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Abstract

Spatial time series data can be viewed as a set of time series simultaneously collected at a number of spatial
locations. This paper studies Bayesian inferences in a spatial time bilinear model with a Gibbs sampling
algorithm to overcome problems in the numerical analysis techniques of a spatial time series model. For
illustration, the data set of mumps cases reported from the Korea Center for Disease Control and Prevention
monthly over the years 2001~2009 are selected for analysis.
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oAl Esterl Aok 2 vt o g FAIAEALS (Spatial Time Series Data)&

oF AZke] EFo wet FAl dojAls BF Frolut AL FEdh 0T ¥
A AALe) 293 AEE AEAYIE BHEATLD AAY BAe §3oz o

& (Spatial Time Series model)2] 71 d& HEA|AA R ES 3| oF st}

B} 502 28 nefdlo} 571 Wil A0t $09) el d 2 g 2

T3l oA F42 @E% =

brelZe A7) ARl Fou Bl SHAAA P

7%] A7 9}3}. 7129 AL Azl Y

Sanso&]— Guenm (1999) o] & S 53 wlo] R oH(Bayesian) e TAZF F2

, Pfeifer?} Deutsch (1 98 )% S ARMA(J—7P/\]74]°ﬂZ}7]Q?1 1537) 28-S AN

(1992)2 vAYR YA SAY(BL)EFM B4-FA WHHOZ Gibbs sampling®FH< ©]

A 7ol el AFsH3int.

This research was supported by Basic Science Research Program through the National Research Foundation

of Korea(NRF) funded by the Ministry of Education, Science and Technology (NRF-2010-0021743).
LCorresponding author: Professor, Department of Information & Statistics, Chungbuk National University,

52 Naesudong-ro, Heungdeok-gu, Cheongju, Chungbuk 361-763, Korea. E-mail: ssdlee@chungbuk.ac.kr

¢

=
e

of
r\l

()
1o o

1 do ey

o
i
>
>
rlo P =2
b
odtt

off of
> o

o N
>

A 2
39,
i

U A s e we

lo i 2 v oXrle
frﬁgnj

>,
X
e
td
ot

;

flo ne oft ofl
AL
2 o
rr o
2
I
= &

N J >
E B
y M

ﬁ o g
T

_L\.:
» rlo
o, I-U
o >
=
\I
NN
é
.
°
|
_V}i
HU
|~1:1

E
r
oX,
C
Y
1o
_l
U.Lu
O
r\‘oN
do?(,
Aé
_&m
o’_vE'H
ml




642 Sung Duck Lee, Duk Ki Kim

(1-# ol %) (2-# ol =) (32 ¢l %)
00000 0000 OO0 @00
OC @00 Ol NON BE 00000
0O® 0 eo Co0e00 L RERCRON |
OC @00 O NON BE OO0 000
00000 0000 OO0 @00

Figure 2.1. The neighbor structure of spatial order in lattice data
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Figure 2.2. The first-order neighborhood weight matrix

AQR Y Bajo] vmA & AL STARMAR 33} v 43w 8l STBL(F
o sl A7, S @%Moﬂ AHEE Mumps(SR84 AR A2 F
o
%

A¥(BL)E U B g Chen?] ATZ 24 # STBLEHo] th3] Gibbs sampling®d-< o]
&3k o] x|t A 2H& Fo ﬂ?ﬁ}ﬁﬂr.

Tierney £} Kadane (1986)°l £J3)] A 9+H MCMC(Markov Chain Monte Carlo)®H 5& ©]-83fo]
A A FUAALGE A B4Eof st SARAREZE F5310, B43H 0 Qo] Gelfand2:
Smith (1990)¢] 2J&f| Aotd AAMZ7 (Gibbs-Sampling)HHE A{3te] RoAdgy) AFsREoz

Sh=to] Mumps(F34 o]t A)AIEE ©]83iA STBLEH S B4Eof sk ARE2E AHY3tal 7]
2B EH S 0|83l AREE 2 (Posterior distribution)& #3k1 248 F43 WY 49 B4
9o S A Bkt

2.1. JIE5E (Weight Matrix)

Figure 2.12 F7xlollA AAALE (lattice-data) 2] 1x~3%} o] % (nelghbor) St Y= FRY 9 E
R YOI 1 o8] 45 @ A T e B fels Aele i 4
F(@)olH, 23 o]%9] AL 1A o]RET} W e FFYUt AgE e FAFSE YehATh
3} ol58] A9 ML PUOD e 5 Ak

95 x 5(n = 25) ARARE A9 7 AL AR AARE LER ofYFoR 1F A (weight
matrix)S Figure 2.22} Zro] 2A 3 4= .

