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Functional ARCH analysis for a choice of time interval

in intraday return via multivariate volatility
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Abstract

We focus on the functional autoregressive conditional heteroscedasticity (FARCH) modelling to analyze intra-
day volatilities based on high frequency financial time series. Multivariate volatility models are investigated
to approximate fARCH(1). A formula of multi-step ahead volatilities for fARCH(1) model is derived. As
an application, in implementing fARCH(1), a choice of appropriate time interval for the intraday return
is discussed. High frequency KOSPI data analysis is conducted to illustrate the main contributions of the

article.

Keywords: fARCH, high frequency time series, multivariate volatility

=
=
rhu

FF

4z ot mlo N b Ay

N
N

I} 22 S8 AAGAAE 95 H7 S=EE B84 (uncertainty )< A
WA (volatility) ol A3, 93 (risk) S SHs= o2 WSS ARSI
Je HedS A 35T = gloy, g 71 2 o] %" ¥ A2 ZEo
HEA A3 (volatility cluster) dAro|u} 7149 & <Atw) 2 &leto] thalo] thE w
3 & (leverage effect) 9} 2 EAL 71X Yt} (Lee2} Hwang, 2017). 59 Eg]

4} (conditional Vanance)% ou]&l Engle (1982)2 W5AS #4317 93t =
A AZTIA Y AE FEE v A7|EH 2AF o] E4H autoregressive cond1t1ona1
heteroscedasticity; ARCH) 28-& 21 01"6} 17, Bollerslev (1986)— ARCH R23-& gutstsie] dut
315 27131 2AF o]E 4k generalized ARCH; GARCH) 23< A skt

A= W54 (multivariate volatility) £4lAE WE4d 2+ FHA A4AA (dynamic correla-
tion)7} EABE 7479 £AES JIEE RIS Hie AdAAE 1E st 233 s
oJof gt} o]H e T WHEE Y
T e GARCH 2L A
3t Byol= By xdo] 7t
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3t EYPoE AR AAATE Azl BAGle] €A AR JHHste] B4E £<) constant
conditional correlation (CCC) B8} ZAX A#A7F Al7be] wel W3l= dynamic conditional
correlation (DCC) 28 5] At} (Tsay, 2010, Chapter 10). Bld] O]Eiﬁl- AFAste] HolEje] AATH

A 9 AS 7HY] U S FoE W2 AFAA £E2 ¥Ee] F§ AAE HolHE 4
AA FHodok o] 3HIE AJAE A1F (high-frequency time series data) —,—fD}. FEE g =

Zk(intraday observation)& o]&3 HEA FA o t3t A7} 2 5| o|Fojx 1 Yt} F, 1
= A% (high-frequency data)E ©]-83%F gk o o]E] £4](functional data analysis; FDA) 39
Aol B wAPol o3k 477 olRoA T en] ol ] SEL UF 21 50 (intraday

flow)oZ H3 o] &4 (function)E (3h}9]) A=A =2

o]l A= Folg HEAL Y33 Ao 7 Hormann 5
P37} fARCH(1) 23S A7 Aue 5 (2017)9
o] gt} Yoon 5 (2017, 2018)2 U] IWI= AJAE
A gksio] AT,

log returns)E< A&A < &5 (continuous
HX vpdolt}t. 48 dHEA] EAL g4
(2013)¢] functional-ARCH(1) (fARCH(1))
functional-GARCH(1, 1) (fGARCH(1, 1))
Az o] fARCH(1) 237} fGARCH(1,1) 28
2 ATe) ® A Jlol g3t 2ok A, BA WEAS sk MERCIA FaAXS(nfinite
dimensional)°l] sj&ote ALHolng o]gHore 17 A AL mAE A=A m7e] &
F 23 82 WHE Rol ¥ m W WEA BAL & F mE Fauz wyles go
WE/d< ZAHapproximation) & 4 Utt. ShARE AR WMFA 249 T Aol SRl o
2 12y B0 343 F7H0]E curse of dimensionality 2} £2thHE 1317] S5 AAH (42 A
oA m = 339) chis B2 A% AUTE oFaEA ol W BAsl B0 AAsnA
A EA, B9 UBA LA BAQ Aod 25 21 4083 A 24 94 A7
t}. Hansen¥} Lunde (2006)= 9% 21 &2 AIZF 744 ZAHS A W5 A (realized volatility)
(Lee2} Hwang, 2017) &78A 5202 AT Wl FEAALE AF24 Lees} Hwang (2017)
2 Jin 5 (2017)2 A¥EWHE oA 18 B 5% 4 dF 23 F4E A= AAR A ok 2
AFONAE A A BE BED BAANA AT ok 1% Aok UL AN A2 12
ol BE 9% 22 £9B(5)E 72 F BT GARCH 283} IARCH(1) =

