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Abstract

In this paper, we consider a seemingly unrelated regression (SUR) model and propose a nonparametric
Bayesian approach to SUR with a Dirichlet process mixture of normals for modeling an unknown error
distribution. Posterior distributions are derived based on the proposed model, and the posterior inference
is performed via Markov chain Monte Carlo methods based on the collapsed Gibbs sampler of a Dirichlet
process mixture model. We present a simulation study to assess the performance of the model. We also
apply the model to precipitation data over South Korea.

Keywords: seemingly unrelated regression model, Dirichlet process mixture model, collapsed Gibbs sampling,

precipitation prediction

1. M2

21 7] 3 39 (seemingly unrelated regression; SUR)E &2 A2 #Ao] Qe AXH Holx o
e AY WAACE w¥FE= b 37 PHAES FA AHeke BPCEA, FAT # o}
Uzt A AAE, 38, A2, ARAE 5o thddt BokilA &8y, W A7) o]FolA g
t} (Aliprantis 5 2007; Ando2} Zellner, 2010; Wang, 2010; Zellner2} Chen, 2002; ). Zellner
(1962, 1963)0] =3} g A A7) B2 37 2R Foj7 ofe] ] BT 5] A7
Ol AUVAE AT A (erron) BE Pl ARBAT} B2 W), o)l E4H F2E TR
& (covariance matrix) BRI 2N, LAFE SHAS 7P7§6}t A% 3 BYolAMY =4
WuTt B PYeE elA ok,

SUR 2o 24 242 98 tEA welaeh 32 $o2t nmm A9 B 22 (Markoy
chain Monte Carlo; MCMC) €185 ©]83 W (Zellner, 1971), #o]X]t & EH (Bayesian
method of moments)-& ©]-& 3+ ¥ (Zellner2} Tobias, 2001), Z&] 3 2 Zellner2} Ando (2010a) ]l
o5 Aetd tjAE RE ZE(direct Monte Carlo; DMC) ¢u25S o]-&3F ¥o] gtt 3,
WIT 27 =P (frequentist method) 2 2= Aitken?] 4Ws} 24 Al (generalized least square
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method; Aitken, 1935; Zellner, 1962)3} =85 o] 83 = ®H (likelihood approach; Fraser %,
2005)] 9tk
YA SUR 239 ZAL ofe] A thE 371 A4 ASEE FA) A gge] Fol2
OE B9 2R 722 SAl] hbd 4 Gk Aolth AT, AT AEHE BHS oY
o] ExE opd3 A2 E (multivariate normal dlstrlbutlon)i 7]-746]-7] wj-7of|, ©]AFA] (outlier) 7}
EA8He A4, ATEEE Ex] e BE5Fel g 24 S sloAEe o)& ALk Az}
Aojgktt (Kowalski 5, 1999; Ng, 2002; Zellner®} Ando, 2010b). o]#j3t HES | 237] {3t
o] Kowalski 5 (1999)3} Ng (2002)+ 28] X & thA® AFHE-¢ X (multivariate student-¢
distribution) 2 7183 SUR B8 7istd 1, 22, Zellner®t Ando (2010b)= 2FHE-t 231 &
= e cid= £ 4= $UE <18 SUR 2UE ALHIS, 25h oA 1S s
Z 3 SUR B8 A 22389 3271 293 (skewness) ©] A, tHEA (multi-modality)S 2t
SR F2E 7Pgshe Zlo] ol A5gES AWsH] f1% SUR E3o] Badt Afole 183
7] oJfithe As & 5 Aok wEbA, olBd e AR £zl diste] Wy g S x| gk, thdd
BEAA AL Tt /‘Hi—f o] SUR 23 9] Aite] Zg3lm, o] & 9j3to] & =R+,
2 #| o] A 9H(nonparametric Bayesian)olA] 802 AMEE+E 23 f]qd Z2A|x g%_‘?_
3 (Dirichlet process mixture model)S 222 Ex 2 7}g3t |24 #o] x| o SUR 28-S A|ots)

