Journal of the Korean Data & http://dx.doi.org/10.7465/jkdi.2014.25.6.1333
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2014, 25(6), 1333-1343

23 e ZdelA 4 E oy GARCH 23 A

(

SR RENE

0
oft
N

PAgdden A5
A4 20143 9¢Y 2?:_1, 74 20144 104 5%_‘, AAEA 20143 10€ 129

8 o
AT I FEATY U543 ZHolA GARCH(1,1) 23] o8] £33 GARCH &7
230 nlwais 23 FAA A 9=rh= Hansend} Lunde (2005) G35 thizs WisAgdow 3
stoh =3 BEO nla WP o R oSl 7Nt Fi Al S (MSPE) # v ohzt rﬂ"ﬂ
e EHolA Ho &4 %J% Uetil= VaR 3 AR A4 Adl&S Bl skt
A3 A7 o WEAdY B9olAE GARCH 20| o582 27 tha2x+ gokont E]/\ﬁ Jﬂ‘
g SdoA= & Tl 4 %ﬁa DJ% 27T Btk E=3 22 10952 KOSPI, NASDAQ ¥
HANG SENG9| 7} A4 A% ARE 5319 a3 #e] S thiA% GARCH 23 A9
o thafA] =2f sttt

)

Fagol: §4 2A% 48, W54 BY, Jv) At 24 39,

1. A&

Hansen¥} Lunde (2005)= 94wz HEA 2ol F9 GARCH(L,1) 20| 7]Et thE 14749
GARCH 4% E3E3} vasiA &Y (forecasting)o] A3 FAAA ¢3S thgst R4y} 4
3 A8 E 53 EAtk. GARCH 239 H$ 229 57 (negative shock)o] &% ©] 231 ¥Z3HA
HES-3h= X2l &3 (leverage effect)E E3Z 07 Hldsiz] Blo] 2 L&A 9y o]E B}
7] AN thgst =4 2ol JitElon tlx & 22 Nelson (1991)2 EGARCH R &2 Zakoian
(1994)2 TGARCHS} 22 23L& Arstitt. Hansen¥} Lunde (2005)9] 7 Aol wzw o]
3 Ay &7} geos BE3st GARCH(1,1) 23 o] EGARCH, TGARCH 233} viwste] 2

T ol Zeo] HAA STk Sck

H =F2 Hansend} Lunde (2005)9] AFE T2 F71A #eoz gttt AA|, A= F713
07 WRel= F§ AIAE v Etuxl d¥Ek GARCH 23 d3-E thds GARCH 230z 33
Sof ATan chagoze] 44 2R R A%st §45 ol AU A% (curse
of dimensionality)7} A3}, o] 2142 AFE F37] Y3l Bauwens 5 (2006)04 47038 T}k
St UHHE S AV 3A SUEES B9 471 239189 DCC (dynamic conditional correla-
tion) WS o833t £, GARCH E¥ 59| o5 FWe| vlar} obd Pl zi=993]
(Basel Committee on Banking Supervision; BCBS)olA A|AleH= FA|Z 9 @ Fe|A:xQ VaR

Fo] =Re 2014dxE AR (MF2HeR)e) Yo F=AFAR] AP wol 98 7|zxAy
A (NRF-2014R1A1A1006025).

1 (110-745) N €EWA 227 AFAZ 25-2 AFFsta SA s, thegA.