532 340 I% GARCH 293} S99 A2 ¢24sl AARCH() 29 A% 234 vlacto

|
=2
ok
e

2 ol EA o Wsd wgel s 271snA k. WA 54 kA day(Q)elAlel
m) 9% 27 $A4EE ORI WE 14 = (rap, 7ok, ., k)T E THEI} Zo] RYB Gt

Tr = u’k +ak7

A7V py, = E(ry|Fr-1)= k — 1AR(Q)7kA18] BHE Fi_10] Tl wfo] r, o] 2
ol IutAH o F 4, = vector autoregressive moving average (VARMA) 23S o]
t} (Hwang 5, 2009). 2213 A ay = (aix, ask, - - -, ame) "’ = TFHF} ZHo] 233} 3}

1
ak:H,’jek

Hj = Cov(ag|Fr-1)v= mxm FZ2 FdolH k- 1AH (D)7 HAE Fi 10l Fo14 €] a9
ZA5 B3R gdolrt. W (iid) WE QA er = (e1k, €2n -+ -, emi)” © THSNAE E(er) = 003
Var(ey) = I2} 7} St
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2.1. Exponential weighted moving average 2%
EWMA 2§07 A3 205 Bak-384h 4d Hy & ohay) 2ok
Hi=(1-Naw1aj_1 +\H_1.

AR AR 7k H T ASLFE AAY HEA T B2 FHo] Y2 HHEEY] A EWMA
BHPoAE AT A5YTE o B2 7SAE T ATBEHE o8t 2

0]9] e 71A 1, YukA © & RiskMetricsol A= AGEO R 0.948 ALg38lth. @413 WE q,9 XS
7V et A, Aol tisll A4 5 ok (Tsay, 2010, Chapter 10).

2.2. Baba-Engle-Kraft-Kroner 29

Engle} Kroner (1995)& 245 #4324 3 Hy 7t FA Fdojete 242 4 UEAZ 5
A= BEKK 232 A¢Fetgitt. BEKK(L, 1) 292 vt &

H, = CCT + A (akflaf_l) AT + BH}C71BT.

9 magel A WY O stZaZoln, WL A% B mxm Fdolth. COT7 F4A) AL Fof
Ackd o\ Y A, Bl A= His 34 $3% 3o Ark.

2.3. Constant conditional correlation 23

H; = DyRDy = (pij Vi hii,khjj,k) )

4714 Dy, = diag(hy)y, - bl )5 mx m NZAF BT, his e kAIA iA) £ 8] 27
BB oulsith. R = (piy)E ZE4art 103 B39 2% AvS fde A7) g} dat

2.4. Dynamic conditional correlation 2%

248 FAATE 4R 2T CCC BNA Yoprt o8 Axee 205 AT Fdo] Azt
o gEste] Wsleh= RYES AASHATE o2ld Y2 DCC Ry oleta stnf, I FollA Engle
(2002)°] A|¢ket DCC 23L& t}33} 2o}

1

1 1
Hk:DkRka, Dk:dlag (hlzl’k,,hz )7 Rk:JkaJk,

mm,k

7NN Ty = diag(ay, 1o - s s ) E AABZOIH, Q, = (gij0)E m x m FHA FHolth. Q&
Thgo) A e

Q) =(1—01—02)Q + Orer—1€1_1 +02Q,_,

AN ers QAT ik = ain/Vhirs 7= E23E 24 WE 0|1 QF €9 HZAR Bi-F
2k gEolth 0,7 G5 0< 61 + 02 < 12 BEFIAL Zo] ofd S 2+

o



300 D. H. Kim, J. E. Yoon, S. Y. Hwang

w
=
[=]