A} ek

:L
O;
_rﬂd

ol EEH]/\ E3t2 3L Ferguson (1973)3} Antoniak (1974)°) 2J3le] Aot vl =2
M2~ APAEZ (Dirichlet process prior)E &3+ ¥ (mixing distribution) 2 ARS-3F 2102 x| 713

g AFQQL 2 wjo)x ¢k B8 F Fhjo|td (Hjort 5, 2010; Miiller?} Rodriguez, 2013; 5).
gelad Z2AHs EERF] 7P 2 AF 5o shibes F3A (infinite dimension)e] £3R 3o
7] W&o, AFEE(normal distribution) £+ 53 (uniform distribution)2} 22 HH@3F Ex&
nieo g 3k 7 deh(kernel function)?] UE|qd] Z2AA 3RS AESHE, o7 EF £
T2 =R B4 JMAQlo] AT 4 gtk Zlo|th (Ferguson, 1983; Escobar®} West, 1995;
Rodriguez2} Walker, 2014). ©]&} 72 feFd Z2A| A THRY S v oZdle] a8 X E
93} sl W24 Wol A9 SUR R ASKES gk olel s WE4 Wol A%k SUR =7
o] ExE EA3E B9l B3 (parametric distribution) 2 ZFY3HA] ¢27] w#ef|, 7]&2]
SUR 23] ujsf x43ke] 7hgol QoA AkE | 7] wfjel oS thFst AA A5 2§
GiR=s
w2 Uojx) AL thest 2ok WA 230I4E SUR Y} olo] e wolxeh 27 W
sttt o] & 3ol = Helad R 719 u| 2 wlo] X< SUR 23 A|bstal, ]
g stellAe 7t R AR b GaElEs ARdth ol e E, nEE A B
A9el, 29 vnE A% 8 Jlses AN e 4
SEAE B3 AGE w2 wlo]X| ¢ SUR BH I} 7]E9 &
Al oA 2= S sith

[e:
_4\'/

Pkl i

L

Do "
o 2 v Pﬂ

3 O
=]
o

o) 7

gt 4o 2o At A 4
# SUR B3] d5& vlastal 5304 2k &

+

2. B8] 22t 3|?| 2¥: seemingly unrelated regression (SUR) model

B ZoAe HES Hlo]A ¢k SUR B9 70| He B4 SUR BEFZ 4743 ol E 930

y;v J9A 3 2PY WHsE E33 0o x 1 AHE sk, X;E jUA IARFY AW
4=(explanatory variables)®l t-3-3= n x p; AF4 9] A& 3 & (design matrix) ©]2} 3F=}F. o] wf, m7]<]
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Yy, = X183, + €1,
Y, = X283, + €2,

Y = XmBp, + €m, (2'1)

o714 €= n x 1 2% AHelx, B+ j9A 7 2P p;AAe] Alg WE (vector of coeffi-
ClentS) UERdTE 23 (2.1)°A JJ‘H 3 2y 1A 39 R A= o2 dEEsE 2A

b3 23 Abolole 2418 WEE 5i A2 5347 Qv PR &, E(ejel) = wily,
il =1,...,molglal 143, I+ nXYY APE L Vepdth =3, 23 (2.1)2 o33} 2o

42s] Yejz B4 5 9
y=XB+e €e~N(0,Qx1I), (2.2)

A7 y = (T, . yI)T, X = diag{X1,..., Xm}, B = BF,....B85)T, e = (e],...,€5)T 0]

3, @+ ZZ2YA F(kronecker product)& YERATE T8]31 EARFE4H(variance-covariance) 3§ &
Q= m x maRY FA X P (positive definite matrix) X thZHQA4E {wi, ..., wi} ol (4,1) AR
vtz Y94 Q]l‘_wﬂoll’/]-(];él Jl=1,... )

PHE o] g3t 4 (2.2)9 AP SUR F—ﬁég bl API| ARG e Ao E Ve
T 7] Wi AREREZ] ALE GA B o] Ak FAHLE, A (22)F HIECR B
B2} Qo &A AR EXE(full conditional distribution)+ T3} Zro] Zbzt AHEES} o-9
/\]ZE(Inverse—Wishart' W) 222 A, 712 23 (Gibbs sampling) & ARS8 vlZ = Aol &

H Z2 WS B8l wo| A ¢k =28 st
o B9 A 2AR F2: B]Q,y,X ~ N(B,,Zn)
S =8+ XT (@ @) ' X and B, =3, {20,80 +xT(Q e y} ,
e OO A AR Ex: TW(Q;5+n,Sn)
Sn =S80+ R, R=(rij)ij, mij=(y;— Xiﬁi)T(yj - X;B;).

