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Abstract

In this paper, we present the longitudinal Markov binary regression model with ¢-link function when its
transition order is known or unknown. It is assumed that logit or probit models are considered in binary
regression models. Here, ¢-link function can be used for more flexibility instead of the probit model since the ¢
distribution approaches to normal distribution as the degree of freedom goes to infinity. A Markov regression
model is considered because of the longitudinal data of each individual data set. We propose Bayesian method
to determine the transition order of Markov regression model. In particular, we use the deviance information
criterion (DIC) (Spiegelhalter et al., 2002) of possible models in order to determine the transition order of
the Markov binary regression model if the transition order is known; however, we compute and compare
their posterior probabilities if unknown. In order to overcome the complicated Bayesian computation, our
proposed model is reconstructed by the ideas of Albert and Chib (1993), Kuo and Mallick (1998), and Erkanli
et al. (2001). Our proposed method is applied to the simulated data and real data examined by Sommer
et al. (1984). Markov chain Monte Carlo methods to determine the optimal model are used assuming that
the transition order of the Markov regression model are known or unknown. Gelman and Rubin’s method

(1992) is also employed to check the convergence of the Metropolis Hastings algorithm.

Keywords: deviance information criterion (DIC), Markov chain Monte Carlo method, Markov binary re-

gression with ¢-link, Gelman and Rubin diagnostic

1. M2

Ao T AYYARNS BEAT | SYo|1, LAFo] ATLEE WErhs 7Pgslel £40] 3
Ak o A2 (longitudinal data) & A|7ko] Aol wet §U% A9 F2 ABES WEHow 27
I AR, W2t o|HY HolHE W dolHetns At old NEHoE 24W FuARe| I
w0l ABAARAY AES ASHI0NE ojelgol mED wehd B ARE Gl g AN
FRE BEAVE AT ABAE 3P| YO8, F B FAT LAFL A hnz AARFS 19

3k Zlo] ghe]do|tt.
Cox (1970)% 7F¢AI¢H o] XA Do th3t 2A2Y 379 2349 Markov AL Ao
Korn¥} Whittemore (1979)+= o] R@E dd dojglo] FHEFtl. Kalbfleisch®} Lawless (1985)+=
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O

W3 ) dlolHol theh Markov 37 Zdof thsf =23t} Lee 5 (1968, 1970)= &4 A
o] Ho] FE& 4317 913l 5 (conjugate) H o] A HPHES AAF L, Meshkani (1978)= 53
Z 9 1|52 A Markov Ao vt Ao] &E2] AP A Bayes 74 Zt(empirical Bayes estimates)<
Aokt Erkanli 5 (2001)+ Markov 2A|2H 37 AAS AFRSlo] o] Markov A|¢Q1S 1123}
3 2deo] wjojx|ot BAE AAIFTE I 2] Markov 2] EAL Azzalini (1982), Bartholomew
(1983), Cox (1981), Singer2} Spilerman (1976a, 1976b), Wasserman (1980), Zeger$} Qagish (1988)
ol 98l == At

w22 22 FAO BAo] APE Gosset (1908)2 ‘Student’gh= 7MHO=E ¢ X E AP,
Fisher (1925)‘— o] —E—:TL_% ‘Student #2’2} Y3 TE ©]F Gossete] ol whe}l Student t 2
o BEE F mgeln AFoln AR 31 w2 BT LEE AR
RANE ¢ B2 AR 2 Gt AF BEZ A 542
o] g8l Aol F RS wEThs 7o FAT thke® @ xH3Fo] Student t V3 E wWHETAL A
g3}, Alberto} Chib (1993)€ ©]X13]7] RPolA t-H3 45 0§ wlo| A RHlS AAIFT
adeg el AR el ¢t xS 7H npaz oF 37 RS Aletal, o] uf npxz 3
23 2] Ao] Alx}(transition order)o Tt wlo] 2] ot A& =38} } ST}