Q
2.
=}

p
>
=
Q
s
ka
02

=]
AN
2
‘O,
e
i
=
=
=
4>
19
i
22
f
o,
Ae
X
o

U
A}

> ofr
30,

k

93] GARCH HEeje AAE B E] AAIE £
o] WABHA F-F2 FoEo T4 FeH9 A&H
A HAek ol FA FEjo] ARE st TR A7
GARCH #E9] 3§ AAE 2y &4 Pz &
0] 83t FDA (Hérmann¥} Kokoszka, 2012) T3 o] A
2 £ 9ty Hérmann 5 (2013) 0] A|¢F3t ARCH(1) 28
2 A7 Byolrt.
Uehll= 1488 TA7HA9] $74E 71822 Axket ¢
s By E IWE AR AA-S AT
Feoll tiet 2N {yn(t),1 <k <T,0<t < SR o1&
AZHe VERdTh &3 S = 1o]2kal 7Pgste] 72k [0,1]°] 5
02 273t 02 AN 12 TEAE FASE IRIE 2504 HAS A
< Fob dF 23 FAES A glon, B AFoAe 1E, 3%, 53, 7, 10 HFe=w
o158 Abete] o] g3k5th Hansen® Lunde (2006)% 58 742 ARg-2 Alokslglom Yoon
% (2017, 2018)A = 5% 7HE 45 212 £ AES o83kt
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3.1. fARCH(1) 2%

719 ARCH(1) E3o] el A A8 AFY AFAFeE et 27 FARBH
fARCH(1)dME HA &Y AFES 2129 ¥Hed T ¢4 A8 2T (functional lin-
ear combination) FEIE A4 FEZHY HEA TS Vel (Yoon 5, 2017). FR3 2o
21 4 7] 8 & Hormann 5 (2013) ¥ Yoon 5 (2017)= 7|Hte 2 HE =S 3t} 43 WFAd B
1S OF7] SsiAE WA AES S he Fodof gtk g7t Fe A9 (0,104 A3
Zte FEE 7AE gubE < F4F 2 (generic function space) o]t F4F I 2 @
& 7H(Hilbert space)o] = H = L*([0,1])°] 3L sup-norm||z[es = sup;efo ) [#(t)| Q) A&T
2 o]folX FZF F = C[0,1]¢] At} Hormann 5 (2013)9] 7|&5 AREBIA, 437 FollA]
7} ok 34 (non-negative function)E2 H3FS FHE Yehdth. 713 §(H)E 437 FHo
obd 3, {en}E Foll J+ iid G 2 4, B(t,5)E +°] oFd A T4 (kernel function)z}
BRb St FollA A" Ay <= (random function)e] 4 {yx(t),k € Z,t € [0,1]}ol th3ll
fARCH(1)2 t}23} o] A3t}

yk(t) = ex(t)or(t), te€][0,1],

of(t) = 6(t) + B (yi-1) ().
olw & T & A e skl whel fARCH(1) Z2 A 27F &A1 517] 913 27 o] Zebxlth. Hormann
= ( 2 fARCH(1)ol A A4 &F A (strictly stationary solution)©] £x]3}7] 93 SE=
ol 24 FHL AASALE. B =RiAE T¢axt FrF @WE 33 H = L2([0,1)) 9 A2 2738
= 2017, 2018).
A (bounded) A A4IA}F B(t, ) Th=at 2ol AHoj 7t

|o

ok

i

odtl
N

f o
O 4y Moz

B (y21) (1) = / B(t, s)y2 1 (s) ds
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=3 K(e3) = ([f B2t s)et(s)ds dt)/?S ot E{K ()} < 1€ WEdH= a > 00] 2A3
thd 99 fARCH( ) ZEAAE LI F = HollA 793 234 €348 247 9t (Hérmann
5, 2013). =& fARCH(1)oA 9] S §(t) 9 AAAE (1) S =400 thal A H AT FA o T3l o]

A

24 7143 $8-E Hormann 5 (2013)& #3817] viehe] o714 228 4 F4oz beux 3
of thalAE u(t) = Ely(t)] = 02 7Pgskel thge] 84 o

o} #F3EE 2E(27] N)olA Fadds

WA} A FRA AAAE o] S
1 N

Cly) =« D_{Zev) Ze, y € H,

N
- 1
Gily) = > (Ziyy) Ziwr, yEH.