AR BE A QoIA, A (2.2) R B3t & FAAHEE (semi-conjugate

\j. i LS
prior) &1 ATHLES} o RS B 3 Qo chstel haat ol A s,

p(,@) = N(BO’ ZO)? p(E) = IW(57 So),

714 s >m —1°]3L, So= m x m FRX FLo|th

QxFle] HEE AGFEZE /MRS B (2.2) T4 S 2= 9Lt ste], 92
o] B2V} AR (degree of freedom)E v > 02 3= UPHE ARUEL E¥X 5 =& F9 5,
e~t,(0,00 DR 4D 5 vk o] B9, 2FdEt BEE 4 (2.3)F 2o] ARz Y Ax
B4 23 23 (scale mixture model) 22 “Uﬂ% F Jon, ol "o R oA A9t AHEX 2
H9g vhes @ SUR RRolAl vpmz A9 Be 22 WEe 44 d5e) 488 4 Ut
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(Gelman 5, 2014).

£,(0,V) = /NOTV)dT, TNIG(Z 2), (2.3)

o371 A 1G(-) 9-7u} £ (inverse-gamma distribution) & UEFHATE
£7149] A& ok, £ =29 vnA FEAAME o= AR 2E 714 % SUR 230 o)
iz iﬂ ol 2y Z= A3 w4e MCMC-SURE T ARHE 5

Z 12 MCMC-SURTZE E 7|3l & st}

3. B2 HIOIX|2H 287] 22 3|72

2 7 gke 23k v R
&l B gelard =2 M2 32 3 (Dirichlet process mixtures) ol &3] AHE = B2
o AFREE Albste vtz A £EH 22 g

3.1. 23 MH

v 24 wlo]x] ¢k SUR E¥L Al (2.1)7 (2.2)8 SUR EHoA 2238 EXE AFEEE 7145
Ao, dHAA o BEE wETAL 7PPsh vt 2ol Yl Z2AL 3R Y (Dirichlet
process mixture model)& ©]-&3}o] A 2]t}

yZ:Xiﬁ—FEi, ei:(€i17~~-7ﬁim Zfl\glF 61 /N € |,M, dﬂ,dV), GNDP(CXGo), (31)

371A a+ FUE 4 (precision parameter) F+= Z 8 242 (mass parameter) 2t 28 A= 4] 3
7HE B4olal Got GY T4 AXE Uehl 714 #2(base distribution) 24, E(G) = Go°lth.
a2]3 DP()E delqrdl 2|2 AFAE S (Dirichlet process prior) 24 Sethurman (1994)2] whoj
ZF2 7] (stick-breaking) F&-& ]85l th33} Zo] HoJH Tt

D) = |:Uh H 1 — U :| 59h ), (32)
h=

I<h

v X Beta(l,a), h=1,2,...,

0 4Gy, h=1,2,...,

A7 So( )= 04 FE 12 7HA = H3IEZ (degenerate distribution)o|th. T]g|4rd] Z 2|2 Ab
AL ARAY PP T AL, A (31)3% 2o FFREA AT Oelal z2As AA-A
24 Z3R2 ¥ (location-scale mixture model) o] Y]] Ao 9& EZ (absolutely continuous distri-

bution) & AW 5 ks ACZA (Lo, 1984), £ =R A Aleksks v 24 SUR RHL 2 x4a 2
2o thgt AlekS WA obgE & 5 ATt dEgrE ZEA2 o S A g W8} 582 Hjort
= (2010)3} Miillers} Rodriguez (2013) 18] 3 Miiller 5 (2015) S04 &=& 4= gich

Agre 2y (3.1)0] thE AT Aste] the} Lo AALEE HHES Atk WA FW BS ok
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L X (scale parameter) 1/b, 8 Zt+ 7l 23 (gamma distri-

TN B2l A9 $AFE (normal-inverse Wishart) x5 7}

HE| 24> (shape parameter) ao %}
bution) & &3k, 714 2X Go
Haey.

