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Bayesian Inference for Stochastic Copula Models

TaeHyung Kim * Jeongmin Park

Abstract We proposes a new Bayesian MCMC algorithm for dynamic stochas-
tic copula models with dependence parameters as unobserved state variables
and presents the performance of the proposed MCMC algorithm through sim-
ulations. Our MCMC algorithm draws the state variables with an acceptance-
rejection Metropolis-Hastings algorithm using the candidate generating proba-
bility density function obtained by approximating the probability density func-
tion of the observed variables to the normal distribution of the dependence pa-
rameter. As an empirical example, we analyzed the stochastic copula models for
the KOSPI index and the HSCE index (Hang Seng China enterprise index) re-
turns from January 3, 2003 to December 30, 2014 using the proposed algorithm.
The Bayesian inference and model comparison results of the stochastic copula
models of Gaussian copula, Student t-copula, Clayton copula, Frank copula, ro-
tated Gumbel copula, and Plackett copula showed that Student t-copula model
could be selected as the best model. These model comparisons results imply that
even though Gaussian stochastic copula model can capture *near asymptotic de-
pendence’, there may exist extreme tail dependence that can not be captured by
the Gaussian stochastic copula model.
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Copula Density
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01 =W+ (0 — )+ 0yn , M ~ii.d.N(O,1) (2.16)
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9
281 iid. N0, 1) EHHo| 1 EUF BRE el REYTEEES UL

Tk 4] 2,160 SEREA YAt nhiA = A g4 neh] g7}

i

u| = AMef EH4>(latent state variable)©|Tt. wetA] S EFES RIS H|AH
Zdans

u1 4T e

2 & (nonlinear nonnormal state space model) 0.2 = 4= It}
Hafner and Manner (2012)3= Manner and Seger (2011)9] e} E L 5315

2 2 (mixtures of elliptical copula models)2] 7 2] A o] 7}2]= ‘near

asymptotic dependence’ E/d°] et A+ Z2NE HIF o= 7h-A A &ER

re

SR o] Ak mtetul et w1 E T B R o] XAsHe A 1]
WA-S Z 2 4 Qlthal F%519] T Manner and Seger (2011)+ Ledford and
Tawn (1996)2] ‘near asymptotic independence’ @} TH|%]+= ‘near asymptotic

dependence’ & TS} ZHo] A 9]51¢iTt.

u T << Cluyu) <<uasul0Ve>0 (2.17)

A @ITONA alu) < bl u | 0% Wt a(u)/b(u) — 09-& SJv]giet.
(21792 u | 0°] whe} mwe] A4 =, 4] (2.5)9) Gt 1] AT A,o]
Moz Lo/ $YFS vt uetd FEAL7 1HE AR

]
e me] QS o)A GAT A (2.7)T 2L S5 e Al stochastic
7

A
L1

i

dynamic equation)2 M=+ 7F-A1d SEIZFRPo] T2l 77| Ayt
AL TASE 4 9182 oJu|Stt}. Hafner and Manner (2012)= o9} -2 A
AL AL A e R EAR G 02 Q7 etelesl 1A S5

Do) mAsHE FAQl e APHS EAT 4 ek FAsh o]t
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0
ol
B0

—

A

(2.2)

SH
=

ol
o

Y11, we)

N, By | Sit, 0

(1

Zln C(Fl(yu | Stfla Yy

lnL()’l,Y% lI/ma lI/C)

(2.18)

(lnL(ylz | Si-1, 1/’1511)) +lnL(y21 | Si-1, 1/’1512)))

1

T

+

t

[e]
~— &

Uehdich 4] 2.18)

_‘;:
=

of zgtd wheto]E

<

Sk
=

o
T

E9o 21

e gayd Bl

gl

o7 4] (2.18)2] 2

S|

Zo7 71A

Sh= 202193 4o o] gt 28

o

N

RIS 2

o] I&

g

Al(loss of efficiency)©]| & 4=

to] 14| Newton-Rhapson

5|

o o

,_o_l
olJ
eyl
mjn

Almeida and Czado (2012)= A utato| g7}

ZFA0Z A (21602 T2 o

K
Tl

T = Kendall =91 3HATE

Eage}
TAI]\

S}
=

i~
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of thet HgtFE o] 8ottt [ 221014 & &= ¢1%0] Claytonil &2 <}
Gumbel Z &&= A} 1K > 00] 2 & Almeida and Czado (2012)%= 1K € [—1,1]
o] ]t 712 A FE e, B EClaytonT E2], T EGumbelZ-E2]of| T3t H|
ojA A dirFEE AAISHAH. HEClayton:
ClaytonT &2 2} Gumbel &2 & 90% S| ASH

29} B E-Gumbel ZE =

E2o] afggict. Almeida

A ool & o] A H3Hinverse

2E9 Ap4 seto

gotart. =, any met
fu

£
3
and Czado (2012)= X € [-1,1]7} AE5t== A
Fisher transform)-& #-85}to] K& d.2 o} §ot
6.2 tf o] A ] A4S H
ulg] 6, = % (A0y))2] T4 E3H(composite link
O olele tha B3kE AT Z Qo) AFERFFE B
9J-& 4= 9t} Almeida and Czado (2012)%= AFeH 4 {Oc,}tzloﬂ ot &84
Ol AFSEEFZE2 93] Liu and Sabatti (2000)2] MG 11 2] 5 (multigrid

Monte Carlo algorithm)-2- ©]-85}= CGMC%Y 1! 2] 5(coarse grid Monte Carlo

=
S HAASHE I I S5F>(candidate generating density) & ©]-86= MHY 18]
£ (Metropolis-Hastings algorithm) 2. 2 A ALTFEof g5 7FA ¢l B
H2H(Metropolized partial resampling transform) 2-8ol= AlSH 2 ==
wpo .
SFA] AFsE Patton (2006) Copula-GARCHZ} Creal et al. (2011, 2013)2]
GASR o= AWl A4 shebu] g7} A7) 480 s gghaoln g FEe

2ISEFSE G ANE 5 donz o] vlwA Ak Fel 9

M=
ox,
=)
i)
=)
o
il
)
M
2
5
3
[0)e}
g
o)
=
o
=1
b
ol
rlr
>,\l
=}

g Q 5}c}. Hafner and
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)

Manner (2012)-2 Lisenfeld and Richard (2003), Richard and Zhang (2007)9]]
X A A = EIS(efficient importance sampling)E ©]-8-5F SMLF% ¥ (simulated

maximum likelihood estimation method)-2 ©]-83}%it}.

ool A AmE A Ayt wtetu|E RYPS olQofe tdT Y=
o] A|A] %] it} Engle (2002), Tse and Tsui (2002)2] DCCX & (dynamic con-
ditional correlation model)2 TJE A Q] A|H ATA] noiefn|g] Rgog & 4
Qlt}. Heinen and Valdesogo (2009)+= Bedford and Cooke (2002)9] ¥FZ7]
T &2 (Cannonical Vine Copula)E ©]-&5}lo] 2HFFEH R F S tHHFTE
202 gotH A DCCE Y-S Kendall =914 3HA 4 7f 9] S e 4]
© 2 0]8-5}99th. Manner and Reznikova (2012), Patton (2013)-2 t}oFst A|HH
by sietole] g R o] diat 24 2 Aehdo] dg %
W0l AT ol4elA] 2157 gre thebe Bel R Fol thet ol

Manner and Reznikova (2012)%} Patton (2013)-2 2118 4= QJtt.