A7IA N& 259 Foly K+ o]§5h= I 89 7/I+E vehdth K+ 247 493 4+ 3+
o] Hormann 5 (2013)2 K = 2,3,49 A7} H el 235 A|F-dtia AASE v itk R fda 3
AAE olgoto] 249 RE HHL 28T 4+ 9ov] F4 A neSe AFAR B ANz F
2lo]l 7] A (Fourier bases)U B- /\“ﬂ—o 714 (B-spline bases)7} Jt}. Felol 7|A+= 5 dAHS F
712 &5 F714 < dlo]E(periodic data)y 714 ool 7}7k2 dlolE], B-2FEQl 71 A+
u]5 714 2l o] €] (non-periodic data)ol] AHE3ITE B-AZ 219l 7]A & flexible systemS A at0 A
YAoz 48 Kol $& SAE e Aoz Feld stk Yoon 5 (2018)9) A% EAo A B
Z2l 71ME o]8ste] FA Tt

3.2. 0|2 I-AIXL = H1SY oI5

ARCH(1) 23Ae} Zo] fARCH(1) BR3-g o]&3to] njef Alake] WE4E H3M] F+2E 53k
A& 4 Yt I 2T 505 (1), 1 <k<T,0<t < S} 4537 F = Holl A9 fARCH(1)
Z2A20)al {ex}oll A E(ex(t)) = 0, E(ei(t)) = 1o]gkal 73t olmf, thg3} o] TA o
A9 1-A| A} & HE5A2 th3 2t} (Hormann 5, 2013).

4

-

0741 = Var(yr41|Fr) = 6 + B (v7)

Qele] v 2,3, o] BE AL o4 MU v} glomz A FHoT FEITHE T4
Aol R85 Zolth. F5FL F = Hol 2FH: A9 F5 ()9 /199 Aado] AT Ax

N
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Table 4.1. Estimated results of multivariate GARCH

Model Parameter estimates
EWMA A =0.94
hi1,, = 0.00002 + 0.02239a%k71 +0.97088h11, k-1
haa | = 0.00002 + 0.04818(1;,671 +0.94074ha3 -1

CcCe(1,1) h33,, = 0.00005 + 0.05992@% k—1 T 0.90529h33 k1
’ 1 —0.03550 0.05362
R = {-0.03550 1 —0.04409

0.05362 —0.04409 1
hi,k, = 0.00256 + 0.03757a7 ;,_ +0.00025h11 k1
hag i, = 0.00131 + 0.11278a3 , _; + 0.00553ha2 k1
hask = 0.00124 + 0.08886a3 , _, + 0.00472h33 1
DCC(1,1) 1 —0.02156  0.02812
Qr = (1 —0—0.0961) | —0.02156 1 —0.05080
0.02812 —0.05080 1
+0X€ep_1€f_; +0.0961Qp_1

0.0027 0.0214 0.1443 0.1297

¢ = [-0.0001 0.0005 A= [-00859 0.3254 —0.1134

BEKK(1, 1) :—0.0002 —0.0006 0 0.0331 —0.1960 0.1875
—0.0453 0.0339 0.1261
B= 0.1803  0.5694 0.8595
| —0.0367 —0.4117 0.2801

EWMA = exponential weighted moving average; CCC = constant conditional correlation; DCC = dynamic
conditional correlation; BEKK = Baba-Engle-Kraft-Kroner.

A ok B o017
2 A7 F ATAL of

, theol ARwth: E(B(er)) = B(E(er)). whehA okt zke] TAIH A2

2 4 9tk

)

0% = Var (yr12|Pr) = E (y712|Fr) = E (07 2€742|FPr)
=F (562T+2 +8 (’y%ﬂ) E?P+2|FT) =0+FE (5 (y%+1) |FT)
=0+ E (B (07+1€r41) |Fr) =6+ B (E (07 11€741|Fr))
=6+p (O'%H) .
A Ao 7 TAIRNAY XA & HEdS thadt 22 Heper 38 4 Qi
0% = Var(yrsi|Fr) =6+ B (o711-1) -