=29 ALt 2o 239 A= Erkanli 5 (2001)3 Albert2} Chib (1993)9] A Wals
AEBo] 92 B4E 2 Markov o3 317) ZHE AQUT 3FOIAE 23N AT 92 &

o

L

TE Z& Markov 03 39 239 o] Ax7F €1 Y A9 23R 2 Aol wE w oAt
Ao s thEth 4.1800 X AJEd o] tlolEE o] &3l At BHe 452 FstaL, 4.2H A
= AE 23S Somer 5 (1984)°] g3l A7H ZIE dlo|Hol A&t RO R, 5734 2
Ao 28-S A FF HAE =it

2. -2 2 01T O[3 817 9

AR thAo] AR T A4F ToA AF5HJY 7P ull, v = (yir, ..., yir), °THEZ} 228}
Wy =1, 282 oW y; = 2lo] ¥

00]?4' :_]_—E]— yzt\_ 3 Eo] pit = P(yzt = 1‘hzt) Hﬂ
(Bernoulli distribution)& w2t} & 4= 9t}

I (yitlhit) = p%it(1 — pit)lfyn’

AZNA hir = {yit, .-, Yi,e—1 1 S|2EE] HE o)
Erkanli 5 (2001)°] H]—E , Dt O]/\lE._FJ WE b, Qb s WE 2,0 7P E4 (additive func-
ton)e] BENE B 4 9tk AE Sol, 22 RUAA py i thew ol ERET

pit =@ (n+ i B+ g(hat))

ANA zie = (@ire, .- Tikt), B=(B1,...,Bk) L L ®( )= EE 7FA ¢+ 2 £2 34 (cumulative
distribution function; cdf) O]D}.

s, Erkanli %5 (2001)0] B2, B4 g()o) me} B322) Aol A5e) Weel AL etk =
3] f8& g() T8 o3 Zol Aol

g(hit) = Zakyi,t—k7 for s € {1,..., Smax} -
k=1
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o]+ A 4] (maximal order) 1 < smax < T — 12 s¥A A5 71 vtz Z FARH S IJrEHHl‘/‘r
George®} McCulloch (1993, 1997) 2} Kuo®} Mallick (1998)2] olojtjoje] wa}, g(hi)E tha3 &2

7H &€l (additive structure) @ EFA L 4= U}

Smax

t) = Z asdsyi,t—s-
s=1

Yii—s7F B 2 §, = 10|21, T¥A koW §, = 0°]th. wEhA & =1 28 s > 1o of
3 65 = 02 g(hit) = a1ys,e—1% 17‘]‘ B2dS ousicy. |ABHA 61 = 62 =1, s > 2¢ W, 6, =
02 g(hit) = a1¥ie—1 + a2yip—2% 22 BDS ulsitt. &, 6 = (41, .. =
1,...,Smax s ©]83t] Ho] AAE ZAT 4 gtk WS A B REE smax =T — 15 AF
sttt o] wf, Al g FFE HA) A= B smax =T — 1 BRE =

do] F7F M2 of#fje} o] (T — 1)-F22 o|FZ T Ado] "t}

=2

M ={(0,...,0),(1,0,...,0),(1,1,0,...,0),...,(1,...,1)}. (2.1)
ojmf, 3 AR WE (0,...,0)2 AlF W2 JeFS A = AREA EE Mooty + AR
(1,0,...,0) A A %fﬂ =g M olth

Albert8} Chib (1993)014 o2 317 AL py = C(@58), i = 1,..., N2 B 8 4 9t} o]7]A)
CO)E 5 pud AF T2 2549 A2 GER cdfE, B AFoAE A= vl ¢ BRI cdf,
T,()E ARE3tAtr st o] wi, B8 pi+ ot} 2ot