2 9= Hafner and Manner (2012)°] 2¥=f-8tEF E2{ 2 of tjeh H]
ol FF G FE AAISHLA} gtk & Ao TR FE= (R
2.10° =4 67118 ZEHFSolth. =00 MOl E o FEFEC LT
the i go] thA| 227] & Rt
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P(”1t7u2t | o, Uy, ll/c) = C(ultaMZt ’A(at)v l//;)
i1 =P+ (e —u)+0onn, M ~iidN(O,1) (3.1
o ~N (i, o7/(1—9¢%)

AZVNA ay = {ou, -+, 0}, Ury = {uri,ua1, -+ 1, 2,1 }O1H, o= 15
gof ZatE F7HAQ] mtepr| gl AH{E vE e 4] B.)oflA A

AGHE (1,02} 7H 22 YL OJulFiek. 1o el g4 S
BAsk7] 1ste] [y] < 19] 934 Aloko] Batdet. 4] G.1)e] FEREH R
]

ﬂ@ﬂﬁ%ﬁiiiﬂ%Eﬁﬂﬂﬂ

H 3= Almeida and Czado (2012)2} 22] 2] (3.1)9] =] ®FA Al o 3ff

ofl
_?L
rr
t
(]
v}
ot
{1
=)
H—1
ol
ne
i
>,
el
)
ol
fu)
2t
_l
)
lo
>,
i
l:i:l
iy
M
filo
1o
st

P28 A-H A YA S T o] FelFl At g wo] Al F2o)A] 2 A S o]
A2 4-& 7HAtH= o] 22491 Aat= @A71A] AAE HE ¢lt}. Almeida and Czado (2012)
Czado (2011), Austin and Lopes (2010)9] Hjo] x| EAoM /E SFEHST RFS F
S 157] £40) sfelol e £4of we $ES Mol et £ 2ol
27 DA gherhs AZEA Aol HEE 11 o]l 22 duAEL A4
5}t 2 Ao A Almeida and Czado (2012)%} D}Z]-7]-7<]i 14 o}afo) E1 =2
2142 AR 2 Tefot] b Mol A9l 22 e 5 AN,
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x

shatule]7} Golele FE RS ofs WMEESFES S2olgc) [ 3.1
=

A tanh(x) = €= 0 8 74 Al mBe|oh 2B o] AT sheulg ot
pr € [—1,1]0] =5 5}+= o u] A 2}H(inverse Fisher transform)-& LERHATY.

[ 3.1]0] 55 Wty duta o g o] &&= Heetgoltt.

[E 3.1] Y3834 (link function)

Gaussian Student-t Clayton Frank  Gumbel  Plackett

A(og) tanh(oy) tanh(oy) exp(oy) o exp(oy)+1  exp(ay)

) Tol A tanh(x) = S5 O & p, = tanh(y) € [~1,1]0] HEE 5H= A u] A

e‘+e T

Zk(inverse Fisher transform)< LEHHTE

32 IS B EE
A 3.1)2] BB R BRG] e o] x| F2L AL R X

g sfefoleEe] ARG E RS 240l Bast) 2 aTelAE ot

7-& mehi S tfa A st e U E a2 A4 A

(1) = N(boy,Boy)
7(9) = TN(_1,1)(bog,Bog)
n(o;) =1G(no/2,50/2)

(E(V) = G(n()(),SOO) I(V > 2))

(3.2)

o 7]l N(a,b)= BT BAY0] a2} bol HTHEIE, TN, (a.b)= A5}
sheto] Z+zt (3} yol 31 Wit BAro] a9} bl AT -2 I (truncated normal
distribution)E, IG(c,d)+= Feut2tn] g7} co|1 AA|Dot2tn| g 7FdQ) S

o} 3 (inverse gamma distribution) S, 12|31 G(e, f)+= Fejutetn] 7} eo] il
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A A duten| el 7} £91 70 (gamma distribution) S YERATI] 4] (3.2)9]

A m(v)s tZEHRYPS Tk A-olwt o] §HTh I(v > 2)= v > 29

Alefo] Bl Z1& ofm|ghe}

—_

Hlo]2 e g o] 8oy, SEFEH R wtenlE ywe = {1, vy, 05, v}
o} n|H#EAe A o 0] AFASE-E U T (joint posterior probability

density function) & T} 3} 2o] $E g0t A B UL G40 Fo 2 Le}

9 4 ge

n (l[fc,{at}zT:I | {ut}zT:l) e
(3.3)

T—1
ploy | 1,9,07) { [1pGu |, v)plans | e, Wc)}P(MlTMZT | oz, v)7(ye)
t=2

(1, u2) 1™, pluy | 0y, -) 2 EASFED L, m(ye) = n(w)n(7) 7 (07) 7 (V)

A1l A u, =

SUCPSEETE SRR AFELS A R0 Pt

+o 31579 (probability ker-

4 B =Hojy 55
2 PR por(na,B) < x @ Dexp(—B/x), polria,B) =

g
nel)~ 7t A
xla— Iexp( Bx)
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()7 ({ahy {uhy ve)

(i) 7 (] fu})y Ao vy )
)7 (0 1 {u by Aok we )

(i) (o7 | {ud 1 {0}y v o)

lll T

AZ|NA Ye_, = ag ALl U #] stetol e 55 LEriTH

33.0 S AHES (o), O AAFREZE

A (3HLERE FEHE {a) O] AF2ARGEVEASE oha

“o.

T-1

T <{at}zT:1 | {ut}zT:1> o< P(al){ L1 plus | 04)p(0 41 | O‘t)}l?(MlT,uzT | o)
(3.4)

HESS Foldl Zo|nE stetnlHES ARk B2 Ao A &
SUEFSE ookt 4 GHRTE AN {0} 2 Ak o]
2bsatn R g Wo] shb ALFELS AASHE WS o 8h] 2 Stk



m(o | ur,00) o< p(ur | ou)p(on | ar)p(on), t=1
(0 | U, 01,00 41) o< p(ug | o) p(Qiy1 | o) p(oy | 04—1), t=2,---,T —1

plor |ur,or—1) < p(ur | or)p(ar | ar-1), t=T
3.5

A7\ A 1y = (w1, )°T ek 0, O] ALF B ELETS7E 4] 3.5)2 2o B 2t
N AFFEUESE R ASH (=1, 1=2,-, T~ 1, 221

=)
-
A
ol
o,
rg
it
tlo
U2
4
%0,
=
1>
»
g
>,
N
N
>
2,
1o
i)
1o
>
D
It
Ll
=)
H
o
5
=2

7[((%1 | (Xz) :N(al :[.L—l—d)(az—u), 631 = 0-1%)5 r=1

7[(% | at*17at+1) :N(dt = ‘LL—F #(aﬁ‘rl + 0 —Z‘LL), 6&, = ﬁ) , =
ploar |or 1) =N(ar =p+o(ar 1 —p), 65 =05), t=T
4 (6% HE RE AHO] 00 AWFBUEELT} ATFREAL T >
Atk 1222 ZF Ao #EA] SEUEFT p(ui,uy | 04)E AEER
A )2 4 (3.6)9] RS BUE R0t AP 0B AFRESF
Lo M FRANIEUE RS A 5 9
7] o2l o 0] A UH AR UL 27 | LB G ol 85}
o] AE I 2 LASH= HFH-2 Shephard and Pitt (1997), Durbin and Koopman
(1997, 2000), So (2003), Jungbacker and Koopman (2007, 2009) 59| 4] o]-& 5

v glet. o 5 APNAL FEHOR AFRARSEUEFL7} ezl



5] A& o2 279 E(globally log-concave)l 73-9WHS 17185} th= 2
T} RS A AR S S TARIHE oA 2 dpe] Hau
Hed B 47s 4 359 AFEARREN Gl 027 o] e 7

4 (3.6)7 A= PP o2 MH

.

