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Abstract

Contrasted with the standard linear ARMA models, financial time series exhibits non-standard features such
as fat-tails, non-normality, volatility clustering and asymmetries which are usually referred to as “stylized
facts” in financial time series context (Terasvirta, 2009). We are accordingly led to ad hoc models (apart
from ARMA) to accommodate stylized facts (Andersen et al., 2009). The paper aims to give a contemporary
overview on financial and special time series models based on the recent literature and on the author’s pub-
lications. Various models are illustrated including asymmetric models, integer valued models, multivariate
models and high frequency models. Selected statistical issues on the models are discussed, bringing some
perspectives to the future works in this area.
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& A s 5Ol wet A #5E AR AEE e AR (X, X, Xn)E R

ot A ALZ 5 vBd AlA
42 vk 4 Qlong B =Foie AAE BPoEA
= e 2y FRYA AE Aol 5E
(ARMA; Box &, 1994) 2@ 2 B 542 ALY Fx7t (thHE) BaEzeln wehA
B3x7} A7l tisl 7k A9l A4 (time reversible in distribution), Z, (X1, X2,...,X,)8 £%7}
(Xn, Xn—1,...,X1)8 FX} Zrh= Holtk. 7P 21dsk ARMA 232 7Pd de] 20+ AR(1)°]
t}.

Xe =00+ 01 X¢—1 + ex, (1.1)

A7 e BHo] 00]a Bite] o2¢l AFEEZE wWeEr iid FEWSFDolth. Tong (1990)&
4% ARMA B3] S AAstal tgd vdd AAE RS Adeiitt. 2 FolA 24
Z (threshold)& 7} AR(1) 238 (threshold AR(1); TAR(1)) th=3} 2t}

Xe =00+ 011X, + 012X, +eu, (1.2)
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1714 2t = max(z,0)2} £~ = max(—z,0)& « = 0949 &4 4 sty FEAF AR(1)
23 (random coefficient AR(1); RCAR(1))2 Al47}F g&H9l 2|t}

Xe =00t +01:X¢—1 + ey,

i

714 (Oot, 01¢) < iid ZEHE oLy, A g2 2= A
(integer valued AR(1); INAR(1)) R¥ = Sn|Z2e 23

Al A€ (count time series)S 93+ AR 2

Zeltt.

e

Xt =010X: 1+ ey, (1.3)

1A 71F o= 010 Xy = ZZX:tl B; 24 binomial thinning operator® UElN W {B;}+= A-&&E°]
¢ | EEsdeltt. QA {er}+ Bl 6ol AlF(count)d iid FEH(, *Eof
S)olth ZEAA BY (1.1)9] vAdgere] 25 Ry ol9ox SRS oo A AFE
Ao m Tong (1990) @ Grunwald 5 (2000)= #irst7] vpdch FEAAE-S Gubal AlAIG 4]

2 MZ2L U] 7HA] 53 (stylized facts; cf., Terasvirta, 2009)2 R ol A&o] Qlth
(i) FHEE7} AFEE 93] 1me]7F T2 fat tail == leptokurtic FAE Bl & Itz 9l

Jo] AR vidl Ett. (i) FHEEZF AFEE7F obd non-normal £X & ul=
7wtk (i) AAE ERE AVEY MEAoR SAFE AFo] 2 A A2 A%
HEgE= A5A FEF, =, volatility clustering #4Fo] H oIt} (iv) WEA o] JAAHR
3] Wg) A A 9l <5 (asymmetry in volatility: leverage effect)S Hol& A7 Br)h A|AE 2
o) 2AF Bak(he)
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Ht = E(Xt|Ft71), ht = Var(Xt\thl) (14)

F S8 F 7HA aa0lth o] =RolA Fra2 t - AR 28H A
1 (LA)AA w9 his Froa AR o] &3k FEwgeln
He 2ol weby A7)kl JE Aol 27 3
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e Ay = 2 EAF b= HEA (volatility) ol W thREL] XA 2ol A
he 7} A9l BHolA W FEAADoA = BARLE MEE FEAE APANALR 3