2.2. BIAIAL EHEDS(STBL)
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STBL(px;, Gn; > Te; Su;) 2 THST YL v 2t}
P A q "j
G WM Z(t— i)+ N oW Vet — i)
i=1 m=0 j=1n=0
T s &; Hj
+ SO B Wz — )] g [W et - )] + et (2.1)

i=1 j=1 m=0n=0
pyq: A AZB A, Ao ol 5B
Aiyng AR A7) 3] e Aot A ol H T Fe A
Oy 0 0 FRETEm,n, AR7Y 6, A AR A RS, o) FFERS
W a7 me noxn 7FERE
s 0 AR Fol AR A, HAHolsB Al
iy 0 BAE F 4, j AR AN m, AR FZEAR2] FAP RS

on - A1, 018 BEY i, j AR AANA m,n AR S| FAP RS

2(t) = [2(t),...,z2a(®)]T : nx 1 BSHE A
e(t) = [ex(t), ... en(t)]” + n x 1 FEREHE

12 WY A= (ai), B = (big)o A C = ALB — ci; = aisbi; 9] 3h& ASHE A}

)] =0, E(e(t)e(t+4)"] = { 0°In, =0

0. iz0’ E [z(t)e(t+4)"] =0, j > 0.

HAE AALREFA STBLEF O theh wloj x|t 23S A9 Ed =3t 2ok FAIALS AR
].

z(t) = y(t)© + e(t)
e(t)=[er(t),...,en®)]", t=1,....,T, et)=0,t=1,...,(m—1),
(1714, m = max(p, q,7,5) + 1 = 2)
3714, © = (¢o, ¢1, 00,01, Boo, Bot, Bro, Bi1) " ©1aL, y(t)E T3} Zo] Fojdth
y(t) = [z(t —1), WPzt —1),e(t — 1), WPe(t — 1), 2(t — 1fe(t — 1),
2t — D)W Vet — 1), WO 2(t — Dte(t — 1), WDt — 1)t Vet — 1)]
7)< A1) ol ThE BE:
Zl(t) = (j)ozi(t — 1) + o1 Zwiij + eoei(t - 1) + 0 Zwijej(t — 1)

j=1 j=1

+ Boozi(t — Vei(t — 1) + Borzi(t — 1) {Z wije;(t — 1)}

j=1
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+B10 ei(t—1)+ Bu + e;(t)

Zwiij(t — 1):| |:Zwijej(t -1

Jj=1 Jj=1

| I

Z Wij 24 (t — 1)

j=1
i=1,...,n(&7), t=1,...,T(NZ)
el(t) = Zl(t) n Zh(t)@, ez(t) ~ lld N(070—2)7 9 = (¢07¢1,003017/30076017/8107611)T

yi(t) = [zi(t —1),> wijzi(t — 1) et — 1), Zwijej(t — 1), zi(t — Des(t — 1),

j=1
zi(t—1) [Zw”ej(t 1), [ w;ijzi(t— 1]61 (t-1) |:Zw”zj (t— 1:| |:Zw”ej (t— 1“
j=1 Jj=1
$EYSE B2} ol AR 7T 4 Atk
1 n(T—2m+1) 1 n T
2 1 b (N2

L(©,0°|S) « (02 exp{ 207 2 ge,(t) } (3.1)
714, S = [2(1),...,2(T),e(l),...,e(m — 1)]T 11, e(t — 1)°] é(t — )& LHA cku 7H4sd
SEUSE TFE Po] 2AME T8 4 ok

. 2 1\ 1 v a2
L* (8,0%5) « = exp fﬁZZei(t) , (3.2)

1=1t=n

6:(75) = Zl(t) — Hozi(t — 1) — ¢1 Zwijzj(t — 1) — Qoéi(t — 1) — 91 Zwijéj(t — 1)

j=1 j=1

— ﬁoozi(t — 1)éi(t — 1) — 50121‘(15 — 1) |:Z wijéj (t - 1):| - 610 |:Z Wij 24 (t - 1):| éi(t - 1)

Z w;jzi(t — 1):| |:Z w;;é;(t — 1):| .