thx 4o Akg B4 Al e 1 =12 1 =242 F WA o7 Alke] eJAIH o Sltt,

4. A= 24 oAl

2 Zolie Lol 2708 2ae =) KOSPI A4 Azo] Aget A2 oAlsa og 7]uke
FARCH(1) 2% 23 A] o] 88 A2 271 59§ A7 AL ANk Ay B4 ghagel 2
= ZE 20104 19 5Q5E 20159 69 30Q7H4 1,309207ke] A% AZHRE 03 A7) 18
Aoz zAE THIE KOSPI A4golth. 5% ko] A7 tolAle] 278 Pu(t)ekn & ), yu(t)

o

4

qul

_—
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log Py(t) — log Pu(t — h)2 9% 271 5<8L AoJant. 5 h = 52 3o] 52 04 21 598
< 7A4Fste] (Hansen¥} Lunde, 2006) ©]-83FH Yoon % (2017)°|A % W% KOSPI A4 25
fARCH( ) B3 AZ Al h = 5% o] 58 744 21 491%3_ ALrste] o] gskint. & AFolA=

227 21 508 (h=5) ® ohleh 1¥ 24 (h = 1), 3% 24 (h = 8), 7% 24 (h = 7), 10% 2
(h=10)22 Z 5708 4% 21 $£9ES LHYCY o 5 HAA A7 144 hE Fz} 53Tt
F31 2, Hormann 5 (2013)9] 5 A A2 Professor Ron Reeder (University of Utah, USA)7} B U
% R 558 $74/2450] fARCH(1) $4€ 3822 waierh.

i)

4.1. CHHYE GARCH 2 Hgt

thi ek GARCH 23 BEAoAE 919 21 8 F 12719 AIH tolAe] 21 £J5E F55k0] 2
Aol o] &3FATE. 9A] 1582, 9A] 455, 104] 155, 10A] 455, ..., 14A] 155, 144] 4558 o|&A 7} A]

THEE T AFE 302 TA0E 2319 (F 12417) AR Al AR Fol F 4719 3% HH
AAL 1k, rak, T3k, rare “3/33A T Hwang 5 (2009)2 =W 2§ AIA<E ‘:'Hoﬂ oA BEKK
% CCC EFo| th2 thi®F GARCH EFE0 vls] 58S HAFTh ATl A= Hwang
% (2009)9] 2¥E EWYE 50| BEKK, CCC R3E JFA| 7|11 18} Eﬂ?ﬂ H Rl Bl
EWMA 233 CCC B3& g7A171 232l DCC %o% Agretoict. 2E WE AAE reoll 3%
Aol By AFA]7] 93t] rpo] HF WEE Jog HAST EWMA, CCC(1,1), DCC(1,1),
BEKK(1,1) 282 A3ttt Table 4.1-8 A7 7+ 7} 189 2 &R o]FojR 3
B AAE rapol ohi W54 RS Agst Aot vpirbR] AR rok, rak, rar ol e AT}
2} o2 AIZE ZHA Q] b= 3,5,7,1000 gt A A5 4= o AW A AAE A=k

4.2. fARCH(1) 23 =gt

KOSPI #t504 5719 A7+ 7v4 hE wel 73 95 27 $9F yi(t)ol FARCH(1) &
ZANE 475 A} Figure 4.1& 3 Ad B(t, s)2] 2@=o Figure 4.2 374
EEETI=S

o

Figures 4.17} 4.28 B9 AR Ao (7} 0o} 10 717HA wf (t,5)9] Fho]l AAE Aoz Ko,
AZE A Wb 18D b ALSE B(t,5)) TR vISE FEE THE oz Btk =3 0S

TC
B ¢7} 00y 1o 7P RS2 §9] Fho] ARE Aog Ho|xu, A7 7244 h7t 2 3 7HASE §9
Frol AR Aoz Rk x3 fARCH(1) 23S o|-§319 l_}&]x]— Bo] MEAL o=
Figure 4.32 373 22 F53F 41& o] &3Fe] KOSPI A& 20154 6¢¥ 22¢¥ 7= (1& 7+

A =
gl thFh) L-AA, 2-A13F Fof WEAS 5T Tzt =, 649 2393} 24949 WMFEHS F7
sto] UEhd Tefzoln, Zze] Jejzolle 7 @Rl sdete 1% 14 2O 489 Ay e