2 AAR: (110-745) A& EHM] 22T AERE 252 A7 AU En AT, =
E-mail: crbaek@skku.edu
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(value at risk)E ARE3to] gla3 Fe] SHAAL] GARCH 23 A=S y#3ch ek vgdy
A4S GARCH Ego] AU2 wgd3slA] Zotrpd me] £59] o] 2 dld= x| ¢rol VaRE WA F
o AHEE AUk 5, A A8 §AYE U VaRR S8 (coverage) 3] o] 423
2 53k 71 £49] STt Eoj= Aot apd Y kel o3 VaRoﬂ Aot AFS AIARo R

_|° ru\‘

FHlEH ks FAA oJE g o2 VaR7t §l& By A9 & 4 gty ¥, §2 VaRE +4
S |52 23 71tf S o] s w2l 2la3 deEolAE aRA 7ol ¢ SR8ttt
Ay 7hset HUEAFHE 9ujshe VaRte oS53 £E9 AF5EE o435t AXEY] Wi

o] Hansen} Lunde (2005)¢] ¢7& vlgbo g GARCH(1,1) 2 Jo] VaRE & 248 Aoz oadd
TE . B =89 noAoME thAz GARCH 230 Bt 34 183 GARCH 239 A
3 =8 BANNE = A3} o] = Ho|x] Yoty AT, A AW VaR 2 4280 T3 &
Zol= 2= (trade-off)ul] 7ol ©<E3d] &8 FHAA B S A7 K} & ©] AFs FZo] &
Reheie= E"J"/P- AR 2y **E“ﬂ °‘°V1: BAAHFLLAE HIX3t VaR 2 A& 59 thddt ALE
A3

% D}~J+ 2t} 2@011/\1 E}tﬂ;%‘ﬂ #F GARCH =33} thi#® vty GARCH 2
Hi o]E ulgloz 37-A A e ZdojA thHE GARCH(1,1) 239 7
S RYAY AR5 BHusith 4d8oAM= F2 10359 KOSPI, NASDAQ 3 HANG
SENGY] 7} A5 2458 53 g3 #e] 58S 1#e tpi®d GARCH 23 A8 =93y &2
A2 Aol g B2l 5AA tHETH

2. gHE WY 7Y

-59E (log-return)& 53l SHEAh Fo1R ¢t AFAM ] F4
(o]

K3

AMAL Peol diet 21 +952 o3t 2o

re = 100(log P; — log Py—1).

4
A2 4 (correlation) & ROl A ¥ BTN (jre]) T AF (1)) S 3 Aol v BT
Z

AEFAE Bolth= Aol 3 2HEXE (marginal distribution)= LEZ0 3

Tt = Wt + Q¢

A7V pr = E(ri|Fr—1)= 98 st 2 AR FFo 2 [ 12 (t — DAIRZIAY ZEAE (in-
5

formation set) o™, o7 AR Riro g 015 0 WMEAolg} Har).

o; = Var(r¢|Fi—1) = Var(a¢|Fi—1)

BN
n
-z
of,

Hgoll thelAl= Box-Jenkins®] 4t (stationary) ARMA(p, q) 28 3-& v]44 (nontation-

< A8 A2 2 o3 3 AE vRs 244 FA| (deterministic trend) 23 o] Bro] 231t}
B 032 Alg ol tiF 43 AAAAES EFH oz Awslr] §1814 Bollerslev (1986)&

dwer GARCH(p, q) R8-S A% R.0n] e} o] FolAr).

©
=
<
-
ox

a¢ = Ot€t,
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q p
ol = ap + Z aal_; + Zﬂjaf_j (2.1)
i=1 j=1

€= o] 00]3 F4to] 19 WS @ 28} (innovation) 2 & ;9] AAAAE HdNA ap > 0, a; >
0, B > 08} Y10 (o 4 8) < 19) 28 A e,

GARCH 239 3¢ 225 R Aagle]l Al (af)S 53l AL L3353t amelx a3
£ m9Hoz WesA Zathe ol Tk o1& FHe7] 18] Nelseon (1991)€ Th3} 2e &
W2k EGARCH(p, ¢) 282 2|9kt