-
S
I
[
o m
S
|
i
T,
o
i
e
H-]
rck
4 4 K

2 AL IGANRLE T HES ol83te] {pu | ar)}_1 & 7 =
AFSH= 1 o 8RTE. Inp(u, | o) ofl THate] 1RHA-NRZ 1 2] 5-& -85}

TR 2] plu | )& TABHE 09 FTFEE SEADL A2 4 ek

plu; | o) = N(m;,M;) (3.7)

1 din(us o) M=  Pin(w|oy)
o =0 doy o4=0 o 906,2

oltif] 4] 3.7)9] 1A-NRY 2] 52 A= 0 & 23} H| & A E o]-8-5}
o Inp(u; | o) TAFSHE ZoIth. A (3.7)0] B&2]1 AP H7] s =

o
=
ITA-NRE 1 2] 55 A-got=t] Bast 2y &5 A oh= Ao £8235

2In(uy | oy
o 7| N A m; = & + (_Lz\a)

doy

)
X
=
o,
Jell }-;I
i)
ol, o|rt
lo
)
_O'L
rlr
__F,L‘
=)
fo
_c|>£
, iU
-
l-
nﬁ
)
k&
mE
l’ﬂ
ot
-
1o
— R
9
fu)
e
X
W
[\S]

Q

= = O
AT 4 Eol Hiet S ol Fad di Bruno A o
% Sk () (@) = f(g(@)©] Gl That 17] 2 2AZ 9 Theat 2ok,

(79 (e) = £ (e(@)s (@)
(70 (@) = £ (g(0) {sV (@)} + 1V e(@))s?)

g

471914 A OSE] 134 2% 22 14 9 2] £ <olgic
O 2 HQe WA ol Inplu | ) E BTFRER DAL 91T FRAL A=

—1
O‘lzdr> ’



q() =N (M (:’ +m’) ) (3.8)
t t Ozcr M[ t

A B8y FEALSELU TSR o] 85t ARMHY I Fo R a5

_|>:
Iy
FH
iz
"
ol
s
_w:

(Tierney (1994), Chib and Greenberg (1995)). ARMH

daEE2 28] AT RESFES A MHYE 5 7|4 REFEH

=
S
Kl

(acceptance-rejection sampling)2 Z$Iol= AT FEFZH o[t ARMHY
2] 5-& Shephard and Pitt (1997), Watanabe (2000) 5ol 4 21X AL EANS
A dohs Rl o 2 o] 8 H Q). 712 2 55 1 (rejection sampling) © &2 &
H
s}

*E MHA|| &l &+-&(Metropolis-Hasting acceptance probability) =

— O
W} 7 ZHE R 229 7 MHY T2 S0 Aeeh8-2 717} 087} 2

o
fo
!:t:l

:>|4:E
I

I

aur(c) :min{l,W} (3.9)

0y | ur, - ymin{m(oy | u, -)7q(06t)}}
}

(o | uy, - Ymin{m(oy | us,-),q(04")

OlARMH(OCt, OC:) = min { 1,

AZ1NA m(oy | w, - )= A 3.5)2] 2 A o o] Az RSEUEdTE

Urepdicy.

7P 2 B HAs5HE o]gote] Dol RIS TR
Jy olet 22 HAHsHe o] gate] FojAle AWIFLS 0|85 AF

o] ZuA]A] 2 WholB g Hgst B oz B 4 gt 5L 4] (3.6)9] {a)L
o] 2]of| Eraker (2001)0]| A 2} -§-A}5}7] G- ‘*""* LE TR0 0] g5}

o»} {a},:10ﬂ wJol A3 £ 9h8 S shalet 4 S&‘ziﬂr- {3/,

= L Pitt and Shephard (1999)2] APFo]|A]

}% S v Aol

L)

rlo Mo

i)

i

r_>a rI
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X,
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Q
o
o
=
<
(@}
]
=
Q
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g
~
S
O
—_
L

SHA] hH, o o APASEL 2R dofR= 4] 3.6)9] dSAE |

SA-NRL I FO] S HH O g o] s

=t 2A| 97t HFol B B¢ 1A =S4Tt o]-&sh= 1'474-BHHH

¢F 17 2]-5(one step Berndt-Hall-Hall-Hausman algorithm)-& ©]-8&F <= ¢Q]t}. o]
0 4 el Ll g (Mrlua) N o g gayEA e,

2A =7 Bl Y -5 o]eF Zo] 19A-BHHHYE 1852 2-85lo] &2

AR TATE EA = 4 AL olo wE AARRESE0 aed Tt

%7 912 4 9tk Leli} ARMHY TS0l 247} %

olgt 4~ QI B EALS SHE & g (target posterior probability

density function)e]] 3t 2% 2AFE o] §54EE ZAe] 4= (accuracy)

ol ofe} ARl AF EEEZS] T84
A

S} Qrthe AS AurAQl o 2ALS] Ame] 3|

o]

| AR AE AT EES

of M
1o
fol
o
ox,
ol
b
o
oz
N



76 SEHRG O HiTt Ho| A d F2

332 02tulg y. = {u, 9,07, v} AFRESE

n(u | {a}/,,9,00) = N(by,Bu) (3.10)

n(oq | {0}y, ¢, u)=1G

<ﬂ0+T so+ Y0y —p—o(0y 1-#))2"‘(1—4’2)(0‘1—#)2)
2 7’ 2

1)+ (T -0\ "' (b 10 +(1-0) 85 (0h—0a1)
A1 (3.10)°] A Bu:(ﬁg 9°) <G% ) ¢>) by =By (BZ’H X ) N 1)
o|tt.
05 AP AT EESFZ S 4+ ¢lo B g MHY 1128]5(Metropolis-Hastings)
drgsos AT 4 k. MHE 12| 59 SRS EL 4= o
ot e
boy 1 &
q(9) =TN_i 1) | By BO¢+G*%Z;(%—H)(O%71—N) ,By (3.12)
=

471914 By = <B0¢ o7 Lo (ou oy — )) olt}. 4] (3.12)0] TRAAYEE

SHSEEH AT FRER 9 a2 AestE R sty Hek.
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N p(al |.u’¢*7672])
omu (9,0 )—mm{l, (@ 1,6,07) } (3.13)

17EH O] A, AHE vE AT BESE Stofof gttt vl ALT 27 R.5}

a(v | {ur, 0 }y) o< [T plur | Acon), v)m(v) (3.14)
=1

!

A GIHERH AP AFEEFE S 5 YloER vo| RIASSEUE

==
Z=9] 47k (model) Vol A 2F& et AL AHLaplace approximation)E ©]-&5}

rr

IMH¢! 1 2] 5(independent Metropolis-Hastings algorithm) ©. 2 A}$ 3 2. AY

AT o . SRS EU Rt MHA B 852 tha v 2T

2 T

o) = TNy (V). V(0) = - RV L tdin)| g5,
o m  {uada v>}

oy (v, v) =min< 1, (3.16)
i (V:V7) { (v | {ur, o} )g(v)

3.4 29 2T BIWE 2|5t TIE|STE

AR AR ETERY Ao va S 99 1
2 oltt G A A DR A T 2 e = HEUS AL
wgu) o] WA PITS U952 Asshd] o859l

THKim et al. (1998), Chib et al. (2002), Chib et al. (2006), Omori et al. (2007)

Fl
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5). st 2= Aldto] oA} Brbedt Aeiiso] o) & 2 WE|SHE
4 & 3F=(predicted and filtered probability density function of state variables)

=
£ 7}E o)A E E (weighted discrete samples) © 2 LASH=1] AF-&-E T}

plogyr|oy) , t=1,---,T—1 (3.17)

A711A plan) et p(oy1 | o) e 22 AJeifo] 27|shEd Eek<2f 5]
SGEUE p(y | o) BSFREL TS HEHHT Sl Edse B
A" A 3172 4 B.De FEZEEFH Fote 28 7HA]
& o= ek A GADRNA {o )i 7F FARE W, {v)im 2 M=