Z AR o]FE Ak conditionally heteroscedastic) &

tional variance model) o] 2} £ 2t} XA F o] B o

conditional heteroscedastic) RH o2 FalZog A= 7] AlFsR e o] & oF 30\ d7F AFFAA
S, ARE R AALRA 5o Rl A oie ol % SEATI FAR ] Fok B EANE B
ASHAAL £4) 4 BAAN o5 FEAAL R S5 IS0l thaf Lobu 14 Ay,

o
Ao
T AJZr] W}l W3l= 238 (time varying condi-
23

8
Ak 2 Engle (1982)°] 2] 3 ARCH (autoregressive
=

AA tol| A EA 24k 741AS Poet okt 2a50E (MRS X = o) Zo] FojHt)

X¢ = 100(log P; — log P;—1), (2.1)
o714 22 AAZ T X, = (WEE)5AE X, = 100((P: — Pio1)/Pr1)9] SAZkelH A%
2] o] R} (continuously compounded interest) 24 t}7]ZH(multi-period) =& Axto] ZHH s Fhe

Fejoluz thEE FAE Aol RS (Tasy, 2010, Chl). FFAALY 3%, {X, )& 74
5 A7)l g A7k Ben, Bl {X7) EE {|X [} ol AR A7 4w Holt 7
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7t oteln. & e 4 3 (empirical) ol o] 3t {|th’"} AAG FlA m =12 BT}
7P 2 A7EEE Alwehe Ao delA 9 ou% o] AL FEHAIAL B Yl AT (Taylor effect;
Terasvirta (2009), Chung>} Hwang (2016a)) 2o}t & {Xi )= FAZI AN EHL old A AE
ool webA ol §E A AAL 239 W Aol D S0 AFA ARMA £
2 BE5EA o) B4 L ol 3o] BHL F1 Yot FEAALOIAE WOk SolBY A, 3,
2% B9 b2 shebshs] 913 2 Aol Feska ao

ZAR o]24 GARCH E3¥: Bollerslev (1986)0] &l 1¢td ARCH 239 Qulsl el
GARCH B3 FolA o3 22 dx2 39 GARCH(1,1) B9 {e} & th=34 2}

e = Vhier, hy=ao+aici1 + Brhi1, (2.2)
A7IA er= Bo] 00l R4to] 12 #F3} 9 ild SEAFEolY hys 2AF FAH(HEA)olth |
B he = Var(e|[Fi—1)® Fr0l S8be gEdsoltt. AR (2.2)& TARFEA (pq) BRI
2 33 4+ 9Jon, fgirEe] A9 74 GARCH(L, 1)o2% £2 248 £33 4 Y= IS
Hansen¥} Lunde (2005)& £33t v} ity 2 2549E { X }oll A7) Aol gle Afodles F 7 &2
37t 7ttt (1) X = p+ e 714 pe El’*oleq Z1AZkelH (i) BE7|7F BF 2249
Eol XYW BE4AR X — X & 2 53 Xy — X = 28 (22)5 48 & 5 o} &
AF {X;}oll A7) EAsE ARole Xt = e + &= B3} it} & 5o 959 A

BAG7F AFAH R Fadte A v 22 AR(1)-GARCH(L, 1) B3& AM=E €2 Aol
Xe=00+6Xe—1+e: e =Vhies, he = a0+ are;_y + Brhi—1. (2.3)

e Fold 489
A (leverage, Bt )EIS WIS
28 ol TGARCH(1,1) 28L& Hea

ofy
Lo
g O
N
_IQ

he = ao + a11 (6221)2 +an (64)" + Brhioa, (2.4)

1 < appolth. HEAe HWeElx] B35 93 23 22+ Exponential GARCH(EGARCH)
=3t BAH 23 (APGARCH) & t}¥s Wy 28 E9] 9J2n Hansen¥} Lunde (2005), An-
dersen 5 (2009) Z8]3l Francq®} Zakoian (2013)S #FH13}7] wighth. WEA At FSE7}S3S
W o]& GARCH 39| 42 o] &3t FHsk= By 7wt = 28] 78 A3 AsE 3
B3lo] BMZAL 2AFE AR T sl B9 AFE AR A EE B
to] P&3lo] MBA A= HORE A $ 715 0]%5 % o (exponentially weighted moving average;
EWMA)Z} 914 ¥-5A (historical volatility) ¥ o] 912 (Yoon3 Hwang, 2015b), A& 252
AALA Ad 25 183t £47 2 KDE(kernel density estimation) ®H-S 0]-23F v 242 2y
A1% st} (Andersen 5, 2009, 37).