7 BT

nee 7 wEAS Hmaﬂoﬂ Agsictn BREch geby ki usy Byos :
e 71202 fARCH(1) 202 4% A5AL vash|= Sk fARCH(1) 232 Agstel 9
54 FA5U AN 3% U] AL Uehils F49 Fele] WE4ol 49Tk 249 W
54 o3(t) FIA Thie WEA By A% A o 8WH 12709 AR tel e WEAL Telshe] tha
WY RPS AP T 2 WSS vasgeh Tables 429 43 thiF WEY mYoe



304 D. H. Kim, J. E. Yoon, S. Y. Hwang

Figure 4.1. Plot of B(¢,s) (h = 1,3,5,7,10 in order).
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Figure 4.2. Plot of §(¢) (h =1,3,5,7,10 in order).

9] mean
ozH
Az
A4

F7% MEAE 7IE2E 3o A7 7HE RE ZE3M fARCH(1) B3oz A3 WE
squared error (MSE)%} mean absolute error (MAE)E 3t ZA3}o|t}. tpAs WA =
127) AlRolA =49 WEd-2 fARCH(1) W54 Zate s 15 & Qlty. weba of
Aol FL7} 3 o+ U H s EPo2RE FHH WEd¥ fARCH(1) S 2 HE
FATE Aol 7t o AT HANA H A7 Fe BAIZ AAd9rt
Z- MSES} MAEQ] 32 Y3t A7 7HE hE 7K+ 21 9 &9 fARCH(1) B2y} opii=sf W%
4 wae Agstel 248 WEAL o83 7@ gholth EWMA, CCC, DOC, BEKK 282 7]
#0902 fARCH(1) 2802 243 WE4go] MSES} MAE Z2 B ), RE 7|24 A7 714 hot
129 wjo] gro] 7% Aoz vehdt}. 3 A7 748 kot ﬂéji,‘—% MSE&} MAE Zko] AA=
AL & 4 ok 54 Gt 73S SAFSEA mean absolute percentage error (MAPE)E 113
3}t Table 4.4= fARCH(1) 222 FH3 HEAe] MAPEES +3 Zio|tl. EWMA, CCC,

I [ ot oX
N,
[N

N

T

)i
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Figure 4.3. Squared return (dotted line) and estimated intraday volatility (solid line).

Table 4.2. MSE of volatility estimated by fARCH(1)

305

MSE
Model
ode EWMA ccC DCC BEKK
fARCH(1) : h=1 2.6139¢~06 1.6258¢ 05 1.7011e—96 2.0776e~06
fARCH(1) : h=3 3.1031e795 2.9465¢ 795 2.9404¢~95 2.7446e~05
fARCH(1) : h=5 1.0340e—04 1.1108¢—%4 1.0469¢—04 8.5465¢ 795
fARCH(1) : h=17 2.0725¢~04 1.9948¢—04 2.3835¢~04 2.3312¢ 704
fARCH(1) : h=10 3.8395¢~04 3.4347e~04 2.4847¢~04 3.0921e~04

MSE = mean squared error; fARCH = functional autoregressive conditional heteroscedasticity; EWMA

= exponential weighted moving average; CCC = constant conditional correlation; DCC = dynamic condi-
tional correlation; BEKK = Baba-Engle-Kraft-Kroner.

Table 4.3. MAE of volatility estimated by fARCH(1)

MAE
Model
ode EWMA ccc DCC BEKK
fARCH(1) : h=1 6.4969¢ 04 6.2738¢ 04 5.4912¢704 5.5090e 04
fARCH(1) : h=3 2.2360e 93 1.9354¢—03 1.6735¢=03 1.7964¢—03
fARCH(1) : h=5 3.9804e¢~03 3.5499¢~03 2.9837¢703 3.1449¢03
fARCH(1) : h=17 5.6999¢ 03 4.9953¢703 5.1693¢ 703 4.8346¢03
fARCH(1) : h =10 8.3482¢ 703 7.3517e~93 5.4574¢~03 6.7038¢~93

MAE = mean absolute error; fARCH = functional autoregressive conditional heteroscedasticity; EWMA

= exponential weighted moving average; CCC = constant conditional correlation; DCC = dynamic condi-
tional correlation; BEKK = Baba-Engle-Kraft-Kroner.