O 7PE. AJE RSl dict ohE| 2L F oA mtebuEE ol Ao
2 7B 4 3174 metuEE et Wo| =42 £ o]-§-5hd
171742 9] A oy, O] BEISFEE = p(any | V)& T 2ol & =

it

el

I

pO: | a)p(o | ou—1)

4 1| Y_ 3.18
p0n 1Y) plouy—1|Y—1) (3.18)

p(alzt ’ Yt) =

0:17101]}\_] al:l:{ala . al} Yl‘ {y]7 : ayt}’P(yt|Yt—l):fp(yt‘O‘t)P(at‘
oy—1)p(0u—1 | Yi—y)doyolth el A7t o] WEjs-2 2] (3.18)

2 o] §5Hs The I 2 AT AS0) SEUE o] St |57} 44l 74
o]
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o= F4dn

ploy | Yi—1) = [ploy | oy—1)p(tis—1 | Yi—1)d oty
(3.19)

P(at | Y,) (}’t\ozt;tu(/’azl\;’r 1) (f)

oHAY E7Hs3SHr — 1414 9] e &&= 3 (filtered probability density

3
o
£

>
W
®
=2
>
)
>
9,

function) p(04_1 | ¥,—1) & A= oA}

ArmE o 7pER] {w)

H AP REE FE5t= Aol E7FHsSIER p(auy | ¥) <] A E(support)E
xbole oSt 22 5 Q5 T gk (importance density) & 74| =}

qlouy | Y) =q(oy | o1—1,Y) g(tr4—1 | Yi—1) (3.20)

2 (3200 TREFELUEATE o §ol= B¢ 4 3.18) 9 ZrEU

o] gt %271 %] (importance weights)Z th-2-3} Zro] £ 4= 9t}

o poi e pe” 1)
Wi e @ 0 e
qloy” [ oy 1, 1)
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Y)E 2ARE g(any | V) ER} {a}_ 7F FoARe o {n}E0l A= =
olF o7t HfERE AL FEIE T AHHDE 4 (3, 21)4 Hmo] Zg
DAY R BUEAS (o | o) Y qley” | o )02 %ok
g Qltk. SIS 2] 5= ©]&Sh= 7% Al7ho] A atetol whet shute] 744
£ A2t UM 715215 0] 0] == E|eH(degeneracy)7} HAYSIE R o] &
gslol W0 2E Y (resampling)o] o 4T} Thej2We] o] W3}
S YT o] o gt ZAF A E (approximation accuracy)@} G -84 (efficiency)-&
TS EUEIo U ER W AEo] 27 dFS T 4 Sl

2 Aol A= Pitt and Shephard (1999)0]|4] At & % 1} E]- 2 H (aux-

iliary particle filter)S o]-83tc}. H Zute] 2L E| oA o] &5l= Qs EUL

i
o)
e
H'F
HL
IN

shel 2 el k87 o] aebd 4 9k
[33.2]9] ¢ 8|50l oh2-3) o] A o] &)= Kong et al. (1994) 2] ESS(effective
sample size)7} ]2] ¢t 71 Z(hreshold) B0} ZolE A9 BB 4

Wt

-1
ESS = (Z(WE"))2> (3.23)
i=1

F7H A ER 2 2E7IE R 24t ST R Ml ALY Sl E RS
35} -2 uheh 2] 51x] ¢rth(Carpenter et al. (1999), Pitt and Shephard (2001)).
4] (3.23)9] ESSE 13} NAto]9] g 7HAt) dutd o &2 ESS7E 0.5NE=
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ol 81

F& 3.2] ¥ % x}€] 29 g (auxiliary particle filter)

§

t—1°
[Step 1] compute and normalize the unnormalized weights

70 = @,\d,’l) ,(”1 Ci=1,--.N

”ti)lz t— I/Z] 1 t 1 ’ lzl,aN
i Y ; NN
[Step 2] resample {octi 1}. 1 with the weights {nt }
i=
[Step 3] draw Oc,(l) ~ploy | Oc,(l_)l) , i=1,---,N
[Step 4] compute and normalized the unnormalized weights

NN
[Step 0] 1nput{ o ’(1)1}'71

; (i)
Wt(l) — P(yt‘at‘)) , i=1.---
(Yr|0‘, D)
Wt —Wt /Z 1Wt , =1, N

[Step 5] compute ESS
if ESS < Threshold

N .
resample { o wt( )}i:l and set w,(’) =1/N

NN
[Step 6] output {Ot,(’),w,(l)}'_l
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EAEHEF A

3}

82

3.2] [step 519)|A&}F Zo]

o} [®

0.75NH.t} 2Fopx]=

1/No]

2|7} Wt(i) =

=
K<)

s 7}

7F Fo12E pla |

1

N
(I_)I’W’( 2] }i:
T} Zro] 2719 (log-likelihood)

1

o

©
1

2 o

Jlogp(y: | o)

()
l‘_

N
~ Y w

/logp(yt | o) p(0 | y1e—1)d oy

log p(y: | y1:-1)

(3.24)

)

-
F_OE

;,A_l
H

ELEYR

5}

oHolA 4] (3.2)9]
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Hlo|zHE S F45ts Aol e 5T 4= Qv 4 3.2k 22 29
it Hlo| A RYPHWE fIsiA= Hlo| 2 E FA4 5= d 2a3 FH
£ WA 4ol Ao] Wasith FASEE
A A 5] 9]0} B ¢ o] A= Chib (1995)E &uFS}5H Chib and Jeliakov (2001)
oo r FHL LS SRt Chib (1995)= 2ol Zetd uiztm]Eof
ot ot AA AT Z AR S-S T $H4=(full conditional posterior density functions)
a7 AE B UM EDS o860t B2 AR REES 085 H|olA

o 7HaE R B BaF FUSES FHok S AN

Chib and Jeliakov (2001)2 Chib (1995)0] 4] ¢} Zro] T2} -8 7| 2821

Q& 3} Al (basic log-marginal likelihood identity)-2- ©]-8gtc}.

8 Berg et al. (2004)9]4] FSHSARIH|TE 3] 0]23F Spigelhater et al. (2002)2]
DIC(deviance information criterion)E & &2 2§ H|w o o]-&o6t= 712 HF2]5}7]
OFC}. SJUFSFE DICE APe) 120 1 4 4 (parameterization)o]] 1 7] &3-S uF= 7 gFo]
%71 “ﬂ%‘ﬂﬂr- 2 FollA =gt et Zo] FEFEHHEY A= ‘Et‘f*é T}2fn 1E17} =
Aot AJoldS FIA =5 A4S HgeHe MEe4rt o] 8= ZF ZE Ry
H}E} o] ¥ ‘_%‘—’Fﬂ Zgolst7] wiZoltt.
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logm(y) = logp(y | 0") + logn(6™) — logm(6" | y) (3.25)

AZ1oN A y = {y1,--,yu}, m(y) = [ p(y | 0)7(6)dO°]T}. 4] (3.25)°) A ¢
o] A WiAgel T WA e 247t 2 07 oA HIIRE 219w 2 A
SEULIFE, 223 A AR T2 07 A Bt 2T S EU g
£ UEhd T} Chib and Jeliakov (2001)-2 = 2] 2] 7194 /d 2 7 (local reversibility
condition)-& ©]-&5}o] MHY 118|502 AL T E-S AAN-S off A (3.25)9]
SOl Al 1A F-& Aol v o =Ho g5t B
T} Z}A)| 5 = 2] Chib and Jeliakov (2001)9]] AJA] o] glo B g HeFslr]| 2
gtk