—~

Pit = Tu(mitﬁ + @101Yii—1 + @202yi -2 + -+ Qe—10:—1Yi1)
v+l

’ -1 . v _ vl
_ /zitﬁ+22=1 as6sYit—s ﬁ <1 N ﬁ) 2 &b,
o Vot (%

)
ol i, ¢t x|} A e} iz B3 Fejz 2@ ol

A
= vV v
zt|)\tNN($zt/B+Zlas sYit—s, 1t>“+)\tNF 2 2)

v
2=,

2 olB3o] 48 puE oldl% 2ol Lehdn,
e T (lHQ_l) (1 + (Z - I;tﬂ - 22;11 asésyi,t—s)2> -
5)

(3
z/~2#1
dz

14

2 v
I el R v it [, ' — _ (%) 2
= /0 /0 o exp —7 (Zzt - witﬁ — ;asdsyz,t—s> T (%)

A2 exp (—%A“) dNiedZs.

Tanner3} Wong (1987)©] A|<Fst d o8 &7 ¥ (data augmentation)= ©]83l, Z;; > 00]H Y, =
1, Zix <001 Y;, = 091 A4S & 4 o). &, =384 (likelihood function)+=

=
:H

L (y11,...,yN,T) X {I(Zit > 0)I(yse = 1) + I(Zit < 0)I(yse =0)}

1t

Il
-

7

" Ai = N©F e
X\ o P\ T Zit — xyf3 — Zas sYi,t—s T ))\{‘; exp(—i)\it).

4
2

>
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2} %;O] L+E4'E 4: 914— ahtﬁ'+’§: 1 Qs syzt 57} A ‘g giﬁl %155 i
2, X*y2 AP sCh

5/11 0 -+ - 0
’
. o » " T X150 Y11 0 --- 0 B
X :(X 1, X 12,0, X N,T) = 5'13 Y12 y11 -+ 0 Hy= ol
Lo

A7) xj,= WA e kX s W, B = (Br,..., 8", a = (adr,...,ar—16r-1)" °Th
5, =84 ofEist 2t

Ly, oyvr) o< [[[[{1(Zi > 0)I(yie = 1) + 1(Zi < 0)I(yir = 0)}

1=1t=1

Y Ai . 65y
X 27: exp <—7t (Zit - X ;t7)2> (2) A2 ! exp (—gkit) . (2.2)

3. Bayesian approach

270X e t-B32E e vtEZ o7 39 By o] AArt Xl A9k 2%8A e
A u), 2zt A HHe) Hol A3} RUg Lol At wlol Ak AL AT Tz mulo
24 ()7 2] (T - )AL FES o] £l TAN FAIEk Mt j7hinn A 22 3
oo, T —1,5=1,...,T—1°2 uxat #A=X7} 713 FH 2 4

p
ok oX

3.1. ®0| AlAD} L2z

ol 3L
vA AHrE ve 13
X (prior distribution)
ol 247k afb, af/b?

o}.

2 k3, o] AlApel] tisjAM v & vk RSt o] wl, v ARE
v~ Np(p,271), where p = k45, s = 1,...,T, v AARZE=
Gamma(a,b)E 7Hsttt. wWebA 4,0 AFAHEE n(y,v)E o3 2

o rfr o

m(v,v) = m()m(v

~

1 -1 —% b* a—1 1 ,
(%)p\z | T’ P (*5(7711) E(’Y*M)*b’/>~

I#HBZ Z, 4, A&} ve] B2FAE AT 8 (joint posterior density function)+=

(2,7, A\ vy, X*) o HH {I(Zsy > 0)I(Yie = 1)+ I(Zis < 0)I(Yse = 0)}

i=1t=1

Ait Ait (o, o 2) (5)% v
X o exp (f 5 (Zzt - X it’y) ) T (%) A5 exp (75)\“)