Table 4.4. MAPE of volatility estimated by fARCH(1)

Model MAPE
EWMA ccC DCC BEKK
fARCH(1) : h=1 54.9847 44.7128 41.6422 40.3806
fARCH(1): h=3 77.6101 56.0878 51.7754 48.6323
fARCH(1): h=5 76.4221 53.6674 44.9503 44.5932
fARCH(1): h=7 80.6188 55.7525 54.4026 44.4701
fARCH(1) : h =10 82.5556 55.5225 38.2043 43.6580

MAPE = mean absolute percentage error; fARCH = functional autoregressive conditional heteroscedas-

ticity; EWMA = exponential weighted moving average; CCC = constant conditional correlation; DCC =

dynamic conditional correlation; BEKK = Baba-Engle-Kraft-Kroner.
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BEKK Z¥& 7|£22 fARCH(1) R¥oz A3 W54 MAPE & & u] A|IZF 74 h7t 18
o wjo] Fro]l 71} 22 Ao Z vepdrt. EWMASE CCC EFAAE 57 HEo] F HAR £
BEKK R3] 108 7+280] T H2 Jeghdrh DCC 2L 7|28 MAPE

102 wje] ghe] 7 a1, At o 2 & h7F 12 wje} 58] HupEtt. mebA, ¥

oA B 1% KOSPIY 4% 21 =9 A A FH3 A1 482 h=1(E
W 58 AIZF 7HE A" E s Bt

2ol Flelt U +AFANA ZREche lEe] % WE AT F4Y 954 UARCH(L)

el WAL 35 243 W o 2o
5} 24 fGARCH(p, q) 2 39 4 o (A=
) A4m BH 22380249 R-code: fARCH( )3} fGARCH(1, 1)%o] 7153k fARCH(1)
R-codex S+ A oL} fGARCH(1,1)2 ofF] Eetddo=z gt o] (Yoon &, 2017, 2018) £ 9
FoA= fARCH(1)¥-2 vttt thids H5A Ego 2= Lee?} Hwang (2017), Hwang 5
(2009)oA] Z1) KOSPI 22 W54 2802 A8 EWMA, CCC(1, 1), DCC(L, 1), BEKK(L, 1)

ot
fuj

EYS BASITE 3 1a 2oy o thi® WEd B4e A= B 5 e Aotk &,
shRol 12415004 9] thilsk WEAS 487 S8l 4709 3= WE (r1k, T2k, Tak, Tak) A 470
9] ¥ (EWMA, CCC(1,1), DCC(1,1), BEKK(1,1)) Ztztoll tha] s3staith =3k 5709 A7+ 7+
4 4% 23 $o Bl thell 598 BYe Adetrk. wWebA F 12 x4 x 5 = 240749 thi P WF
4 B EAo] o]Fojxlon olgg Y Al wuwsty] HA dEdE sAH Fd 2y A 4
e AERlen o % A2 AFILA dvt. E=F 120 F HEA £A4S d6k7] Asl 4749
s B4S 3 o “curse of dimensionality™& & 4= Q&= 7HA% Byl AtAtid 129
= HEA 42 53 fARCH(1) ?‘%‘Qﬁé WEA 25E AT 5 e Aotk o)F & 5 9l
ohd 24W% B2 36 WEAd R¥or £ o “iHE” 2A-EEAEE Ee ¢ e Aol 23
A 27" CCC ZFA R = (pij) i mx me 5(equal)-2AF FAALA (pi; = p, E 4,50l
A)R=(p): mxm 2 23} W thiF W54 BYPNA Y B4 571 FAA Fol=+ 2HE
E 5 Stk o]2d BYPL Equi-CCC EFolet Aotn ofof] thdl o] 9 38 A77F BA= 3
I A5 delEnh B dFolAe thig isAES 9453 48 As4Y A der 4% 5
SEoEA AT 2 7YFE ALY AR A A" RS ClA87] Sl 20109 19 5Y5E 2015
69 30Y47HA] & 1,34997H9] 1% 744 W= KOSPI At 242 T35tk oAld 249 <4
“d (stability) ® 737/ (robustness)& 13i4 A5 7|7 F H2 52 Al E22 2 WrojA AR
S ks A% £ otk olgh 3 v IRIE F§ AALNY H8s FF AFAE AT
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