E
filo
Y
>
el
9
)
N
rE

A G ge FEFEYRIELS 7|EAH o2 v L (non-nested
model)o| B 2 "oz B U] WE ¢|5f] Chib and Jeliakov (2001)o]| A4 &} &

Mo
N
rE
Ho
H
N
o
fu
4
S
)
o
[N
i )
a,
It
9
o
_0|L
2
o,
roly
iy
|
i)
W
_\|J_‘
—[o
E

=
FEHE (FEH YERPo|R g Kot Zhgt o2 o] ZHE S 2
42 = ot} Jacquier et al. (2004)= F7 AEE 7HA= Y EZE &8

WEARY AL 95 Wo|=ME S Arsks e B S A4 s
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By — 178U | ©)75(©)d0 :/ (/ pe(U | ©)13(0©)
\ (C)

p(U | MF) (U [ My) d®> mr(v)dv

(3.26)

_// pe(U | ©@)7mp(0)7mp (0, v|U)7rF(v)d®dv
pr(U | @ V)T[F(® V)

pBU|®
//pFU|®v @V) (0, v | U)dOdv

A7 A U = {urr,uz b, 017, 75(O | Mp) &} 77(©, v) = 2 3 o] n}tm g
of et AU L3S Lehdth 181 0% (20 {3 vE A9
S EY LY Mpol Tt vhatul e of A QA wtatule {p}] & =gt
et A 3.26) A = A B2 p(U | Mp) = pr(U | 0,V)7r(0,V)/7r (0, v
U)E ©]-&3F Zolrt. 9] A& o8-t BFpri= tha Tt 2o & 4= Ut

_p(U‘MB)_E pe(U | ©,Mp)np(® | Mp)
p(U[Mp) — "M pp(U0,v,MF)mr (O] v, Mr)

(3.27)

A7 A Ejo v Mp 2R 0] ALF UL G4 m:(0,v | U)ol Tk 7]
5 et Dejm g 246w Alofo] RatE|x] ore 1B m o] A%
2HE AT GO AFEES o] g5l Tt

1 8 pB(U ’ @ MB)TL’B(®q | MB)
BFyp = 3.28
BIF ; <pF(U 0@, v, Mp)mp (@@ | v@), My) (3:28)
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AN BEARYT FEARY val e F2% oS A

=48 7L 7heAd S nEengo] A4 wen|Est Buel 2F
%

o)
I
=
H
I
R
ofl
off
Ru)
H
ofl
=
=
=
=]
T
=
o3
(]
2L
o
o
2
o
l
o
z
<
%
)
=
o

Vuong (2002)°] H| -2 AR tfH7Hd She] Beo] BF R dA
Rivers and Vuong (2002)&= X ¢FAHO R FAH T ROl 2 17}
BrRe AR Sl A ST 2ol 2SR ES BERRY A BEY

TEEE GEte As Zinh

k)

(logL(617; M) — lOgL((ézr;Mz)}

6r

N(0,1) (3.29)

A7) A logL(6ir;M;) = T~ L logL(ys; Oir)©1¥,
6% =Var (\/T [(logL(GlT;Ml)—lOgL((QzT;Mz)DO]‘:]'- 57 9] 4 2] 2= Newey
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and West (1987, 1994)2} Andrews (1991)2] HAC(Heteroskedasticity and auto-
correlation consistent) =4 2] & ©]-8& = Qlt}. River and Vuong (2002) &
Gulm o] Yo sletole 4o 2 R4S TesH 1 1Y
H 17} 75 stebs Aol FAEf 77k AMdSEU kS ]85t
SEFERYP ] et "o F4= ot B-%, oetu|E o] AL EE 3
& ety 2924 A 2 & 4 Qof] whabq B zote 2 Y

=
85} Rivers and Vuong (2002)o| 4 A|A| = I o 2 S+ &

Rivers and Vuong (2002)2} -3-AFSH @ 2}o]| 4] Johannes et al. (2009)+= I}HE]

WE2 24T S5 S o gelo] FBWEARYS v mals WL Akl
STt Johannes et al. (2009)2] 1y H|w YHE SEFEHEFo| L A7}
5-5ltt. Johannes et al. (2009)+= t}-2-1} -2 £~2}-2- I H|(sequential likelihood
raio)E o] g3fe] HlL thAF meol BEH AnS SR YA Rohe
% leka Fster

7120 A

st

_ LU M) pOy [ M)

L(y [Mj)  p(y | Mj)
AZVONA y = {y1,--- v }ol™, LO | Mi)= 013 ohetm el gto A wtel 22
Bl & ol-g5te] e 17]744] 9] L5 Uehdt). 2B g &9 2H S
ol gste] Z SEFE RO Fold 2tme] gt g A Q] e vu e

% 9l

x LR; j(t —1) (3.30)

! BARAAGEURFLE o] 8T HLE &
= 2~

o A Aol 220 33 1o
ek 44@& Pg 295797 A% o)

H1d
—{o
}-ﬂ
915
3
1o,
024.4 u
God
>
Ry
_1 J
ﬂﬂ
ﬂ.I

LSk
1558 Yot qER
A9 utelul 50 AFHEH RO 2 Pol AL ufetold
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4. 20| 4d

2 doM= oA S Foll 2 Aol A AlRtst= MCMCY 18|50 2
A4 et oretn| B E0] AT RO EAJS A1 E 0 2 A MCMCYa1E]52] 4
T (accuracy)E A HH 7|2 St} ROAH-S 99t ZF FEAET LY

So] ool e ES the 3 2ol Asr

_hi_l‘
o
o

i) Gaussian u=10,¢=097, 0,=0.1 4.1)
i) Student —t U=10,¢=097,06,=0.1,v=70

iii) Clayton u=10,¢=097 0, =0.1

iv) Frank u=56,¢=097 0, =0.5

v)  Gumbel u=10,¢=097 0y =0.1

vi) Plackett u=20,¢=098, 0, =0.13

Qle} & utetn] e gk A A2 Hafner and Manner (2012)0]| 4] AZ=E2-4131 1990
3039264 20009 03 23 7]7F2] Dow Jones A]4>2} Nasdaq A4 -2l &

7] AR S PAotol BOABL AT A (4.3} 22 shetulg 47
stoll A2 AT THe B A7 MCMCE 11250 2 shetal 65 0] AL

TR FE0HE RO AFL 1,0005] S35}



o
Sul
oflh
1z
ox
rg,
[00]
[{e]

m(pu) = N(0,10%)
m(9) = TN(_1,1)(0,10%)

m(og) =1G(2.5,0.025) , (m(o7) =1G(2.5,0.25))

4.2)

(n(v) =G(5,0.5) I(v > 2))

2] (4.2)9] AASED LGS0 A 623} vE A Q)7 B statu|E 5] AR
Aol 7V o2e] AU gel A
Frank 3 2|9}, Plackett &2 9] 4ol n(07) = 1G(2.5,0.025) <] A gt

SEYLgsl AAHog

1

=

EEOA 107jutet shby Aeiste] Pojxlt SANE AFFFEo] o] 8ate
ch. o]e} g2 Wi o & doj7l 7N o] A%t (posterior mean)of| Hi?t 2 OF
AT [E 4117 [T1H 41100 =550 At [R 411014 48 ~8F

1,0002] 9] /42t m 5 24 5to] -2 SEFE R metu|E 52 ATt
9] 1 F(mean), - H 2}(standard deviation), 95% HPD—-7H highest probabili-
tydensity interval), RMSE(root mean squared error), MAPE(mean absolute per-
centage erron)E 5k Zofth. 184 [ 4.1]2 24 FEFEH RIS
shatu] g A5 H 7 o] 6] A8 185} §H7] 79 8HE W & g4 (empirical kemel
density) 2 A G Aot 7k ol A 42 A} 19 9]9] %3] Gutatul e
2he UrEhITh [# 4113 17 411 £28 249 Frhe 2ERQ0E