(; )pl Y 2exp( ;(vfu)’E(vfu))
X FZEZ;)V exp(—bv) (3.1)
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posterior distribution) m(Z,v, A, v]y, X*)o tjgt F23 93] 2=
WS ARSIt 49 & 2 AR U= (full conditional density; FCD)+&=

o Hu
iv
o
ihe
+
30
K
>,
o
Ae
E

-1

YZ, M\ vy, X" ~ Ny ((X*’WX* +3) (X*'WZ+Zp), (XWX + 2)‘1) (3.2)
olH, W = diag(A1, ..., 200)°1tF Zi 9] & 2AR U=+
Zii"y,)\7l/7 y7X* ~N (X*fitfw )‘7:51) . (33)

ol o, yix = 10]9 098] YZo] HtH
chewt g

FolAL, yi = 00]®W 7 Wiholth. A, g AR WEL

EiA

1 (Zin — X*ym)?
)\it|Z,7,V7y,X*NF<V+ ( t zt’y) +V>

2’ 2

ve] 97 2AR WE = e P}

N T
(|, Z, Ay, X 0<HH

i=1

v

i 5-1 v a—1
V A7 exp (—5)\“) v exp(—bv)

E

w\t II

t

RO S 1

I (K)NT v lexp | — b+ 2 D (i —log i) pr— loghis | . (3.5)
2 i,t it

3.2. TO| ARt XX 22 89

32480 vtRz 2l Ao] Alxel 2Hr® vE BETh 7Pgsth o] uf, 48] AREEE 4 ~
Npy(u, 7Y, p = k4T, v AHAEZE F73} —Ev—/ﬂ-ol zvzr a/b a/b*Q Gamma(a,b) 2 7F3 3t}
a8, 6 € M APAEEZE 72 Bl p, = 1/T, k=0,1,. —1, T =19 FYREE 7}
Aottt WA 4,6, v AFARRE 7(y,6,v)E D}*Q ZEO] ‘7’°HZ]D}

(7, 6,v) = () (0)m(v)

1 olio1 b .
%Y %—azﬂ L X exp (ff(yfu)'E(yf,u)fby) Unif(0,T).  (3.6)
v
THBE 7,4, ), 6% v9 BRAFUERSE

T (Zy, 0\ vy, X7) o [T [[{(Zie > 0)I(Yee = 1) + I(Zie < 0)I(Yie = 0)}

1=1t=1

)\i )\1 * 2 z % r_1 14
XA/ 7: exp <—7t (Zit -X ;t’Y) ) I(‘Q() ))\12t exp (—Ekit)

G I e (<5 0w )
X ﬁ(;)yafl exp(—br)Unif(0,T") (3.7)

2 e 5 9T, ATREE 7(Z,7,0,A, vy, X))ol B3 F2E el QaNEY & A5 A9
A

=2
N
>
S
X
®
g
2
=
o~
g
N
>
+
&

XWZ 43, (XWX + 2)‘1) , (3.8)
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A7 W = diag(A1, ..., AnT)olth Zy 9 AARAR HE+=
Zitly, N\ 8,0, y, X ~ N (X507, M) (3.9)

o]tqv Yit = 10]%

09] Y1Zo] ArhE By o],y = 00 1 vkrfo]th
Xit, 02} o] SAZAR Y

st 77 gg3} 2.

. 1 (Zi — X*})?
Ait|277757yvy7X NF(V;— ; ( ! ta’Y) +V> (310)
Mo, w.p. po,
My, w.p. p1,
5
Ms, w.p. pa, Oi
6= pi= : pi=1, (3.11)
Ms,  w.p. ps, Z?:O di ;
]\447 W.p. P4,
Ms, w.p. ps,

o714 7T((sk) X Hf,il Hthl V )‘it/Qﬂ'eXP(_()‘it/Q)(Zit - x;tﬁ - Z’::o asyi,t—S)Q)» ag = 0, k =
0,...,5.
N T )5 v v .
w(v|y, Z, A, 6,y, X™) H H A2 exp (—5)\#) v exp(—bv)

=T (5)
)% xNT
(

ot 1
)NT exp ( {b + 5 ; (Ait — log /\it)} v — ;log )\,'t) . (3.12)