Ino?} —Oéo-i-z w—i—iﬁjlnat j (2.2)

i=1 j=1

EGARCIE W5 32l W38 2190 249 BHUE Tl 0l ¥27) 16 el A58
2]5te] 259 7‘] A 2HE Gt v ol E 25 7RSS AR vt FEr e A
2 Adgdrt

e o2 Zakoian (1991)& 4% TGARCH(p, q) 28 Aldstalen] a8 AlFadol A
< (indicator function)& ARE3le] 2 a1gke] £ upel A4S &2 £

q P
of = a0+ Z(ai + 7iNy_1)ai_; + Zﬁjaf,j, (2.3)
=1

=1
1 T a <
Ni1 =
0 ®eF ap; >

0.
w3o) thuler 2ol Tl A wolat). thagoRe e EHow

AFHe = 9" AR )
<o 52 e FAolet EA ke A Wl v mZstA vhgste, AXH A AA FE§ Al
& A 2ekd A (online trading)®] WEE f7]Hez WA ddFHo] F7F 9 WEAgo] &
7l FAol= (moving together) S Awsl7] s & 283 FHolrh. kA thid 95

re = (T1¢, T2ty . -, The) & THEI 2o 3P
ry = py + ag,

A% FFe vehhe chig ARMA(p,g) (vector

= Cov(at |Ft)

m d¥E GARCH(p,q) 239 54L& thiigog 33sl7] fJafales =A% 2
EYAAre] d a8ttt
wyoes 9L 2A AZA YFes ATHeART 1 AWAE I v
27¢ o 2 Engled} Kroner (1995)7} A|Fst VEC, BEKK 59 23] gitt. &4
7 4 0HQ Sge) A9 Aol o] A5t /1% B4A0R Soluk AU A% (curse of
dimensionaltiy) & 38 = It} o]& FEII1A} FuixzZ dHZEF GARCH 2g& AgFstoz 1
st Wby o] A|ekE 9l e orthogonal- GARCH REE o2 & & 9Jon o2 &3ste] A=
AWz GARCH g9 n|Ag Zgto g 33 E= o] de] 2ol1
3 = Rol At AR Rae] ol ZbE Aol uAY W
ditional correlation models)& ©]83t] ATE APt =AF
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H, := [0i),¢] = [0iitpijiojjc] = D:R/Dy

714 Dy = diag{\/T11t, - - - s /Okkt } = TAAE k x k 2% 2232 Jdojv R, = 2AF 4
HFAS o)t} Engle (2002)2 52 2AF A& (dynamic conditional correlation; DCC) 232
2 A7l o] &3 (time dependent) 7R A R & AQFsTt. ol B4l & kst =
A2 E9) PAA Yol Holoksh 23 2AE WEAUL oI Fol DCC(1,1)¢] 33
R. = J,QuJe = diag(ary/”, . g/ ") Qediag(a1y?, - a) (2.4)
o= ZolAu, kx k B Qu = [yl ofehst o] Fol ek
Qi =(1—601 —02)Q+ O160-184_1 + 02Qi—1 (2.5)
e = a/yain O QE € = (1. oen)'9 MEZR BRA Witk RoF ¥ BEAL

0, >0,i=1,2260; +60, <192 E3] Wr=Hc}

2] SHAe] VaR gt 473 o= ot Afehe=rts RYAPS Sall At RijE oof
718, M3 S Q thi®F GARCH R ¥& AHEsIiS B-polx glaza &
4 GARCH 23] 7744 (robustness) o] -FAH =712 Au] 14} gt}

2 HolA ARES RAE-E 1E 37] 2000709 A5 E EYE e e GARCH 239 F4
3 (stationary)S $18iA 1000708 #F&o] A2} (burn-in)Z F5te] vlolelE A8ttt =3 2=
gai 27t A5 FEAE #4004 GARCH 23S v 2 Asith= Byun 5 (2013)9] A5 23|
weh 2 R Ao WAREe] FERE] A i AEx 2 ekZekeBEE ARShlth
BE AP 5000 wHEo g dolXl P s Wit

Bhe A% BAol4 GARCH 23e] A47h (1,1)9 of 4o Aug 49ge 2oz & 2o
AGoIAe A5t (L2 B3Itk 248 JRAS B3L o8 thigozol Sge A8s
of 29AE B3 A Aa2 AASATE Am A e SuEE the 2