fo 2
N
x
£

Integer valued GARCH(INGARCH) 2&: AJAgo] 0& £33t A4 (count) FHe 2= 3
GARCH 23 (22)& 7] 240] Boshth. o8 Sof 0182 Welo] we} 0,1,2,... 59

2 208 A B AP}, 2oEel 459 AL 1 Sk A9t 002 5dE FEA7
Gol o] Aol ZFAh ATAALG volHe] AP 54 Y LB YA AALe] AFAA
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do] HEo &t} AedE A|AE AEE 3 Ferland 5 (2006) ] A <QFSt integer-valued GARCH,
%, INGARCH(p,q) 282t — 1/\11477};‘]«] HRI} Fo7 24N A AAE X0 2AR B2
7} B3 BAro]l A Yl 2okg B E wEY WEAd ATt T 4 2

p q
At = oo + Z o X + Z ﬂj)\tfj‘ (2.5)
i—1 =1

o) HYe 2AY BET TOFLIE AYST gomm FEst Biel $Usel THIE(over
dispersion) ZAE AWt Xoh= ©Hol Jdom ol H&s7] 93] Zhu (2011)+ 27AF 22
2 &o]3(negative binomial) EXE o] &3}t HZ AFAALY 23 A4 g3} (zero in-
flation; Z1)& 223t J#J-INGARCH A= s A= o} (Zhu, 2012; Yoond} Hwang,
2015a).

Multivariate GARCH(MGARCH) 2%: thdzk A gL °
MA YL 50 BA0l FE R Tk VARMA R4S WAL A5z 1F
e BAo] 2AS ulx1 9t} VARMA £419] E,—E—(comtegratlon)»]— =
causality)2 AlFAAste] Zost Egelrt. thA# AAGES TSN ZH2te] 49
A2E 7M1 v AAILGI AN o] W2 AIAIEES] AP Ao Xé*c}/\lﬂl"éf)l e
F HEAALEL “FAEL Ho] Urh(cointegrated)’gtal Frh FYAALE olF= AT
712 Aol FET TAEl ek X}Aﬂ‘ -8 Wei (2006, Ch.17)& #as}l7] wpgoh
BAALD (z) 7t ©F2 AAL(y)E 2WA AFstks uje ¢ E 5T u 29 JAAA
L1, Tio2,.. .= AEIHE Zlo] AMEEHA ?% 2 Bty (BAHeR fotA) o e A%
u] st} (Li, 2004, p27) %X OHME 7k WA A AR 9ty B HE AIAGR
oltt (K
=

Ea
ot
>
2,
2,
[rt
o
T

¢

do
o

"
do 1o v I oy &

"

rﬁ rlr r

2 3t 1
% WE-AR, &, VAR 242 2 BE Wald-Z A& $38H= o] im¥} Lee, 2005).
g e —L%éifﬂ% 239 MGARCH 239 FHL2 thizg +d& 747 WAy tEd]
HEAE 9 F4A FA(RAR AB3AF)E A6 BEE & 5 Qe o Jon o]& o] 8314
VaR(Value at Risk)E AMEoz A AR TEZE]Q I A4 vl (asset allocation)ol] &
23 9<% sith NAGISHEZA Y ke WESdE (X} & e 2ol 233 stk X, =

‘E”‘_!Ei 01111, € = (61,5, .. -,Ekt)’C MGARCH E%QEH E]‘%J_q' 71__—1":]'

i

2

p+ e, A7NA pe BE5Y
1

€t = H2€t, (26)