,1
/\

,1

4. AEd0lH2t 2A HlolE

4.1. AIE2d0|M4 HI0|E]

o O
i3 EH’E}EE 30‘14 =2 °4 —T—%OP?&EE} 2728 dmvAlol oj”do] Fd o] =
2] HAA|FFA A (least square estimator; LSE)% o)l g& y= ME FAFCE uwebA
n =30, T =6, Smax = 5, J4H Ho|HE o]&a BE M;, i =0,...,59] thst dlo|6E A+ 3}
77k A28 Z82 10,0000 333t 29 vwE 95 Spiegelhalter 5 (2002)¢] A ¢Fst A AR
7]%(deviance information criterion; DIC)& AR&-3tc}.

DIC = D (8) + 2pp, (4.1)

o714 D(0) = —2log L(y, X*|0), 6= A3 BF(posterior mean), pp = E(D(0)|y, X*) — D(F) |t}

t BRI ARE v=1,3,57,104 o, & M;, i =0,...,5 th3 D(0), pp, DIC g+ Table 4.1
Vel v =19 A9oll= My = 1,501.25¢ + 260, M1 = 1,505.39¢ 4 260, M2 = 1,501.55¢ + 260,
Ms = 1,502.12¢ + 260, My = 1,505.63¢ + 260, Ms = 1,496.90e + 26022, Ms 2@ DICZo]|
1,496.90e + 26022 7} WA Yebdt) v = 39 ZA$olls My = 1844.44e+260, M1 = 1,842.21¢ +
260, My = 1,839.35¢ 4260, Mz = 1,848.26¢+ 260, My = 1,851.34¢ 4260, Ms = 1,829.71e 42602 2,
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Table 4.1. Simulation result using the DIC (Unit: le + 260)

v D(6) PD DIC
Mo 1,030.59 470.66 1,501.25
M 1,032.83 472.56 1,505.39
Mo 1,030.63 470.92 1,501.55
! M3 1,030.61 471.51 1,502.12
My 1,032.91 472.72 1,505.63
Ms 1,027.52 469.38 1,496.90
Mo 1,158.26 686.18 1,844.44
My 1,156.92 685.29 1,842.21
Mo 1,155.73 683.63 1,839.35
3 Ms 1,160.35 687.91 1,848.26
My 1,162.26 689.08 1,851.34
Ms 1,150.82 678.89 1,829.71
Mo 766.82 520.83 1,287.65
M 767.74 521.94 1,289.68
M> 770.47 523.99 1,294.47
> M3 768.00 521.83 1,289.83
My 766.90 520.79 1,287.69
Ms 763.76 517.90 1,281.66
Mo 403.73 279.48 683.21
M 407.99 283.23 691.22
Mo 410.09 284.66 694.76
7 M3 406.93 282.64 689.57
My 404.19 279.96 684.15
Ms 402.38 277.72 680.10
Mo 153.26 91.40 244.66
M, 152.13 90.46 242.59
0 M> 153.11 90.76 243.87
M3 152.44 90.51 242.95
My 152.89 90.96 243.85
Ms 151.95 90.03 241.98

DIC = deviance information criterion.

Ms 2] DICZo] 1,829.71e + 26022 7Fg WA Yeldth v = 58 Z$oll= Mo = 1,287.65¢ +
260, M1 = 1,289.68¢ + 260, Mo = 1,294.47e + 260, Mz = 1,289.83¢ + 260, My = 1,287.69¢ + 260,
Ms = 1,281.66e + 26022, M 229] DICZto] 74 viA Uephgtl. nfairixz, v = 73 1091 4%
oAl M;se] DIC glo] th2 B3o| nls) 7P @& 212 & Uehsitt