(19A) zZ+ze] 9wz GARCH(1,1), EGARCH(1,1) @ TGARCH(1,1) 2&& o] g3lo] 9%

Ai(t—1) = Oii(t—1)€i(t—1)

yolA B8t agi—1) & osie—1)E AHEBEA 4] (2.4)3} (2.5)E ETiE DCC(1,1)&
ok

o
e 2 A% P4 ALS AT,

H; = [Uz'jt} =D:R:D; = DtJtQtJtDt~
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(3A) 22A)NA AAE 0 E A (1E9A)2 HY (plug-in) 3t A2 AB4H 57 (innova-
tion) e, 2 3l MEL FAE a0 A TTH

3.2. ¥|Zyhy

b3 MSPE (multivariate mean square predict error)E &3] ] % B2l A|2E A=
Bel2 98 ALEE= Hurlin 7 Tokpavi (2006)2] VaRE o] =gkt}. mak VaRe] AEAR 02 AA|
2 e vE 3 vlaste] VaR7F AA S e 42 oy -‘)rﬂ T QA Fldttt.

r1 _I[)l'

o T o= 9 X} A ¥ (multivariate mean squared prediction errors; MSPE)
2309] o ZHS u|waly] Y3t o= MSPESY 37]9] vlnE o] g3t}

k n
MSPE := % ZZ(ﬂt - Tit)2

i=1 t=1
FEAALANA A7k FolB T AdRThe AL TEste] JPY 712 2099 B (short
term) =3 AF L 7= 100€2] 7] (long term)d|& o2 - th7] MSPEE =733t}

o THAE H U4 F N (multivariate value at risk; VaR)
EH ;5—]'?_] VaRg] %XC-)] H]—\ﬂ og7x= ‘=‘}\41—] H]—\:ﬂ ()ﬂﬁ-HJ-E 7].)(43].1 _JO_/JE o]‘Q_‘].o:] é}ﬁ% [SZ ]
A AlgE ol (FA ARE o8 54), BHIIEE AlEH A (B3 2
54 27)9] Wilol Itk VaRE £A7 9 5 BA-BEANC] VaRE o] $3E2 B,

VaR := W'F; — Zo\/ W HPW

HE We 715X 8 4385 e dHz B =EdAMe 59% e F9oh. VaRY A4t
Hurlin #} Tokpavi (2006) 4] thFstA A A3kaL itk

e AMEAX (multivariate backtest)
AR BE 287} o]58 VaR ol A3t 712 VaRe] FEjgtoz 2 gjgozr
B Hojd 4= 9t} VaRe| AIZHA =R A (Fail)E #ste] VaRe| 7Z14-E st
&3 VaRoA Holthe 4 Alo] WEgr ZAFT)

r[o

Fail := Z M %100

n
t=1

PERLEE

243 Ao VaRet A& T7]o S 371459 2peol7t A9 glo] A7d5E 7%
2etgith. MSPEE @] 238 2% U9, 59 VaR g2 o577 59 Z
VaR®] F gtz vehfigich g SEREe %“ﬂ%} AEE Hoie g
Zo H% 7Hths Byun 5 (2013)9] d7234E Ediz ¥
T ehEeks R2E Adste] 43S AYesint. A5 .
24X diag(0.2, 0.3, 0.15), 2] B4+ diag(0.79, 0.6, 0.8) 2 H|thA R o] zt= 4 B4 ZHE diag(-
0.02, -0.05, -0.1)& AM&-3}9ich.

WA Zu]EA% 23 (Table 3.1-3.3)= thizk g}Zets HEE S35
BojAdgo] thHEF APREE ARSS Ao} vwste] A H g e MSPE7 o *Uﬂ% g
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VaRE Btk oleld He AW 43 F§ A2 BAIA BEeks B S44L Bl Bym 5
(2013)9] A7e] HFo 2 o Rl AY RS B3 LAY I8 AR PANAE hEeks B2 A
8310l 298 AT o) GIPE Roj2T.