(")

Go = N(u | po,7V)Wishart {V " | s, (sS0) "} . (3.3

=

=ollAE 7IARESY FH po”t 00l2tal 7HESHA k7] wiEell 23 e] A'H/d (identifiability) 2
Z317] 98 28 (3.1)Y AP AH (intercept) S XA A= 2 st AYPPo] AHLS
stal7] Qi E ZIAREY HFS 028 713 4 o} (Chibx} Greenberg, 2010).

vhAste R AHRES BE (uo, 7, S0)5k BFAS Bl vlstel hee] ANREE AT,

B ~ N(bo,Bo), (o~ N(a,Ao), e Gamma(ar,br), So~ Wishart (q,qilQo) , (3.4

A71A byt aks 27t p = YT p QT mARe] A% e e W0l T, Bok p x pAe]
B2 W, Ao Qo= m x m A2 FAA FHolth. AT ar,br, 5,0 T #E AAE 14
zeolt). Zh7ke) AARES] 22% (bo, Bo,a, Ao, ar, br,5,0,Q0)) W0l tlalAE, 2t AARES

FAHA APAEZ (noninformative prior) S Uehd 4 JE= A3}

B e

~

O il o2

A (3.1)9 delsd £ 23S AlE3 =Y (hierarchical model)2 o] &3to] th23} o] AT 4=
9t}
(5i17--~,€im) ‘;,L“ ‘/»wal\ii N(Nu‘/z), i:l,...,n, (35)

iid

0; = (ui, Vi) | G X G, i=1,...,n,
GNDP(QGQ).

2 oego gmx REAE 4 (3.1)9 telsd TS o83 wES SUR 23S DPM-
SURE YEp=2 S},

3.2. A 29| Atk

3.1804 Aojd DPM-SURZHE| ALZ %2 (posterior sample)S 3Z3}7] $18t] Neal (2000)] <]
i Aot 53 722 (collapsed Gibbs sampling method)& ©]&3kc}. Neal (2000)2] 53 7
EAYHE AR ARREA] 2 wodx A8 Vst dagls 22, DPM-SUR 239 tf
Halog A FEE 5 Atk &, o E (HA AS5A 0 HIEHE 24 8 U =F

Hof| ggsh= ZAH(latent variable), K& ¢ = (c1,...,c,)] HAWNge] A, hE A
< et B2 (auxiliary variable)e] A4, 28|10 up, Vi & Helqgd EFEH
T332 sk B4kl ohd, AR RS tho] TS B8 FEHTh

Ci=1,...,n0 B3 K_iE e = (c1,...,Cio1,Cit1, ... Cn)ONA SD3 ZTghe] A
= 383, He niE Tt 2ol H = Ky + hek ni = ¥, (e = )2t 247 3@
y e e L, K_i}o 32 v e s gttt o] A%, ni 7t 002t ¢ = K_; + 1]} 3
I (i, Vi), k=K i+2,...,HE GoZ ¥E F&dch ek n7t 00] okt (g, Vi), k =
K i+1,...,HE Go&2 HE FE3t}. 1 F & =9 FEZHE A 2300}

n_i kN (rs; up, Vi), for 1<k<K_y,
Pr(ci:k|6—7«'7"‘757“’1‘7'"7/-";{7‘/1*7‘"7‘/;})OC (

ol

Mo oft & f
N
lo

fuotgodo >
42y
oﬁ:‘LJf’
ox
>

>
2
2

)
—

for o

dl

(3.6)
%) N (ri;pl, Vi),  for K_;<k<H,
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A7 r; = (Til, . ,Tim)T, Tij = Yij — xgﬁj ol1 Nk = Zl:l;éi I(C_i,l = k)O]D}‘
o T 2. Tgl4d Z2AA E8R AUE B4 o Escobar®} West (1995)71 Alekst 2183
o) (data augmentation) 38 o] §3ke] = TAZ 223