=7t ARbE oz J Ao A AA R MCMCY XL 2| 50] adt# oz 7}
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0 slgmBe Ryl te Wol Y FEeE e GBI B nYuTt HE A7to|
s ghgo] Qleh. T = 2,0000] Aol tiek ALF RS Zo A ThE B Y50 7
{7-4790 CPUSF 32G ol 22 & 21 Hl=T 6 2] o] 4 109f] A2 25
T~108 A Lasglon), e EeRg o] 4
3 O S0 AR A B Aol MolAD SE me1as
2145 ok,



AHHF, BT 91
[ 4.1] 294 d7

Copula xetvlg Hujgng HFg  JFFHF HPD95 RMSE MAPE
u 1.0 1.0004  0.1104  (0.7847,1.2072) 0.1103  8.8833

Gaussian 0 0.97 0.9619  0.0159  (0.9297,0.9852) 0.0178 1.2772
on 0.1 0.1093  0.0150  (0.0849,0.1435) 0.0177 13.3969

u 1.0 1.0006  0.1058  (0.7923,1.2034) 0.1057  8.4421

Student.t 0 0.97 0.9587  0.0166  (0.9230,0.9852) 0.0200 1.5192

udent-

on 0.1 0.1138  0.0175  (0.0852,0.1512) 0.0223 17.2350

v 7.0 9.10 2.05 (5.46,13.18) 29283 33.3976

u 1.0 1.0043  0.1091  (0.7630,1.1849) 0.1091  8.7522

Clayton 0 0.97 0.9557  0.0218  (0.9061,0.9855) 0.0261  1.8147
on 0.1 0.1164  0.0198  (0.0837,0.1585) 0.0257 19.0415

u 5.6 55779 04030  (4.8229,6.3244) 0.4034  5.8037

Frank 0 0.97 09673  0.0130  (0.9401,0.9889) 0.0133  1.0360
on 0.5 0.4878  0.0974  (0.3233,0.6888) 0.0981 15.5061

u 1.0 1.0051  0.1079  (0.8112,1.2348) 0.1079  8.6303

Gumbel 0 0.97 09576  0.0195  (0.9188,0.9877) 0.0231  1.6504
on 0.1 0.1145 00193  (0.0818,0.1546) 0.0241  18.0690

u 2.0 1.9970  0.1527  (1.6838,2.2806) 0.1527 6.0818

Plackett 0 0.98 0.9750  0.0120  (0.9514,0.9926) 0.0130  0.8990
on 0.13 0.1350  0.0277  (0.0829,0.1866) 0.0282 16.2809

) ol A 49 ~8 42 2424 1,000 9 WA AR S R Aol Je stE R B R Y
utatn] g 59 A 2] B (mean), 5 Z}(standard deviation), 95%HPD--
ZH(highest posterior density interval), RMSE(root mean squared error), MAPE(mean

absolute percentage error)E =5t Zlojtt.



StE &R0l it HlojAd &2

(2% 4.1] 2o} A3t 20
u 0 o v

(i) Gaussian
0.97 01

0 10 20 30

o H e
08 09 10 11 12 13 080 0852 0.84 096 0.9 0.0 012 018

(i) Student ¢

0.97
-+ 8F
L ]

@ al

]
o o o

2 o
- L w
° o © g

0% 092 084 09 0% 008 010 012 014 D16 =4 B8 8 w 12 14

(ii) Clayton

15 25

5

0

EI'|‘l 08 08 10 11 12 13
(iv) Frank
56
a
@ 8
o
&
=
o =
o o e
s
45 S0 S5 80 865 052 084 0% 088 03 0s o7 0s

(v) Gumbel
10
o A TN N s
i & _., !‘ | ¢
o7 0.88 082 088 0.08 012 018
(vi) Plackett
20 0.98 0.13
0
E

-]

rrr 1171
30

10

T T

00 10 20 30

e
18 18 20 22 24 092 094 09 0% 010 015 020 025

z) 1‘—'5 o 7} S5 A EH R P EO netn| g AAE P o] 5| AE D 7
WL g4 (empirical kernel density)E TEA|SH Zlojtt. Zt sfdof| A =24
BN rL v



29} HSCEZ| 4= 2 1A 52015 1, = 100 x (InP, — InP,_1) A7} 25 0|83}

il

At A 550 A 22 Ad) 7 Ao Aol B 7 7 e

o) F7AARE ootk AR 2| 7] T =2,8460|c} A5 ) F 2.0}

£ Ae (4 5.1]0] 2281tk [F 5,104 JBE 248-229] Jarque-Bera%]
AR ETAZFS 1821, LB(10)2 ML(10)2 Z+2F ZF-7-5 102] Ljung-Box
= 723} MeLeod-LiE A%

O
(p-values)o]T}. [E 5.11-2 B W KOSPIA| 4 4= 5.2 T3l I w9} 214 I,

uerdoh ZF EAF oF=l (O)%te] =A< pak

WMEALEO APH EAL Holw gt} o9t 92 HSCEX|4: 4082
zit o} MEAREL] AP EHL Hol AT w27 gt} o]

Apgo] ZASHE A0 2 4 k.

[E5.1] A4 59E 99 TA%F (2003 01€¥ 03Y 2014 129 30Y)

= [ o a g= Az
32 EEEA AGF A2d G artesis) OB LB(10) ML(10)
453725 144197 165097
KOSPI 0.0388 14389  -11.1720 11.2844  -0.4815 61037 000y (0.1547)  (0.0000)
545571  40.1543  2124.03
HSCF 00624 20912 -15.0873 15.6056  -0.0635 67748 0000y (0.0000) (0.0000)

) [®]0lA] IBE A-§229] Jarque-Bera 4 A SAT-S 121 LB(10)7}
ML(10)& 245 109] Ljung-Box 57 %7} McLeod-LiS A28 Uepdtt. 7t 5

A okl ():Fe] %21 pak(p-values)o|t.

2 Aoz SEIFEARGS T As) ©A NE s g |
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stol 3} e 2 ISt ENEA RS

oflh
o

Fssnt

rt:.ut“‘exl’(%ht) VA&, & ~N(O,1) t=1,---,T
Iyt :Nh+¢h(ht_u)+6hnh nlNN(O’l) t=1,---,T
o2
h]NN(uh,ﬁ> (5.1)
A,,NIG(V/2,V/2), = 17 7T'

corr(&,m;) =p

A71e1A (b} EI2AR LI, Ak FAL WelE /L (RES 0}
2l 2R SolgRES B o) =YE Zloleh A G.AA i
EIRARLIY B\ PFE, bt ASA S, ok ZIEAR LI WE
44, 123 p o] ¥l 2] 2] B3k (leverage effect) & TAH5}H wztu] o]}, 4
(5.1) RFol] that wlo] A& FEL 91 cheTt g AT EUE 5S4
st

(p) = N(0,10%)
m(u) =N(0,10%), m(¢) = TN(_1 1)(0,10%), m(V) = G(5,0.5)I(2,00) (5:2)

n(y | @*) =N(0,f0?), n(w?) =1G(2.5,0.025)

A 5.2 A ELY =G A {y, 0} Aol 7 (g, 0,m,) 0 T2
Ao ZghH {p, 02} & BEFES] Yo R4 o7 % oetv g

o]t} Jacquier et al. (2004)= A|ofote] Tt del Eetd {p,o; |& HE
F&3517] 95t opmy = ye + wer, e ~N(0,1)2] 3] AL o] gt S