Table 3.1 uv]tf* DCC-EGARCH &R FojA AAHA 2855 DCC-GARCH, DCC-EGARCH,
DCC-TGARCH R 3gozg A3 A= Jepditt. AFEZS 39 DCC-GARCH|AS] MSPE~7}
038 v HALS 18 GARCH R R} Agton, glZels Bzl AL A= MSPEY Fto] 3

o
A FAA e FAL + Aok WEkA Hansen Lund (2005)9] A+ 237 thid & GARCH 2%

PH

dlA= MSPES] #Hojr= 2= HEd2 & 5 Ak AW, VaR 9 Ao &) 45 Edfol= 2
= (trade-off) 7} 12 & 4 Utk & DCC- EGARCH.J 3% 7P FL VaRE ZAA W A E o
E w2 AWE e vEiglen, DCC—GARCHA 73 2 VaRE 58l dul&o] 2olws
ol & 4 9t webA gaz B SHA vaRA 401] olMe E o gt Hool 28
< ¢4 Uk wru} gEets BEE A43 DCC-TGARCHS] 2% DCC-EGARCH 233} ums}
A o W AHES Holrjgks o We VaRE Fo] 22 vitiR4e 18d Byojtets £ 2
B9 Aol7k 2AE EAT 5 Sk

Table 3.1 Goodness of fit measures according to various fitted models when the data is generated
by DCC-EGARCH

Generated from Fitted model MSPE VaR Fail
short long @0.05 @0.01 @0.05 @0.01
DCC-GARCH 1.823 1.830 -1.259 -1.782 0.077 0.024
Normal innov. DCC-EGARCH 1.828 1.835 -1.247 -1.765 0.098 0.044
DCC-TGARCH 1.834 1.841 -1.258 -1.781 0.091 0.034
DCC-GARCH 1.817 1.825 -1.260 -1.782 0.075 0.023
Laplace innov. DCC-EGARCH 1.814 1.822 -1.242 -1.757 0.088 0.041
DCC-TGARCH 1.821 1.830 -1.256 -1.776 0.088 0.032

Table 3.2-2 Bl A& 12isk DCC-TGARCH Ry 2HE A4H A5 st 23E vehdct
DCC-EGARCH 239 #glo] 3 22 MSPE Xt} $£484 Uehton, drd oA Z7)d&0
2 Z4E O Fole o ok o CC-GARCH(Ll) 239 MSPEe] vthA A& 1eist B3
Hlste] o7t =Xul A2 o]&8 2HogE 2 oS Kol ¢rh 3l AF& VaRe EF o]
E o= ST £ a1, Al vl BYIRY X } 17} wi¢- o] thil® DCC-GARCH(L,1)] 2j~3 &
2] oA VaRE F3 gl o] vt A4S 1283t GARCH 230 u)3)] F| A Ktk & 4= glrt.

Table 3.2 Goodness of fit measures according to various fitted models when the data is generated
by DCC-TGARCH

Generated from Fitted model MSPE VaR Fail
short long @0.05 Q0.01 Q0.05 @0.01
DCC-GARCH 0.137 0.154 -0.288 -0.408 0.077 0.025
Normal innov. DCC-EGARCH 0.133 0.148 -0.285 -0.403 0.079 0.028
DCC-TGARCH 0.134 0.150 -0.286 -0.405 0.079 0.027
DCC-GARCH 0.105 0.133 -0.263 -0.371 0.059 0.021
Laplace innov. DCC-EGARCH 0.101 0.121 -0.259 -0.366 0.061 0.022
DCC-TGARCH 0.102 0.125 -0.259 -0.367 0.061 0.023

upx| ko & Table 3.32 DCC-GARCH R 3oA AAH Ao that Aao|tt. chisk AFEES
A% @7 A7) BF vuA4S 18 GARCH 239 MSPE7} #2382 DCC-GARCH E& KR}
o