Al (3.2)°] A3k O} 7 = 1/029] FAXAEZE (conjugate prior)= T3} 2Tk

- ﬁll

m(©,7) = m(0|7)m2(7), O|T ~ N (@o,Vfl) , T~ D(a, B) (3.3)
AZNA, k= (p+1)+(q+ 1)+ (r+1)(s+1), (k=8),a>0,5>0, Ve F2ZAFL, Vi (kxk)
PRARLI) Mol A 7HE o 85) AFAT FEREES 017} o] 2AHeT 7 4 Ar)

p(0,7|z,€) < L™ x m1(O|7) x ma(T)

A7VA, 2 (n x T)ARHY, & : (n x T)IABY e} (1) = 24(6)y; (10, y7 (1) : e(t — 1) = e(t — )T
Qo FFME 0,V HHAA AR 75, j =1, k2 AW

. n(T—m+1) T e N2 -1 2
p(O©,7|z,8) x T 2 exp 7226,@) X 7, 2exp [fﬁ} (3.4)
02

i=1t=m

_1 2 -1 _1 9?2
X Ty 2exp [7%} X 7'3 exp { %} X Ty 2eXp {*i}
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-4 Bo -4 51 1o
2 _ oo 2 _ Po1 2 ~10
X Ty 2exp { TJ X Tg 2exp { 6} X T, 2exp { 27_7}
_1 2 1 T
X Tq 2ex —A} X )% tex {——}
R R v e
4 (3.5), 4 (3.6)% 2o| B45S] ZARAFRES T8 4 ok
p(©lz,8,7) ~ Ni (77) (3.5)

o] 714,
0. = (AT + V) (BT 4+ VOy),

Vi=AT+V), A= ZZyz y;(t), B= Zyi*(t)zi(t),

i=1t=m i=1t=m

yi () = |2 Zw”z] t—1),é(—1) Zwue] 1), zi(t — Dé;(t — 1),
zi(t—1) [zn:wijej(t 1:| |:Zw”z] t— 1:|el t—1) [Zwljzj t— 1:| |:Zn:wij€j(t_1):|:|
p(7]2.6,0) ~ T ((2a+n(T27 m+ 1))’ (28 +QSSR)> (3.6)
o714,

@BSSR) 2 s rmin, SSR= Z Z (2:(0) - ©'wi (2 ))2

g
1=1t=m

= (k x H)TARL(AZA, k = 8)0)L, B (k x 1)@ ME], w,; & iwA) F7bol o] 28 juA| B
4 4 AEREs 7 ast e 2,

Ann A Az A Ais A Air Asg By
Aso Azz Ass Ass Azs Azr Ass By
Aszz Aszs Aszs Aze Azr Ass Bs
A Asga Ags Ase Aar Ags 7 B_ By 7
Ass Ase Asr Asg Bs
Ass Ae7  Ass Bg
A77 Arg Br
Ass Bg

0 1/31/31/3 0 0 0 0
/3 0 0 1/3 0 0 1/3 0
/3 0 0 1/31/3 0 0 0
1/5 1/5 1/5 0 1/5 1/5 0 0
0 0 1/5 1/5 0 1/5 1/5 1/5
0 0 0 0 1/2 0 0 1/2
0 1/4 0 1/4 1/4 0 0 1/4
0 0 0 0 0 1/3 1/3 1/3
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o714, e B2E FOZ Stage-19] Step-19A4 F7]-STAR(long STAR)E & 2] A=

3t
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A
=> 3" ¢ W™a(t —i) +e(t)

i=1 m=0
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Figure 4.1. The first-order weight matrix of space(n X n, n = 5)

(Step-4) FE3 2 MW WE F k(k > 5~ 30)Anirie] AYREL Hsjo] N7Jo] APER I <
.
(6(M+k)) . (e(M+Nk),7_(M+Nk)) N (@(]WJrk),O_Q(MJrk)) . (e(]bIJrNk),a_Z(MJrNk))

(Step-5) FolAl R NS AFHE RHOZ BES 34 — (0,02).
[Stage-2]
(Step-1) Stage-10]4 %34 (0,6%)% o]-83o] A= thAl 43}

STBL(11,11,11,11) s é(t) = 2(t) —y(t)©, t=m,...,T, é(t)=0,t=1,...,(m—1).