AR o] S AANA y = poy, @ = (1-p*)o; U], o5 F2tr|E 9|
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5 oo R 5 ™
OM OE ~ ‘_HH.._ _X_I ‘_MM 10 v ™o A ‘_lml
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e fw‘U < ol . 9 1Dl o T ) of o N m - A <k
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=
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[e]

OE/\]

it —
=xX=

(autocorrelation plot),

Z=(empirical kernel density), A}FSEE O] 4~

St
=

=

=9
Bauwens and Lubrano (1998)2] CUSUM
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rf

o

o

—_

o},

[E 5.2]9] CD&} [ 5.119] EFo]|AZR, A7 |ATER, CUSUMER

° Autdom AERRY Sedo] BA7} e HolFET Ik [F 5.219]
457 24 A7 KOSPIA|4: 4-018 9] #|¥|2] 2] f a7} HSCEZ|4: 4-018

[E52] FEATHARY A AT Hlo|Ad & 2

KOSPI HSCE
0.0562 0.0688
(0.0191) (0.0276)
Hr [0.0190, 0.0937] [0.0160, 0.1237]
< 1.5170 > < 1.1064 >
0.0970 0.8251
(0.1870) (0.2675)
Hn [-0.2759, 0.4645] [0.3132,1.3110]
< 0.2586 > < —0.057 >
0.9820 0.9882
(0.0047) (0.0039)
O [0.9727, 0.9910] [0.9804, 0.9956]
<0.9155 > < 2.6038 >
0.0288 0.0192
o2 (0.0062) (0.0045)
h [0.0167,0.0411] [0.0110, 0.0282]
< —0.251 > < —3.0396 >
-0.6149 -0.3026
(0.0548) (0.0815)
p [-0.7194, -0.5084] [-0.4627, -0.1454]
< 1.3971 > < 1.5315 >
13.220 15.4297
v (2.6697) (3.4033)
[8.5111, 18.5995] [9.7741, 22.4937]
< —0.0736 > < —0.4633 >

%) 29 2993} 390 9] 2} mfetu]e] BE oA 1S AT B, 29 (9] 27
35 [, ]98] 2= 95% HPDZL, 48] < >QFQ] £X]= AAFHE O] TR 10% T2
T} SHFE 50% FE-S H] W 5= Geweke (1992)2] 4~ A THE A=k (Geweke’s convergence
diagnostic, CD)& UetWth. S=HAGEAH CD= 25122 E IHE
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[E 5.3] EW 52 Y tiet Hong-Li (2005) A7 2%
AlZHp) ML) M22) M33) M@4) M12) M2D W) Q)

20 0.7716  1.0998 1.5722 0.8308 1.6381

25 0.9231 1.0901 1.4579 0.7983
KOSPI 30 1.0006 1.0303 1.3217 1.6058 0.7439

35 1.1353  1.0052 1.2250 1.4602 0.7532

40 1.3608 1.0346 1.1796 1.3656 0.8501

20 0.5195 0.1161 0.0381 -0.0392 0.4284 0.6283 -1.7385 -1.5920

25 0.7168 0.1776 0.0526 -0.0414 0.4776 0.7855 -2.5205 -0.7905
HSCE 30 0.8462 0.2046 0.0608 -0.0356 0.4941 0.8697 -2.9586 -1.5232

35 0.9552 0.2163 0.0683 -0.0215 0.5016 0.9232 -3.0747 -0.8946

40 1.1233  0.2387 0.0790 -0.0074 0.5442 1.0005 -3.2207 0.4273
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Carpenter et al. (1996)2] A A& 2] -EZ7](systematic resampling)-& ©]-&
S}+= Pitt and Shephard (1999, 2001)¢] B Z1}tE]-Z- = B (auxiliary particle filter)
2 FASHEEHESARY O PITO daFA T EHAS HAA5H= Hong and
Li (2005) AAZAYE [3 5.3]°] =5kt PITE F74517] sl 1097
o el2g ol gsleltt. RRAH oR7l ke ABIH ajol o
B2 F43 PITE 53 & o]al 5YUst FU s I (independent and identi-
cally distributed standard uniform distribution) i.i.d.U [0, 1]-& w2t} (Rosenblatt
(1952)). Hong and Li (2005) AA-& R P ZH o] m}2 E3HA o] AJ3Fe HH7]
= o] QAT H|ReA Aol B g W= Z(band width)o]] di@5t= A2}
(lag)& A5t oF gt (& 531014 Q)2 W e A9l med a7 ©
75 Aok UL FAGS UEhd ek M(1,1),M(2,2),M(3,3),M(4,4)
L 247y 42 B A, I, H & 9] 2}7] A (autocorrelation)S 7 A 5= B4
gog, I2|3 M(1,2),M(2,1)-2 Z}Z} ‘arch-in-mean’ ¥} ‘leverage effect’ & 7
S % Ik Hong LA EALE L nr 4azos

X En
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O3S LT [ 5.3]0] 432 7He HSCEA4: 4018 i A n ol
2944 987} Ytk A HelFa glrk. 0|9} De] KOSPIAS: 5018
o % M(4.4)9 M(2,1)0] 5% FA5FANA feltnz 2% 47}
St A A A ZHe) A B YH 057 U8 BAFT ek of
whe AW RPAH 0F olRE A QpI% W(p)7 5% 015
oA BE oI5 AR et itk AW Alkoz FEakx) A
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[E54] FEFEARY AT Ho|A A & 2

Gaussian Student-t Clayton Frank Rotated Plackett
Gumbel
0.6716 0.6619 -0.2266 4.1662 -0.6820 1.8129
(0.0512) (0.0442) (0.0982) (0.3646) (0.1343) (0.0969)
H [0.5878, 0.7519]  [0.5770,0.7508] [-0.4195, -0.0338] [3.4585,4.8851] [-0.9400, -0.4464] [1.6159, 2.0004]
< 0.4844 > < —1.0303 > < —1.1618 > <0.7757 > < —0.6561 > < 1.2965 >
0.9460 0.9564 0.9319 0.9717 0.9693 0.9453
(0.0445) (0.0135) (0.0271) (0.0134) (0.0134) (0.0176)
¢ [0.9139,0.9751] [0.9302, 0.9810] [0.8774,0.9766] [0.9456,0.9939] [0.9432,0.9933] [0.9099, 0.9756]
< —0.5947 > < 0.1085 > < —0.6284 > < 0.0105 > < —0.5448 > < —0.5331 >
0.0109 0.0076 0.0778 0.1849 0.0271 0.0512
2 (0.0234) (0.0026) (0.0384) (0.1034) (0.0134) (0.0175)
n [0.0044, 0.0183] [0.0034, 0.0129] [0.0196, 0.1489] [0.0411,0.3787] [0.0053, 0.0529] [0.0221, 0.0868]
< 0.6030 > <0.0513 > < 0.7545 > < 0.0727 > <0.7621 > < 0.5383 >
15.1723
v (3.6093)
[9.1904, 22.5849]
<0.1133 >
log-likelihood 574.4153 578.2797 474.966 530.2226 544.2508 547.6925
-2.0853
log(BF) (-2.3280, -1.8909)
log-marginal 562.0455 564.5658 461.1830 519.8996 532.1636 535.4776
likelihood (0.0511) (0.8033) (0.0364) (0.80257) (0.0473) (0.0327)