38 o Fes #=g # Aok 2=t B2 49 32 DCC-GARCH 23¢ MSPE7L ¢+
719 7 Fkoy Al EoMe 2358 U AL 1Ed 23] MSPEZF ¢ &gkt 3k,
AEAARE e = élvﬂ%ﬂ A% 2o W 2 Aole g FAT = Qo HAAYL 1Y
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E

B o 2 VaRE Forh

3 58, 53] DOC-EGARCH 29 0], AT7EE 3 Zejs Rxo] 49
ol & AF 77 BHO 314 & 4% DCC-EGARCH 28 0] 50121 49 52 aol thald F& 41

rSL'

t}. Wb DCC-EGARCHS]

=g 23 BE% (coverage accuracy) HlE ofn
s = Fo] FRY Wt v L43

3o 215
A9 MSPEE v|#3l VaR, A9&S 1839 S A M £ 2x
Byoz dutdch

&

Table 3.3 Goodness of fit measures according to various fitted models when the data is generated
by DCC-GARCH

Generated from Fitted model MSPE VaR Fail
short long @0.05 @0.01 @0.05 @0.01
DCC-GARCH 0.171 0.180 -0.331 -0.468 0.074 0.024
Normal innov. DCC-EGARCH 0.168 0.174 -0.328 -0.464 0.075 0.025
DCC-TGARCH 0.168 0.176 -0.329 -0.465 0.075 0.025
DCC-GARCH 0.151 0.193 -0.313 -0.443 0.061 0.021
Laplace innov. DCC-EGARCH 0.166 0.125 -0.305 -0.432 0.061 0.022
DCC-TGARCH 0.173 0.156 -0.308 -0.436 0.060 0.022

2o 4g A3 -2l MSPES] #4ejA& DCC-GARCH, DCC-EGARCH % DCC-TGARCH &
R 2 Aol HoFal 9lA] ofobd dniwg WEAolA 3t GARCH(L,1) R3] #8400 o
A HQ Hansen¥} Lunde (2005)°] A7 237 e s A2 A = dodct. shAet
Zre] A VaReh Aol go] glojMs # B $2 2a3 38 55 (5 F& VaR ® 22
&)= Hole B EAgs, o€ S0 DCC-GARCH o)X DCC-EGARCH 23, &g
= 0T ol 2 Elad de] SR RyS AHE wle Edo]s o xo} 2 AR VaR gkt

)

Y o Ao S ok
N
]
Au)
rH

MSPEe] of3ele 292 v, el & YL AT webd AFAolie AEIHY 4
g wlEe) vl e Y D SES o 8% AFH A4S Bl Pa B BYL Agsiolo}

e HojErh

4. FAAS AF 24

FEjueke] KOSPI At} 5L gh A 7ES B A1 u|=ro] FAA1L A A% NASDAQT 53433t
o]2-3) (HSBC)e] 3] Akl @423 Wash HANG SENGS thigf A8 & o g3}t mejay
I} =934 200092 Aﬂx} (20059 89 229 ~ 2014d 019Y 28Y)E o] 8314, 100 (20143
019 209 ~ 20144 79 08%)L AS3kck 2 veule] 2 BH AL Feol: ohE ety 2w

ANN= AYAA FLe LT 7L e ARE ot Al 389 2349} Byun 5 (2013)°
e} WAazke o] AF R gZgAREnt HA3le] B i)