4.2. ZHl tlolg

Sommer 5 (1984)°] ojsf Hud QA=uA|of oFFe] TF7|A&e] Y& ol T A= 6749 Ja-
vanese U9 1|F & okF 4,600 ] 1870 € FF A& FF AFeltt I} AL, Aota) Ak,
FAh DA A ZRAR AT "ol 3/Mduitt 7 of ol & A ALt AL AR en, F 6]
Aoz F 7R AFe] o] otk 2 AFofA AE AL FFHOR wd ofe] 52 Ao A A
AL, H 4 270 T wd ofo]E A AFllA ALF Ak RE ool 7k 4 FAT AL of
Un, A% 712 dubd e 3709 wwke] obgol thek A= wiAI
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M1

M2

Estimated PSRF

Estimated PSRF

Estimated PSRF

ho

| o

T T T T T T
0 200 400 600 800 1000

the number of iterations removed for burn—in period

M3

T T T T T
0 200 400 600 800 1000

the number of iterations removed for burn—in period

M4

T T T T T
0 200 400 600 800 1000

the number of iterations removed for burn—in period

M5

Estimated PSRF

Estimated PSRF

Estimated PSRF

T T T T T T
0 200 400 600 800 1000

the number of iterations removed for burn—in period

Figure 4.1. Plots of the estimated PSRF for models.

2l R9| DPpackage©| WH indon Hlo|EE ARSIt o]+ Sommer 5 (1984)9] =
Rz, 27572 AxvAof nFH T obFEY] 57 A ool s Ao A%
Fojtt. webA mtEz mde] I3 M2 5749
o Brow) o2 o|TolA Yo, Y
A A e (National Center for Health Statistics; NCHS) &

7;]]24 :7)\}_01 u_] /\}o].

£ 3670dolA S i

4.2.1. MO0| AR} LE AL
o] 'IH V‘O/] A szﬁ_ IR
TAFE AR A (3.5)94

‘Q_ Z:]!—U]"'I—l—’a— ]o
2o 4

7 Bk Adg AE 7R

PSRF (MPSRF)E 77t 273}17] 98] 2,0003)]

‘}E]—. Metropolis Hastings
(1992)©] A|QF8}al Brooks®} Gelman (1997)¢] 7

T T T T T
0 200 400 600 800 1000

the number of iterations removed for burn—in period

F2 Tt 2k A 90 %E

Z9]

REZ o) Fofd 674
g FHo 3t w3 271 A%
MEEEA hole] A% A7
oF¥Z i Bitot's spots} 2 9H AF 475 55 GA| Lo} ob5e] Lol

L T T T T T

0 200 400 600 800 1000

the number of iterations removed for burn—in period

PSRF = positive scale reduction factor.

S E 279
627 5 J i/\}ﬂ o]
o 1= I 1,2007Y

Aol AAFE ¢ dthal 7Hgshd, 3.129 ALbAlS wErh
AAo7 2z LR BE Fejr} o2& Metropolis Hastings &
WEHE 93 AlHEE (proposal distribution)+= (1,10)0A ZAth

gl 8L FA3H —‘H;H Gelman3} Rubin
N #9 A9 4B PE FUT R 2
WY AQE Agskn A W Ea5 A

£AE AW A3 e 271 g2

%4 A4 (positive scale reduction factor; PSRF)$} multivariate

HlE o

o2 5719 AL AgFrt. Gelmand} Rubin

(1992)& PSRF7} 101 /17198 Fe] 2 NAL7} SESI5icka BR3D PSRFZF 11} 212
Aol BE WEAHLS FAY £ YEE SR B547} Yk Hrk

Figure 4.1 6709] 2 Mo, .., Mol % 374 PSRP2, <) (burwin) 712 o] o 5003] 41 5
19 =&3l= 212 ¢ 4 It WA Metropolis Hastings &1 8|55 5003] HHE oF & ¢dof] =
o= 24LS ez £ ke 542 100008 A3}
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Table 4.2. The DIC for the six models (Unit: le 4+ 260)
My My Mo M3 My Ms
11,384.28 11,380.91 11,440.89 11,410.53 11,505.76 11,380.78

Gibbs Al&8 dgjEL = 2

Step 1. 27|13k AA ~O AO Ww© and @

Step 2. j=1.

