN-EGARCH15

20 -12.50% 100.00% 112.50%

40 -0.00% 92.31% 76.92%

60 -4.00% 48.00% 40.00%

80 5.26% 23.68% 23.68%

100 -2.17% 30.43% 26.09%

120 -1.89% 30.19% 32.08%

140 -1.67% 36.67% 38.33%

160(44 77 -1.43% 37.14% 38.57%
dZy 45 & NN-EWMA <NN-GARCHZ29 <NN-EGARCH15
7-“}&):]‘ 03“-2:5% Qg _ (HitRatio Hnes — HitRatio NN)
HitRatio yy
(B 17) oiZ=g7te] McNemar Test
NN & NN & NN & ENN-EWMA & iNN-EWMA & :NN-GARCH &
NN-EWMA i NN-GARCH :NN-EGARCH :NN-GARCH {NN-EGARCH {NN-EGARCH

N(«l&4%) 160 : 160 160 i 160 160 160
Chi-Square : 8.2236 11.4576 11.4576 12.5689 0
Asymp. Sig. ***0.0041 ***0.0007 ***0.0007 ***0.0003 1
Exact Sig. 1
(2-tailed)

*** 1% significance level
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Forecasting the volatility of KOSP| 200 Using Neural
Network-financial Time Series Model

Tae Hyup Roh* - Taeck-ho Lee** - Ingoo Han***

Abstract

As various funds and derivatives are developed using KOSPI 200 index, many investment
banks and investment trust get interests on risk management of KOSPI 200 index. Accurate
volatility estimation and prediction is the core in risk management in which various
portfolio's pricing, hedging, and option strategy is exercised by estimating volatilities. Up to
now, many financial institutions give more values on risk management, but the methodologies
of it are not established systematically. Many researchers have tried to forecast volatilities
more accurately using financial time series models. Historically, many papers for volatility
forecasting have concentrated on the comparison between forecasting models, but these
researches focus on improving the predictive power of models by integrating ANN and
financial time series models.

In this paper, we first show that financial time series models, GARCH, outperforms existing
ANN in forecasting the direction of volatility and that ANN model excels GARCH in
reducing the precision error of the forecasted volatility by analyzing KOSPI 200 index time
series data. Based on these results, this study propose the integrated model between ANN
model and financial time series model to forecast volatilities of KOSPI 200 index time series.
For selecting input variables for ANN model, new variable can be extracted by the financial
time series models through analyzing the KOSPI 200 domain time series statistically. Then,
these newly selected input variables can enhance the predictive power in the perspectives of
precision error and direction accuracy through ANN learning process. The ANN-financial

time series integrated model can enhance the predictive power by comparing the forecasted

*  KAIST Techno Management Research Center.
** Industrial Bank of Korea.
*** KAIST Graduate School of Management.
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volatilities by single models in the framework of precision error(MAE) and direction
accuracy(hit ratio). Especially, the integrated NN-EGARCH model is proposed as most
predictive integrated model in forecasting volatilities in the perspectives of precision error
and hit ratio simultaneously.

In addition to prediction power, the integrated models can reduce time which it takes to
adjust input variables by repetitive trial and error. Most of existing studies have adjusted
the weight of raw volatilities by repetitive trial and error of learning process and found the
optimal coefficient of input variables to produce the best results. This study finds the
coefficients of input variables by financial time series process at once and extracts new
variables that greatly influence the results through analyzing KOSPI 200 domain statistically
without time consumption. At the same time, we consider market variables as those that
adjust extracted variables to reflect true market behaviors. Therefore, integrated models can
adjust variables realistically by ANN process and reduce time consumption by financial time
series models.

Key words: Volatility Prediction, Financial Time Series Analysis, Artificial Neural Network.
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