- B 2-1. FAHSE nE Beta(a + 1, n)ollA FE38th

- @A 22, F29 FAHFE o]8ot] oF th2o EF AvkiExr Y &3
aa + K -1
K) = ot K, b —1
laln 1) = et E L Gammalan + K, b, — 1og(1)
n(ba — log(n))
at+ K —1,ba — . .
+ o TR =1+ nlbe - IOg(77)}Gamma(a + 1,bo — log(n)) (3.7)

o A3 k=1,...,K = max{cs,...,ca}ol TIBFd (i, Vi) B ThOO] ZAM AZRER RNy 23
Bk,
p(l’tz | ’l"i,Vk*,/J/o,T, S(),C7 K) - N(N/Z7ﬂk77ﬁvk*)7 (38)
p(Vk* | Ti?MZ757q7Q0aC7 K) = Wishart {V;:,S + nkagk} ) (39)
03]7]/ﬂ F = 1/(nk + 1/7’), ﬂk = (’I’Lk =+ 1/T)_1(/.L0/7' + Zi:ci:k 'T‘i), S‘,;l = s8Sp + Zi:ci:k(ri —
pi)(ri — i) 1 ny = Y37, I(ei = k)elth

o T 4 ZARES 2R I AFTRRLS T 222 FH FETUTH

p(/’l’o | a7A07THuT7"'7#’1‘(7‘/1*7“'7‘/;(‘7[() =N ()UJ07&7AO) ) (310)
p(T71 | a‘rvb‘rvﬂ()aﬂ;{a“wu;{avl*a---aVIzaK) = Gamma (7—715647'767) ) (311)
p(So | s,9,Q0,V7,..., Vi, K) = Wishart {Sg;qusK, Qo}, (3.12)

ANA Ayt = Ag+ S Ve d = Ao(Ayta + SIS, Vi), ar = ar + mE/2, b =
br + Zé;l('u’z - NO)TVk*_l(:U';; —p)°la Qo = (QQal + SZ£(=1 Vk*_l)71 ot}
o TA 5. vixEto g AW A pAYe il AFEER R 2E3)

p(ﬁ\bo,Bo,r’{,...,r:,X,/ff,...,u%,Vl*,...,V;;,c):N(,@;E,B), (313)

AN BT = Byt + S, XTVETIXG, b= B(Bg b + S0, XTVE D), 23 vl =y, —
pi & 24z et X X; = diag(zi, . .., 2im) 2 BHE AP E S e

2

4. Do|AE I}

X
o] Aol B =FolA A3t DPM-SUR
‘]

ol 4.1800 A= vt JeE Y
7, 4278004 Selere) 24e AR
SUR mgoz, 284 499 ol AFRE 03492
t BEE 7}H3= MCMC-SURT, 28|32 Hul$¢% 54 3F(maximum likelihood estimator; MLE)-E
o]-8-3t W= 24 (frequentist) ¥ (MLE-SUR

fu
N
o
o
k
)
o
k1
Ju
o
O
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MLE-SURS] 7% Feasible generalized least square(FGLS) * & WHE-31o] 2831+ R system 3
7]A] (Henningsen®} Hamann, 2007)& ©]-&3tc}. FGLS W2 &3 EARS o] 83k duls) F
2 A (generalized least square) ¥PHO 2 A HZH oz 829l W oln (Henningsen?} Hamann,
2007), Zr wiEult} o)A wAl9] IAZFE AXE A} FEAF P (residual covariance matrix)S

0]&3t SUR 432 A2 MLEZF go] ¢#A Ut} (Greene, 2003).

A
o}
0

n:i

=
[
Fd
lo
nx
o

e HaE A% RALFARE A Aste], o2 7HA] FEe] A FEE AFESE SUR 2
g 1233t 53] B =EoA A|¢ksk= DPM-SUR 230] 2213 BE 7440 J3Fe wha] o=
2AT ZYPAe Hol7] fste], FAAHLR, Aol UFHE B¢, AL mEE e AE, 2
21 227 S e A9 Al AR Urol AP e APk ofee, RoUPAE A
AL 913 SUR 2L o3} Zo] 37 WA m = 27]2 o] FojA otx 7HFstga, B Ado
A Z¥zt 50 9] WS AAISHITh

Y\ [ Xn1 O B1 €1
()= (o) () (2) “
!