5 = Cov(e|er—1,€t—2,...)0]L H1/23§ kx k Fgx34d

ojty. EF, e k x 1HEHE 57&—% W53k E(er) = 0, Var(e) = L. 2% 2%
a8 H,E 283} 317 §3 HECF EWMA (Exponentially Weighted Moving-average) &
, DVEC(Diagonal VEC) 23 % BEKK 23 %] It} (Tsay, 2010, Ch.10; Song &, 2008).
MGARCH Bde) 948 B4 7147 A4 kb 70heAl U eldoke Hojh. #4siobe
B ieE A3 E017] H8 AR ARASTE AR Adgle]l dAz L HHS By, &
CCC(Constant Conditional Correlation) 23] 7|4t=] it} E4A Y CCC Ry 23 2o}

H¢ = D.RD; = ((pij v/ hiithjjt)) )

1 1
D, = diag (hfu - h) . R=(()), (2.7)

A7|A o] RAFE B4l

El
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ANA hi (0 = 1,..., k)= 27t &¥% GARCHE R¥3H 1, RS AdAs Fdolrt. o =24,
GARCH(1,1)g w2+ CCC B39 D, ¥ 77| 4445 v33) ¢

CCC Ry xR AaAG ddo] Azl met WA d=the 78S &3l 49 of8es 35
BRI AlZbe w2 WAslele bR AAEY S48 TefekR] Zo whdo] k. A7t &
2R AAAS €L 183 CCC 239 gnksld Fejrt A7= e ©] 23 o] dynamic condi-
tional correlation(DCC) 23 ojt}. DCColAE= CCCe & 2% AdA+T GARCH 233} 3
o] A7+ 3 (time-varying) 845 F713F 3 o]} & 4= It} (Tsay, 2010, p.531; Choi 5, 2009).
A STk W 24 By a7 348 Wolkths #4132 A% 4 (dimension reduction) & 5
HE FHT 5 ck. ABA chae AxEA AN ol 5] s WEA ZA0 e AxE o
3t F£8 A AT AHA A F4E St A4 E o HE US54 Y
Z ¥+ macroeconomic factor model, BARRA factor model2 224 ¢l+ fundamental factor model
A statistical factor models®] Al 7}A] 58 o] . 2| S Ul-8-2 Connor (1995), Tsay (2010, 97),
Song 5 (2008)= #13}7] wlghch

2

lo 19 &b 3k o

High Frequency(ZH%E)Al8 7|4t A¥AWHEA (realized volatility; RV): gubzo
o] HFAL ¥ (daily) MFAAES oujsly AFZ7IREZRE A4 o) AR, BdlolE <}

AdE AAZF A5E B IWE 2F (high-frequency data)E o]&3|A 4 WEES AL

Wyl g A7E s BT Ack. oleeF dole] Az o] P Sow Asje) WEA
2o o] AW FAPAS E7h AR B ohUn 12 WES] AR S3} 22 THE ARES AR 2
A 3 9lt}. Anderseni?}

[<] R

Bollerslev (1997)= 52 @919 1¥= AR S o|&sto] AAdHFTEE F4sks e 2% 0
ok aHlE AR S o83 AN d¥ WEAdS |2} 3
ek of7]A “Addrold Heff #5 27 WEAEe ARlE ARERE “BSH(
& 5 Jdoke orjott. o J

2] o F v & 99 E A5H IE (5E 85
(Yoon¥} Hwang, 2015b; Tsay, 2010, Ch.5). 7]% r A o

Foll sl WS FAse B-role o 4 2 £4E(r) = o1 8TTh A ARlE 27| 7]
nksle] 3= Afole 45 21 £9E (intra-daily log return)olgl= A& 1esitt. 95 21

S 2

~,n2 U td
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© >
2

-
=
1o,
i

3= E?:l (RRCA-S UERd 5
£ n=360°T}). 4t =

[
¥
15
i 3
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M
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&
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M
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%
+

Var(r| Fi—1) = ZVar(m’i|Ft_1) +2 ZCOV[(rt,i,m,ﬂFt_l), (2.8)

i=1 i<j
A7NA Fro1& (t — 1) D7HA Foi3] AR E yehdth 47 23 $989 =
23 4B BT TGS om T 4 Ak f9 2AR E4L 2
P
S|