) AR o] spetn|E x4 1982 ARSE L, 28 ()9+e] $Al= A, 39 [ [9o] £A]= 95% HPDFI, 43
< >010] 2= AFZ R E O] AHEE 109 TEI} TR 50% EE-S H] W 5= Geweke (1992)9] 4~ A HE A 2H(Geweke'’s
convergence diagnostic, CD)-& UEtWAT}H, &HAAGEA S CD= EFAFEEE WELY. 6389 log-likelihood+= ZF S 1}
ofu]e| o) AT HFS Aetule) AL Wi HEne 2 UE 2 249 21952 ey, 1 2t 20 e o] oo 2o
T 1097 o]t} 798 34 9] log(BF)= 7H-Al A 2 &2 o A E2| RS W sk 2 1H|o| 2 E =, ()QFo] #2]= 95%
A 227 Vel 838-2 Chib and Zeliakov (2001)9] BP0 8 243 2 15 H e = 2 Vel o, ( )oko] 2] dely
(delta method) © 2 G5t 5 @ X}& LJeERHTY.
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() Frank copula

= : LW
. [
& : =k
= :
5 P
{v) Rotated Gumbel copula
3 e L " E‘: E
i i s " ;_ :
) L sssmsssessosrassesl
2
B i T
[
A
L
o A =
(v} Plackett copula
I | 8
] 5 §
e
R
a: | g ——

) ZF mjd 9] 1g9~aAd-e 242 AL R E O] Eo] AEF(trace plot), A4+
F(autocorrelation plot), 5| A E 133} 7] ﬂ%“‘i?}—,—(empmcal kernel den-
s1ty) AFEREEO] £ o|EE mhst 4~ 9)l&= Bauwens and Lubrano (1998)2]
CUSUME 55 ZAISF Zlojt. Edflo] A % Oﬂf\i Ao AL AT RES] AA
2 A5t LOESSFA 2] o] th.
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(1% 53] HE2E 2 Q0] ABA veule 4FEE Qo

(1)Gaussian (ii)Student's t

(iii)Clayton

(v)Rotated Gumbel (vi)Plackett

15 20 25 30 35 40 45

i
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204

2004 2008 2003

m 2008 2008 2010 mz e

2010
Z) 19¢ B A Ee R Y] A4 net] g o] AL E 2T} 95%HPDT M &

A Aol T AHe AFBLE, M0 TAH FHL 95%HPDT
22 et
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FA =] 2t} Kass and Raftery (1995)0] w2 H 2/n BFpp ©|
2~6,6~10 11831 10Tt 2 7

o= SN 4 itk web A 719 A T Ee|o (DB S vl oF 2.19]
EIOHo]=HE = tZEH R Y] H F2 Y ol2h= ofeh(positive) TS

Hof 34 Qo

&, ZFZ} ‘positive’, ‘strong’, ‘very strong’ g+ Zl

[ 5.419] 7380l %
FWO RS o 8slo] Zt S-S vl 4= 9lrh. Chib and Zeliakov (2001)

o Yoz RAFULEES FA8] AL 3 HA wein]E B2 A

i‘kﬂ,

Chib and Zeliakov (2001)2] H}H o g2 =5t 2 7]

posterior sampling)e] T 25t} AT A & 55H7)9] ZOPALEREZ o A

S} ShbY E2-g Hoko] SOPAFE RS st 123 aetue)
o

= =
BE o 28 245kt Welshth BYES n]mek 2 1u o] 2uje
WO T o] Flo|th [E5.7] 2 IFHLEE 7|F o8 BYEL v|ws}
H, tTEY, 7IA| A2 ET, Plackett 22|, 3] GumbelZ-E2], FrankZ &

2, ClaytonZ &2 9] £ 08 50| AHES & 4~ Qlrt. Kass and Raftery
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o AHFHFEL EAT Aoleh. A AL 9T EE, AL (=
E9, A& ClaytonZE2], Q- AL FrankZ-E2], 71441-& 3] Gumbel
FEY, 12|17 dH AL Plackett &2 9] A TA 45 YEFHLE [
H 5.4]9] = TAG ] AT HFEL ClaytonT-E2H LY 0 2 FA¢k pk g

F 5519 (19 SS51e A4 134 HEWolM Y] eI EYEEES
H| 5= A] (3.29)9] Rivers and Vuong 7441} 2] (3.30)2] Johannes et al.
(2009) =2--eH o 215 T 2 1A EHE AR Aot 15719
BE WSS 0wt Aol FHsSHAE, [E 5419 21T FMT LG
Hle] Z7]0] lo) RS MEsl 22 AHT RS A2 v]uekel
o}, [3E 5.510141 ()9He] 470 pgk vehiich. Z2) 7 (28 541014 AL
10g(LRstudent Gaussian)» /32 108 (LR Gaussian Plackert )» 7<= 108 (LR piackert Rotated—Gumbel )
A -2 log(LRRotated—Gumbel Frank)» L2131 BB -2 log(LRFrank Clayton)
o vehdich. [E S5l (Fho AR E, (28 ). (PlacketZE ], 3
ZGumbel &2 }, { 3] A Gumbel & 2], Frank 5 &2 } 2] 4of ti3F Rivers and
Vuong (2002) AH-S I5kA] e A0 2 tehtw glek. (19 5.51] 4
279 |4, 10g(LR prant clayron) = Frank 3152 1 8 o] Clayton 1 2] 213

Oﬂ H] T_)_H E’E 7] Zl_oﬂ 7‘?_—] i% @Eﬂ—;ﬂ Qi “(l)‘_/l\‘@-—‘% Eo:]"zl_% ]?_]-tﬂa lOg (LRGauxsian,Plackett)
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22007 ©]%20] 7} A 91 E 2] m o] Clayton 2 & of| H] 8] S55HS Ko

A=

N

(18 541 FEZEY RIS A3 AT Axd <

—— Gaussian

- = Student-t
Clayton
Frank

Rotated-Gumbel

L
2004 2006 2008 2010 2012 2014

P

—— Gaussian
Frank
s —- Plackett

: %M’f H"M‘

L L L L 1
2004 2006 2008 2010 2012 2014

) Aol A At b wd-2 747 e R By o] pX et pso] AT IS
ZARE Aotk o A A2 7He-A A &2, 42 (31 E ], 412 Clayton

e, AL FranksE e, 718042 58 Gumbel 78 2], 1] 31 27714)
A2 Plackett 1 50| 914752 b,

7} 53 242 PE Tefoko] KOSPIZ| 49} HSCEA| % 418 A7
Ao g SR E e R P S RASIE £ AZRAL B dF9 MCMC
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[E55] 204 HALHO FEZERY v

_ Rivers and Vuong(2002)
Hla23 AYEAF

- - 1.2895
lnLStudentft - lnLGaussian (0. 197 3)

o . 2.8382
InLGaussian — InLpjackert (0.0046)

L - 0.2516
InLpiacketr — INLRotated Gumbel (0.8014)

B . 0.8316
InLRotatedGumbel — INLErank (0.4057)

- 27641
InLgrank — InLciayron (0.0057)

F) (g2l £40 pgl& e

& 2ol thet EIS-SMLFol| A doj 2] & m|gh= A e Q1 84 =t

H[E o] EIS# 47 olgsle] B nEeng e Anels W

1o

247 gagele] By Age e 2WE e 243 Ay s
o Z=H 2] S o] 45l Zo| Hr} vierAlslt}, Patton (2013)&

it Ak o] diet Auolollq AD-SA TS £EE
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[1¥ 5.5] FEF EY R FYE 9 &A= 195 H]|(sequential log-likelihood ra-
tio)
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o A i v 5
1 1 1
2004 2006 2008 2010 2012 2014

) 182 FEIEYRISS HlEstes SARIFEHE ZARE A
01 E]' /g Ao log(LRSrudent Gaussmn), -}'\‘H/L% log(LRGaussian,Pluckett), ;I(Z_I] A
log(LRPlaLkett Rotated— Gumhel) O] A4 -‘H/H 2 o g(LRR()lutedqumhel,Frtmk)7 a
‘?—:173?_]" A Og(LRFrank Cla)ton) ]’]'FJ_LHE}
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