A71A X Xpote 247 AYYEEA], 2HS 119 A 19Ee}, 07 1 Atelo] TdEE,
Unif(0, 1)l A SHx o= 100714 FE9 2719 A WEHEE 249Ut o, 3lAATY
Be By = (1.5,4.5,3.0)7, B2 = (3.5,3.0,—2.5)T o], e A3FL t}S3} 22 A 7HA] xR A
=R

i
2= )

o ThAY RE:
2 1.6
T .
i = (€1, € ~N(0,%), Y= ,i=1,...,n.
& = (en, ci2) (0.%) (1.6 2)
o ThilE AFEREE:

€ = (6,’1,6,’2)T ~ 0.5]\7(/11,21) + O.QN(/,LQ,EQ) + 0.3]\7(,11/3723)7 i1=1,...,n,

3714 = (0.0,0.0)7, piz = (=3.0,3.0)7, iz = (2.0, -2.0)7 o] 11, BAFE The T} 2.
5, — 0.2 0.16 oS, 0.8 0.64 = 0.4 0.32 .
0.16 0.2 0.64 0.8 0.32 0.4

2 1.6
Ei:(eil,EiQ)/NtQ(M7Z)7 “:(070)/7 Y= ( )7 i:17"'7n~

a
2
of
iz
5]

1.6 2

A 74 Wel A9k B8 (DPM-SUR, MCMC-SUR, MCMC-SURT)o|A] 548 2A37] 9|5to] 747}
15,0009 2] £&Z} A (burn-in)& AX & 10,000712] AFE 3% E (posterior sample)2 A 3FATE Fig-
ure 4.1 7t B3] uf2 3= AfoA] U2 FF Aol st AAFFES] trace plot2 UEWE AL
2A, AAR R F7)golu; FAIZE glo] S-S HY Aol EoA S & F JoH, o5 F3
ARE BEEC] AF3HA & e AL AT 5 Uk
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) e |
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Figure 4.1. Trace plots of posterior samples for SUR coefficients under multivariate normal error.

w3 7he) | uE fatol, ASel 2 g3t 24 (AT
/3 (bias) T AA| A3 AFge] 2olE vehie AlF2 dd AF
RMSE), 28|21 21 |4

GAF FHTSE

wx MLE)®) Aol 2 ehle A%
2 Z}H(root mean squared error;
W75 = (log pseudo marginal likelihood; LPML)E ARS8}t 21
= wlo] Xt 2] H3FE (goodness of fit) A T B AES $3te] 2 ALEH

= =524 Gelsserﬂ]— Eddy (1979)°] 23] A|°t= conditional predictive ordinate(CPO) 57| 2]

2 ol osf ol ], LPML o] 25 2

A A B BE AF oF, a9
<3} 2t
BIAS;it = |Bjk — Bjww|, j=1,....m, L=1,...,pj,
1 n m
RMSE;, = | — Gk —vig)% k=1,...,50,
k m;;(y ik — Yij)

1 & 1 o
PO, =< = _ , t=1,...,n,

3o A T2 AL 9ndith

k=1,...,50,

AR AZ 2] T CPO SAZS] FAA S ALt B2 o

(4.2)

(4.3)

(4.4)
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Table 4.1. Summary results of simulation studies