Step 3. A1 (3.3)9] m(Zi|yV ™D, AUTD LUy Xy o2 RE ZU) 2&.
2] (3.4)9] m(Xie| 2D, 407D =Dy X*) o mBE] AU,

Step 5. (1,10)o1A Zotd ZAupRExE AHEEZZ 3 Metropolis Hastings €a12]&5S o83, 4
(3.5)2 w(v|ZD, AP A0 gy X*) oz e )

Step 6. A1 (3.2)9] w(y]|Z2W), A9 L) ¢y x*)omBRE 40 FZ

Step 4.

Step 7. j=j+1.
Step 8. Step 3K-E Step 79 HFS Z 2 M;, i =0,..., 59 th3 10,000 HFEA3Y,

A2AEDES 7] A8l 27 2 A =1,i=1,...,1200, g+ Z=EH] 37 BdoA LSES}H &
3, 7 2o wet o = 1 MHE At 2l do] AAE &1 JlorE A (4.1)d4 HH
DICE Axls) HAe radS Aelelny, 7 23 Table 4.20] YERIQTE My = 11,384.28¢ + 260,
M, = 11,380.91e+260, Mo = 11,440.89e+260, M3z = 11,410.53e+260, My = 11,505.76e+260, Ms =
11,380.78¢ + 26022, Ms 29| DICZto] 714 ¥e Ao 7 Yelgdth. o] uf Ms RdlloAe] AHi%
vo] AL 4.830| 1, 3] FAS yFHL —167,498.41, —71,793.10, —162,381.07, 26,977.92, 31,883.80,
—6,951.31, 357,611 13, —849,144.21, —9,478.14, —4,577.56, —3,040.41, —1,546.63, —1,526.172. & 1}
Buth &, ul2 AR ASA 7 T o] AY A, A5 AHo] HAALFE o] oA+

=,
S
A2 ¢ 4 9ok

mlo

4.2.2. 0| AR LXK A2 R Metropolis Hastings &1 8]&2] 84S &<2lst7] 935

A AF3 Gelman¥} Rubin (1992) ] A|QF8}AL Brookse} Gelman (1997)0] =43k =78 kS A}
L3t 3 PSRFE 24317 Y3f 2,0003) vtE o= 5709 x9S Asdstc). Figure 4.2= HQl 7]
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Figure 4.2. Plot of the estimated PSRF of v.

Table 4.3. The frequency of § for the six models

My My Mo M3 My Ms
0 33 265 616 916 3,170
Step 6. 21 (3.11)2] m(8]Z2W, AW ) U1 o x*) oz rE §U) 2&.,

5]
ct+
[}
kel
-3
Y

1 (3.8)9 7r(7|Z<j),)\(j)7u(”,é(j),y,X*)Sil‘i—Ei 7(J‘) =2z
Step 8. j=j+1.
Step 9. Step 3 FE] Step 72 A2 10,0001 W= A3y

A2AZYL 83517 Aol 27 S hi=1,i=1,...,1200, = =2 ¥ 37 2dA] LSES} &
I, a=15 WE], 6§ =05 28| v =52 A3t} BFY AT FES o]83to] 5,0008 M 7| &
969 =S F5t A= Table 4.39] eI T My = 0, My = 33, M2 = 265, M3 = 616, My =
916, M5 = 3,1702. 2, Ms B2 =7} 7P g2 A& & 4= 3ok o] w M; R A Y AF-E v
ZAZEe 47801, FAAST yFHE —167,937.18, —71,933.57, —163,816.44, 26,832.56, 32,061.20,
—6,964.18, 363,215.58, —846,709.99, —9,505.87, —4,598.17, —2,876.81, —1,270.06, —962.15= L}E}
gtk ol T3 A= uAlof of”oe] T A5 AL, ol HFAE BT 1nBld t-F3 FrE e
utz = o] 3|7 Byo] 7P H A Byol, ulg A AZX 7t T G AY 3, FF A
o