Frorol 2458 958 9bgolet 1450 st 2ol 78 4 ek

n

(Tt,i - ﬁ)27

NE

Var(ri|Ft—1) = ’I’LV&I'(T't,l) = n—1
=1
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RV, =Y 77, (2.9)

5 RV:+ t¥9] 4% 21 7Y AFFer Fdtt. €5 22 59F i/t 58Y
2 & % o} Tsay (2010, p.160)+= nZ0e] {r.;}, i =1,2,...,n7}
AEETE MA(L) B3-S a2+ AE aeste] 4 (2.8)0 #gE St AdWHE4 RV, 9
Chpal MEo] AL Xiao (2013)2 Aaeh7] HlgTh AT FgAkRelA SolEol ok AdAl
o] AJZ}7HA (time between transactions)S £418l= 2P E GARCH 29| Wigoz Ao g}
Engle} Russell (1998)2 IRIE At5olA A#E Ate]e] AR Falojdol thet 247 o=
ACD(autoregressive conditional duration) 28-S 2718 th. ACD 282 GARCH 233} v
%42 P2E AL Uk AT i (9A <A Qoluke Aol “AE Abole] A1ZF 21
X; = t; — ti—1 S FelolA (duration) o] 2kl $tth. ACD B ZAR 7|t FHolAE v, 2 2
. 2, s = E(GIF1)olth Falold Xt 228 7o) Falold vish 54 Jelel 27 2 7
AE i 714 3t} (Chung¥ Hwang, 2016b).

Xi:wiei, €; Nud(l,af)

R0l e ol ¢ ol Guk A FEE 10| Bate] 0?9l FBREE /PPSET BE
A 4EEe} ool B2 ol BT heket B ACD(1, 1)L the ¥ 2tk

=

Xi =iei, Yi=w+oXio1+ L1,
ACD Egof tfglt AAHISH W82 Engles} Russell (1998), Tsay (2010, p.255), Chung¥} Hwang
(2016b)& #113}7] Bl
3. SHA Ol5F
1AL AR A S5 BARS G(p x 19E])2] B (indexed) D 1) 6ol & AR F23

=8 A
Aed F8 olgrsol thel] o= Jhrt

s X))o FEZF S ARl B goll el 2IAPERTE F
o .

Y
Ho
e
oX
o
=
g,
£
=
o
2
e
to
B
o
lo
Ae
kd

- 7} AREet Agsn A4mel ¢
$3AE Yol oE Sol, 4 (23)9] AR(1)-GARCH(1,1) BFolA] ¢, £
2 7% 9EE AUS AA 9L 24Pl QMLIIT. X7t AFEES okl B

o 2
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B} A 57} ohimE 2HFRAIG RE Gebd B A€ B9 L sle o
2 QMLoleh @ 4 9tk FHAAY CARCH ool A QMLo] §83 ot (488 At

A) AR 7t Folol= J;_}ﬁ]gio] QMLE B2 ¢2] dxFATFo]7] w0 th( o] & universal consis-
tency 2} 3t} (Francq®} Zakoian, 2013; Chung¥} Hwang, 2016a).

FA-2 934 (Pseudo-ML; PML): Z8AA€e] 539 stylized facto]] w2 7149 =1

% (instrumental likelihood)E THE W AFE27) obd :e7f F4L B2y 2 vjtjd &

831 Ao B Btk o] Sof AR(1)-GARCH(L, 1)olH E7058 57| 93 ¢ o £

AR vl (B0 12) BEHE +BE F= 525 Qulsh AR (GED)E A8E 5 3

(pdf 41L& Tsay (2010, p.121)E F33}7] vigdc}). vt LAEZE ALl ALE

nandez®} Steel (1998)2 7|&e] AEEZE (L& F4A 3HAA) vd A 33l WHES %33
2

%0, sk

. FeR AR f(e)REE The T} 2L W)Y BEE BE & ok

fs(er) = = [f (et> I(er 2 0) + f(§ex)I(er <0) |, (3.1)

A7 € > 0% vtk
(31)& ©]83 }04 e
TLEE ol §3 PML

t} (Straumann, 2005).