ﬁoﬂ oA ﬁ%z B2y nstch
Model : STBL(11,11,11,11) — © = (¢, ¢1, 60,61, Boo, B, Bio, Bi1)
2(t) = goz(t — 1) + G WP z(t — 1) + foe(t — 1) + 0. W Pe(t — 1)
+ Booz(t — 1)fe(t — 1) + Borz(t — 1)f [W(l)e(t - 1)]

+ Bro [W(l)z(t - 1)] fe(t — 1) + B [W(l)z(t - 1)] ¢ [W%(t - 1)] +e(t),

ei(t) ~ iidN(0,1)& 718317, 7 RHolA 1-3} 7FEa 2L wejstel 30071e) Rolxtmg A4em
27] 100719) AR W2, 20070] TARRE DEsk] ARAL A+ (N x T) = (5 x 2000 o1%
A BASITE STBLERS] A 2(t)S B71-B7AA 22171871 23 (STAR(51))oll HBAA =
3 eg FokT, te] BAHEY) L Foko o029 27)A 2 ALgET, o9 o] Ao 2714 E AF
sto] 24T}

© =00, V =0001Iz(STBL), a=f=0.001.
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Table 4.1. The estimated posterior statistics in each stage(STBL) in simulation

Stage-1 Stage-2
P til
24 True value Mean Median Mean Median SD ereentre
5% 95%
bo 0.40 0.2886 0.2880 0.3666 0.3661  0.0285 0.3203 0.4136
b1 —0.30 —0.2233 —0.2231 —0.3188 —0.3186  0.0402 —0.3868 —0.2521
6o —0.30 —0.1984 —0.1986 —0.2709 —0.2711 0.0357 —0.3300 —0.2102
01 0.20 0.1030 0.1062 0.1832 0.1859  0.0512 0.0980 0.2636
Boo 0.30 0.2143 0.2141 0.2813 0.2810  0.0082 0.2683 0.2948
Bo1 —0.20 —0.2880 —0.2872 —0.1990 —0.1983  0.0354 —0.2584 —0.1425
B1o —0.20 —0.0567 —0.0552 —0.1994 —0.1981 0.0362 —0.2591 —0.1398
B11 0.20 0.1556 0.1547 0.1894 0.1883  0.0238 0.1506 0.2293
o2 1.00 1.0692 1.0686 1.0033 1.0033  0.0207 0.9686 1.0379
1.200
TLOO0 ot e e s b sty simmiond i it b
aee — phi0
0.600 — phil
theta0
0400 et i i e el el e e ety thetal
L < —— betal0
0.200 NWMWWWHMWM — betadl
betalO
0.600 - - — betall
—0.200 1 oA i sigmaz
-0.400

—0.600

Figure 4.2. The time series plot of posterior sample about parameter of STBL in simulation

kol myo didle] 7z} StageollAl F WHE(Total iteration) = 3,000, M = 10,000(Z7|F=%
H (Burn-in period)), k = 20(F8)% 770 APRE N = 10007 =3} Stage-1, Stage-29]|
A N AT 22 2B Foto] B4E A5 4397} Table 4.13 2t} Z3E 49 E W STBLE
PO} 1-DANAN FAHE FFE 29 B4 27|A % ARgste] 2% A3 Aol & o A &
AE AEFFEo] EHA (unbiasedness) S WSS per-

Aol FH& AL FAT 4 Aok 2y F

centileo] 2AHE R4ES BT £330 Qth. STBLEHY 240 Tt 5 A IGS 98] N7Y
O AFZRE BEES o838 ¢AERE 18 A 9] Figure 413 2t} A3E A¥HY, STBLE Y
2z 2ol A AP c2uE FH R £ The AS FAT = Ak ol FWAAER
FolA A2 MEH 7S o83 WAt A o] w7851 882 & e vERdTh