]—J

25000 1000 2000 3000 408000 1400 1800 2200

HSI.Close NDX.Close KS11.Close

15000

T T T T T
2006 2008 2010 2012 2014

Figure 4.1 Returns of KOSPI, NASDAQ and HANG SENG
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Figure 4.12.2 2008 &3} 20093 v]=e] AHE =zt B7]AALE)
E g A3, Al AeE HEH4eE UEhd Figure 4.2904+= #F
Fuke] HFE FE9719 L s E 22U B 5+ A

pal

Al A% 018 55
o ofsl sesle U

RoH BAL 5 318 201

e

g
8 -
[
i
=
0 7
< o |
2 ]
e
O o 4
P
[a -
= _
o 7
(%2} w -
=}
Q o —
o 7
T ]
2006 2008 2010 2012 2014
Figure 4.2 Volatilities of KOSPI, NASDAQ and HANG SENG
Table 4.1 Goodness of fit measures from real data analysis
Forcasting term Fitted model MSPE Vak Fail
Q0.05 @0.01 @0.05 @0.01
DCC-GARCH 0.890 -0.901 -1.303 0.053 0.000
short DCC-EGARCH 0.857 -0.878 -1.270 0.053 0.000
DCC-TGARCH 0.869 -0.890 -1.290 0.053 0.000
DCC-GARCH 1.586 -1.101 -1.583 0.061 0.000
long DCC-EGARCH 1.539 -1.133 -1.627 0.040 0.000
DCC-TGARCH 1.540 -1.133 -1.628 0.040 0.000

AZ Az BA% 232 Yehd Table 4.1004 2092 ©7]o]& 39 2 2
o} t=dt 232l GARCH(1,1)9] VaRE 43 2oz Fx Avky & 4 qlek. d4x|w, DCC-
EGARCH =E3o] 5¢3 Asfj&ol thsiA] MSPE7} 7% 23l VaR 5 1 e DCC-
EGARCH 23 A2E 7P & 28ty B 5 k. 10029 F7)dSeAE= DCC ¥t
GARCH R 3oA 242 0.055+] As&o] DCC-GARCH 23 Hr} 22 712 Ho|x gt} 3t
A%k o] GA] VaRe} A& Eefol= 2 =Z& A7]& £A¢]v] MSPEE 7| Holx& DCC Hth 3
GARCH B3 E0] £2 o&8& Hol|7] W&ol & =FoflA A3 371 A9 A% gz 8 &
el 2y Me A= BthAAE 12 DCC-EGARCH 232 2glo] glgshe
H%EW &8 7|we 2 DCC-GARCH E¥E £2 E¥o| 2 £ 9o} gla3 #He £W VaR

Joll X+ DCC-EGARCH 23] B £ 2 %1% g 4 Aok

Ef& Figure 4.3-4.5% 7} |4 ¥5do] thsh 3% 100990 gt A S5 o= 982 Ao (ab-
solute returns) ¥ ZZAF FEHZA] (conditional standard deviation) & ZF Zg¥2 Yepdct. B
=RoA nEF A BY BF b3 HEA4S A 3Fe] DCC-GARCH(1,1) ®¥0] tﬂ%*ég_ o) A
HoF gt Y-S & 4 Avk A UL thE DCC Bt GARCH E¥Eo] A4 HE4Y
G722 (sharp) FAE 2 919EdS B 5+ 9) o=, B AAALS nEd B¥o] A (c luster) 2 o
F+= WMEAS DCC-GARCH 23 Hr} ¢ é} Ll she o 1 ujFolt. wEtA] A AL FA A= o)A
A Ho gt vla S5 8 tHA e R a#stoof & Zlo|t}

g Apol7t A4 ¢



25

KOSPI Volatility
15 2.0

1.0

0.5
|

<
S

Comparision of DCC-GARCH and DCC-asymmetric GARCH

DCC-GARCH
DCC-EGARCH
DCC-TGARCH

T
0

T
20

Figure 4.3 Conditional

3.0
|

25

2.0

15

1.0

0.5
|

0.0
|

T
40

standard deviation forecasts over absolute returns for KOSPI volatility

T
60

T
80

T
100

T
120

DCC-GARCH
DCC-EGARCH
DCC-TGARCH

T
0

T
20

T
40

T
60

T
80

Figure 4.4 Conditional standard deviation forecasts over

absolute returns for NASDAQ volatility
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Figure 4.5 Conditional standard deviation forecasts over absolute returns for HANG SENG volatility
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rh