635

Error Parameter TRUE MCMC-SUR MCMC-SURT DPM-SUR MLE-SUR
distribution BIAS (SE) BIAS (SE) BIAS (SE) BIAS (SE)
B11 1.5 0.045 (0.315) 0.067 (0.237) - 0.070 (0.242)
B2 4.5 0.163 (0.488) 0.014 (0.345) 0.009 (0.486) 0.070 (0.297)
B3 3.0 0.106 (0.388) 0.054 (0.282) 0.005 (0.518) 0.057 (0.284)
Ba1 3.5 0.059 (0.374) 0.004 (0.278) - 0.048 (0.213)
Normal
B2z 3.0 0.061 (0.449) 0.072 (0.295) 0.065 (0.357) 0.032 (0.318)
Bas —2.5 0.092 (0.575) 0.005 (0.382) 0.045 (0.291) 0.061 (0.305)
RMSE 1.390 (0.082) 1.394 (0.104) 1.267 (0.181) 1.386 (0.098)
LPML —307.216 (9.822) —310.185 (8.994) —306.466 (10.233) -
P11 1.5 0.097 (0.423) 0.214 (0.321 - 0.032 (0.325)
B2 4.5 0.280 (0.575) 0.003 (0.382) 0.002 (0.196) 0.034 (0.464)
Bis 3.0 0.100 (0.619) 0.030 (0.342) 0.006 (0.210) 0.094 (0.369)
Normal B21 3.5 0.049 (0.542) 0.166 (0.286) - 0.018 (0.376)
mixture B2z 3.0 0.103 (0.549) 0.009 (0.366) 0.015 (0.117)  0.007 (0.508)
B23 —-2.5 0.014 (0.686) 0.058 (0.334) 0.005 (0.130) 0.059 (0.391)
RMSE 1.815 (0.122) 1.817 (0.110) 0.560 (0.056) 1.836 (0.099)
LPML —358.838 (10.046) —357.506 (11.701) —230.766 (12.429) -
B11 1.5 0.097 (0.586) 0.022 (0.299) - 0.054 (0.602)
B2 4.5 0.093 (0.559) 0.027 (0.400) 0.198 (0.877) 0.024 (0.764)
B1s 3.0 0.115 (0.681) 0.071 (0.389) 0.011 (0.713) 0.082 (0.691)
to Ba1 3.5 0.099 (0.632) 0.003 (0.269) - 0.040 (0.629)
B2z 3.0 0.064 (0.887) 0.035 (0.439) 0.084 (0.380) 0.021 (0.707)
Bas —2.5 0.120 (0.715) 0.006 (0.327) 0.001 (0.451) 0.131 (0.591)
RMSE 3.616 (1.175) 3.774 (1.575) 2.413 (0.981) 3.751 (2.137)
LPML —481.021 (46.930) —419.765 (22.845) —410.650 (73.596) -

RMSE = root mean squared error, LPML = log pseudo marginal likelihood.
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Figure 4.2. Boxplots of RMSE values (first panel shows the boxplot under the multivariate normal error, second
under the normal mixture error, and third panel shows the boxplot under the multivariate ¢ error).
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Figure 4.3. The geographical area used for this study (Closed circles indicate the locations of 12 weather stations
for the observed precipitation in Korea).
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Table 4.2. Summary results for precipitation data over Korea

Performance Measure MCMC-SUR MCMC-SURT DPM-SUR MLE-SUR
RMSE 0.5121 0.5134 0.3294 0.5127
LEPS 0.2477 0.2481 0.1221 0.2481

RMSE = root mean squared error, LPML = log pseudo marginal likelihood.
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Figure 4.4. Root mean squared error (RMSE) and log pseudo marginal likelihood (LEPS) values for precipitation
data over Korea.
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A= e} (Koop 5, 2005; Lang 5, 2003; Wang, 2010;

= H]'F?}ﬁ 2 3 g9 AAZA, AP vjAdy AA Y AR E BT

B R 7] 31712 8 (partially linear seemingly unrelated regression)3} 92| &

F(random effects) & Wddh= SUR EFo| that AFE & Foll glon, 7|34As 40 3lojA

gallof & 54 F9 3 §7HY E (spatial information) & ¥ 3= SUR R oz F73tal, o]

Tt EFRFS EEshe AT JA AW Foll Aot =T O]*"X] (outlier)el] 7 (robust)fﬂ-

= E}%E}i 3 (asymmetric Laplace distribution)& QAxR2x =2 &3 2RV &4 29
A y unrelated quantile regression)ol] 3+ ?‘% {3“@_' o o]t}
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