ZCJ Y
LS
A

$%(Quasi likelihood; QL): F§AAIE 28 {X:}71 4 (1.4)A4 AYgHE F 7l =4
OJ ZAR A ()T 235 *P(ht) oz vk AFolF = R 3A (semi-parametric) 35 & SHAL
T o= e (P)2F he(o)oll Al Yebdth o3t 22 ojxkd HE 2 HE

Xt —
9:(¢) = ((Xt (@) — hz ) (3.2)

9% QL thewt 2ol el Arh

[Sul(] r<[>l

N

Qn(o) = ) Vi (@)gi(0), (3.3)

3.4
par() par(¢) — hi(9) (4
A7V piar(9) 2k pae(¢)E 33 R 4%} ZAR AE, F, pse(¢) = E[(Xr — 114(0))*| Fo1] 1T prae(¢) =
E[(Xe — u(0))!|Fema]olth. &-9%9 2 FHAALe] Hoppaeor FAHA g, A9 F
el AR AEET AoHE 2 By Fo o= T BYE B0 483 5 gle FUA

Vi9) = B [gtw)g?(e)wt_l]_(ht(ab) s (&) )

Atk E-F& (3.3) 74T
A o)& FAsl ok o= MAR Jom ARkl F-=of thefj A Heyde (1997)F, GARCH
o £-$ =+ Hwang 5 (2014b)E Fa13}7] nigch

e 23 434 (Godambe optimum estimating function): RS ¢(p x 1HE) &
2S 93 243 (estimating function) U, (¢)= A8} ¢o] TF42A p x 1HE] o]t} _z;_xgaozgq
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Un(¢) = 0= ¢ FAZZ Azdct. weby 343859 AHE 9o F2 w9 F23 7+

A (optimum) FAT4E Aestaat LgsfoF st Godambe (1985)= EEIAA “AF”
Ao A4S Bslar o] Aol HAA ugh 2 2HT: UL (9)E Tole 48 AN
. FEAIAE FofellME o] Fofoll thet w2 A7} o]FojF o GARCH #oFe] & A+
Chung3} Hwang (2016a)& #a1st7] wlgch. Al A g g3}l 2537 (Generalized Method of
Moment; GMM)2 ¥4 (instrumental variable) & ©]-83 1 GH| & 43¢ dFojzt & 5

At} (Laig} Xing, 2008, 97).

o ok

£-%2 4 (semi-parametric) GARCH: 4] (2.2)94 e8] 227} &8A A &3 AFA g Iy
)

A (
Fele 25 ¢S EdetAA ARFH] e Bl ed] TS

Z-5E4(semi-parametric) GARCH &4 o]g} 3t} o] 7
timation) 342 AL & Atk 25 ¢ AT o =
QL) 2742 o188 & 9o o] 1 Yol @2 (nuisance parameter)®] X 2]o] thek ]S 7]olof 3
t}. ¥|E 4 (non-paramtric) GARCH 42 HEA o< hE B 3¢ F =

(Linton, 2009).

Stochastic Volatility(SV) 2&: WEA ht t — IAZ7IR L] JE(Fi_q)ol &3 <ol
o]7]o] AP o] HAAA FEHow Bzl B o] Stochastic Volatility(SV) Z&eo|tt. u]th
W54 2389 EGARCH(exponential GARCH) ] stochastic component”7} B3| A ™ SV 28-S A
& Aok th9] ks SV B oA

€ = \/hj&, Inh; — filnhi—1 = ag + v, (35)

A7IA {v: )& iid N(O,

Yol {e:} 2= EH QA AMZL stochastic componento]td. SV Z3e] 7
< 2% MCMC W& 53

2
U’/
53l =9 "} (Taylor, 1994).

Value at Risk(VaR): ZHHEZEZE] L) Ao F-83 NdA VaRL ‘FoiA Al
dence level)3lo| Al 532 7] 7H(target horizon)s <F 42 91 Al (normal market)S A2 g
758 Ao) 42 A9t} (Jorion, 1997; Tsay, 2010, Ch.7; Choi 5, 2009). [7]7F Soke] 2HaH(E
EZ9)Y ZHAHES AV() B & w] AZEE 100 x (1 — a)%oNA ] VaRE th23} o] B3t

i
N
SN
B
=
=

®

Pr[AV(l) > VaR]| =1 — ¢, (3.6)