B =R S ARET okt 2laa e SR I 12l thi® GARCH 23 A" of
A drsgieh. P23 B2 ZxR: VaR 2 A weisiach chig GARCH A%
Hansen¥} Lunde (2005)¢] 917 A¥}e} 45314 DCC-GARCH(1,1) E8o] th2 GARCH =& 0| v]
sto] o 553} VaR A4 wollA FA AR ekoktt. shAeh, 2jAa3 Ae|S oA VaRel Asi& Abolof
= Edol= ezt EASRE v ASe H2o] dasith. AE S0 ¥ 23] DCC-GARCHz}
FAE iz wel SeelAE Aty RHo] mrt o $4stdrh. Hepg 4% Ae BAdAE
FRAFLAE HIF3o] VaR 2L AshE 5 B AF B £7E FFH 02 Fusof du.

References

Bauwens, L., Laurent, S. and Rombouts, J. V. K. (2006). Multivariate GARCH models: A survey. Journal
of Applied Econometrics, 21, 79—-109.

Bollerslev, T. (1986). Generalized autoregressive conditional heteroscedasticity. Journal of Econometrics,
31, 307-327.

Byun, B., Yoo, D. and Lim, J. (2013). Validity assessment of VaR with Laplacian distribution. Journal of
the Korean Data € Information Science Society, 24, 1263-1274.

Engle, R. F. (1982). Autoregressive conditional heteroscedasticity with estimates of the variance of united
kingdom inflation. Econometrica, 50, 987-1007.

Engle, R. F. (1986). Modelling the persistence of conditional variances. Econometrics Reviews, 5, 1-50.

Engle, R. F. (2002). Dynamic conditional correlation a simple class of multivariate GARCH models. Journal
of Business and FEconomic Statistics, 18, 931-955.

Engle, R. F. and Kroner, K. F. (1995). Multivariate simultaneous generalized ARCH. Econometric Theory,
11, 122-150.

Hansen P. R. and Lunde, A. (2005). A forecast comparison of volatility models: Does anything beat a
GARCH(1,1)? Journal of Applied Econometrics, 20, 873-889.

Hurlin, Christophe, and Sessi Tokpavi. (2006). Backtesting value-at-risk accuracy: A simple new test.
Journal of Risk, 9, 19-37.

Nelson, B. (1991). Conditional heteroskedasticity in asset returns : A new approach. FEconometrica, 59,
347-370.

Tsay, R. S. (2006). Multivariate volatility models. Institute of Mathematical Statistics, 52, 210-222.

Tse, Y. K. and Tsui, A. K. C. (2002). A multivariate generalized autoregressive conditional heteroscedastic-
ity model with time-varying correlations. Journal of Business and Economic Statistics, 20, 351-362.

Zakolan, J. M. (1994). Threshold heteroskedastic models. Journal of Economic Dynamics and Control,
18, 931-955.



Journal of the Korean Data & http://dx.doi.org/10.7465/jkdi.2014.25.6.1333
Information Science Society gt o] 8] A B 3}-8}3] 7]
2014, 25(6), 1333-1343

On multivariate GARCH model selection

. i
based on risk management

SeRin Park! - Changryong Baek?

12Department of Statistics, Sungkyunkwan University, Seoul, Korea.

Received 2 September 2014, revised 5 October 2014, accepted 12 October 2014

Abstract

Hansen and Lund (2005) documented that a univariate GARCH(1,1) model is no
worse than other sophisticated GARCH models in terms of prediction errors such as
MSPE and MAE. Here, we extend Hansen and Lund (2005) by considering multivari-
ate GARCH models and incorporating risk management measures such as VaR and fail
percentage. Our Monte Carlo simulations study shows that multivariate GARCH(1,1)
model also performs well compared to asymmetric GARCH models. However, we sug-
gest that actual model selection should be done with care in light of risk management.
It is applied to the realized volatilities of KOSPI, NASDAQ and HANG SENG index
for recent 10 years.
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