Model : STBL(11,11,11,11) = © = (¢0, ¢1, 00, 01, Boo, Bo1, B1o, Bi1)
9] STBLY] R34S A&3Hd thew gk,
2(t) = goz(t — 1) + o1 WD z(t — 1) + Goe(t — 1) + 0, W Ve(t — 1)
Booz(t — )te(t — 1) + Borz(t — 1)t [W(l)e(t - 1)]

Bio [W“)z(t - 1)] fe(t — 1) + i [W“)z(t - 1)] f [W“)e(t - 1)] +e(t)
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0 13131/3 0 0 0 0
/3 0 013 0 0130
/30 0131530 0 0
W — (151515 01515 0 0
0 0 1515 0 1/51/51/5
0 0 0 0120 0 1/2
0 1/4 0 1/41/4 0 0 1/4
00 0 0 01/31/31/3

Figure 4.3. The first order weight matrix of eight-do and space(n X n, n = 8)

Table 4.2. The estimated posterior statistics in each stage(STBL) in mumps data

Stage-1 Stage-2

2 Mean Median Mean Median SD 5% Percent11e95%
[on) 0.6228 0.6260 0.6561 0.6596 0.0659 0.5447 0.7587
1 0.1234 0.1216 0.1288 0.1267 0.0965 —0.0248 0.2928
6o —0.1680 —0.1699 —0.1962 —0.1982 0.0784 —0.3264 —0.0722
61 —0.2424 —0.2407 —0.2139 —0.2119 0.1259 —0.4158 —0.0006
Boo 0.0037 0.0039 0.0067 0.0069 0.0252 —0.0348 0.0495
Bo1 —0.0306 —0.0309 —0.0643 —0.0646 0.0995 —0.2229 0.1028
B1o —0.0137 —0.0146 0.0331 0.0323 0.0910 —0.1134 0.1833
Bi1 —0.0566 0.0558 —0.0758 —0.0751 0.0722 0.1895 0.0426
o2 0.7344 0.7332 0.7395 0.7378 0.0442 0.6695 0.8136

1.000

0.800

0.600
0.400

0.200 TR TR R S g A A
U T G P
0.000 A oarig ]

-0.200

—0.400

—-0.600

—0.800

Figure 4.4. The time series plot of posterior sample about parameter of STBL in mumps data

STBLE o) thel A ALE A&dste] A2 84708 AR E ©]&3to] 2: (nxT)(8x84)¢] 2wy d
2 BAsgitt. STBLEFS A5 ()& 371- *77'/\]74]“7(]'715]:[‘] 2% (STAR(pa) = STAR(51))°ll
AFAA 23} 6L Faka A MSE = 522 7ato] 09 271X 2 AL, ©p = 0.0,V =
0.001/s,00 = B = 0.0012 HAFAT}. & = ooﬂ tisko] 7+ Stageol A % WHES = 3,000, M =
10,000, k = 204 Z7FA7|W APEE N = 10007 5=3}9] Stage-1, Stage-2914 N7|2] A1Z8
X RFES Tl R4S FAT AAE Table 4.291 2t} 1-dAloA 3449 B (Mean)HHAl 59
T (Median) & 2-TA 9] 240 27|A 7 ARgste] 248k Zlo] B vigdsin] 2 &A= S99

o1 83t0] 7 RSl Be] 271N ARG 2 A3 24 A%} ANAUT, FAE A7
2 ZAHE o2 EH A (unbiasedness) & &SIl percentileo] £H BFES & 2= AS
& Sl

& 749 2 oHIA 4GS Al N
Figure 4.42} Zt}. STBLE &l t]s]A]
dAor +h3 7he AS AT 5 9

==

r:u m[m
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2R AAE ¢ B Z4E 2 H1 o8 FAT uf 27X AFEA R 74 e] Bol= 7]

9] 2Alo] thste] Gibbs samplingS ©]-83F Wo]z| <t A o] vl F-&3HA A& 2 5 YFS

Hoj3E Zlojet & 4 9lrh

ol YolAE & ukel o] Mumps AR7F 4% FHE vl A& vHdE STBLE o] ©f A-3
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