VaR A4S §3t =2 332 J.P. MorganAlo|A] 718k RiskMetrics7F 91w &35t VaRE A
A7) el E ZEZELE FAEE AMXHES MGARCH E4jo] AgF oz o|FojAof slnz
MGARCHO]| i3t A7 Aol et VaR ok Zro] s vrkar glrk. ARA|gE &2 Tsay
(2010)2] 77 (Extreme Values, Quantiles and Value at Risk)S #313}7] njgit}.

—

News Impact Curve(NIC): Engle¥} Ng (1993)2 AlF tolAe] HEsA Ao} 7P 29 9
£ 170 F5BAE News Impact Curve(NIC) 2t skl WaAdo] vt IS 2= B ¢
olH kT NICOIAE ¢ — 27MA19] AR F & 4= 7HEste] 7|Hgie® x| st ek
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NIC 4]2 Zivot (2009)9] &= 9t} Lee 5 (2013)2 thF
o|x-Y NICZ #gsla, 4+ (principal component)< 53k NIC

(2.2) GARCH(1,1)9] ©]x] NIC+= t}23} 2t}

W54 BgEe] A% NICE
ASHer vt Gtk o) Sof, 4

it st'

a5
— Bl '
M ESA WEA FeFAES B3 NIC 979 tisi A& Linton (2009)& #i1317] nhech.

he = (14 B1)ao + cne;_q + a1 fre;_o + :

2|4 4 %‘3}@ HE A (persistent and unstable volatility): A4 ARMA R 3o|A] [-A|z} &
g 2 | — ooofl et BY (F2AR) Fwd p2 J28ch o8 FA ARMA ZFA
29 Q—‘H( mean reversion) 2} 3l FAF GARCHOME A2} & HEA oS 32 | — ool W
(FR2) 09 B2 B2 ol WEY AToR AR L F 9ot 16454
e Ao wABTh A (2.2)9) GARCH(I,1)8] 490 (A2 nolde]) LA = ¥sA o g
hn(l) = Var(eni|Fn) & T 22 H3b4S w2t} (Tsay, 2010, p.133).

hn(l) = oo + (041 =+ ﬁ1)hn(l — 1), 1> 2. (38)

WA on 4+ /1 < 1o/ WEA BELe=R9 A Wt hn(l) — ao/(1 — o — f1)°] AHsA T
a1+ =1L WE hn(1) = (1= Dao+hn(1)°] Hol hn(1) = hnga o] vl WEAHN AEHOR
ol =¥ o]& GARCH(1,1)9] A< (persistent) MEA o2t 2T} 583 a1 + 51 =19, &, A
£HEAS 7k GARCH 232 IGARCH(integrated GARCH) 23 o2t 220} =3 oy + f1 >
191 A9 4 (3.8)o4 WEo] vje) WEAS] TAe ZAUTH WA a1+ f > 1 9 AE
B WgAdolst Rtk vy 2 EAF-GARCH EHoAY A& 2 B W54 A7
Park 5 (2009)¢} Hwang 5 (2010)= #a13}7] blghc}.

4. &A
B ATAE FEAAL L 55 2P0 B AL B % (overview) & THEYITh ThsE A2 B
F

AT A2 =S EUE UES A9 B =720 &5 FEAAE B Fof A& AZete+=
AAE SATAEANA =50l H7 : 2 WEE Foll= A A7t Edst
Al o]F A 3L = Fof2l AAF 4] (computational) GARCH, % ]‘ﬁ.(long memory) GARCH, v &
4*(non-parametric) GARCH @ #|o]X]2H(Bayesian) GARCH £4] 5o 9lor o] ¥ u]e]edo

)
st T FASZ Laig} Xing (2008), Andersen 5 (2009) 21811 Tsay (2010) 5 =43ty

me
—?3‘
S
kS
2
>
e
B
% o
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