e}
ol Woj A4S Jeo] WolAx AL & 4 9tk

5

H =RoxE 2™ F3 H uke} Zo] Albert$} Chib (1993)9] HEW-S AM2&te] Erkanliz} Aok

3 npmz o3} 37 RS AL +-FIE o] 85| tlolE B WS ARRSLAL w7 WS
= 749 Metropolis Hastings &

g &S AMEstal PSRFE AME-3te] Metropolis Hastings €118]&9] £HAS EAsitt. AlE#H o

HoleE T3 B39 45 s, AL @ 2L A5 o} ojFo] Fot to|Ejof HE3}%



Makov binary regression models with ¢-link 57

o 2749 =g 27 9] DICS 23 P(Mily, X)) A% F82 A83t0] 2 28L vmasich

4 T 1 AA BE AR DA T BE2 Lepget

B =EoAe Ao] AAE XA 2 A ¥ AYE (k+T — 1)E 133k, o] Al
AE 43 vk 7S Al 4 By AhE A4 k k41, k+T —1 2 173k AdejolA
nRZ A 91 2 H| 7S (Markov chaln Monte Carlo; MCMC)& $33l+=dl, 239 A4S
I FE ool et FAAST o AYE thEA ke WRE LEEE 5+ AS Aotk o] ¢ Ade] ot

2 Z7HE 25 Yelias 9A = MCMC(reversible jump MCMC; RIMCMC)<¢} 2+

5 olof 3Ith. Green (1995)2] RIMCMC L 23] Mel @ nap 240 B E S Al

FE AP S 70 oA AR A A, B9 £7F AR o BYE 7 #o]X]

Ael FA, o W3bd A4 5 B2 EobollA S8E A T

J

References

Albert, J. H. and Chib, S. (1993). Bayesian analysis of binary and Polychotomous response data, Journal
of the American Statistical Association, 88, 669-679.

Azzalini, A. (1982). Approximate filtering of parameter driven processes, Journal of Time Series Analysis,
3, 219-223.

Bartholomew, D. J. (1983). Some recent developments in social statistics, International Statistical Review,
51, 1-9.

Brooks, S. P. and Gelman, A. (1997). General methods for monitoring convergence of iterative simulations,
Journal of Computational and Graphical Statistics, 7, 434—455.

Cox, D. R. (1970). The Analysis of Binary Data, Methuen, London.

Cox, D. R. (1981). Statistical analysis of time series: some recent developments, Scandinavian Journal of
Statistics, 8, 93-115.

Erkanli, A., Soyer R., and Angold A. (2001). Bayesian analyses of longitudinal binary data using Markov
regression models of unknown order, Statistics in Medicine, 20, 755-770.

Fisher, R. A. (1925). Applications of “ Student’s” distribution, Metron, 5, 90-104.

Gelman, A. and Rubin, D. B. (1992). Inference from iterative simulation using multiple sequences, Statistical
Science, 7, 457-511.

George, E. I. and McCulloch, R. E. (1993). Variable selection via Gibbs sampling, Journal of the American
Statistical Association, 88, 881-889.

George, E. I. and McCulloch, R. E. (1997). Approaches for Bayesian variable selection, Statistica Sinica,
7, 339-373.

Gosset, W. S. (1908). The probable error of a mean, Biometrika, 6, 1-25.

Green, P. J. (1995). Reversible jump Markov chain Monte Carlo computation and Bayesian model deter-
mination, Biometrika, 82, 711-732.

Kalbfleisch, J. D. and Lawless, J. F. (1985). The analysis of panel data under a Markov assumption, Journal
of the American Statistical Association, 80, 863-871.

Korn, E. L. and Whittemore, A. S. (1979). Methods for analyzing panel studies of acute health effects of
air pollution, Biometrics, 35, 795-802.

Kuo, L. and Mallick, B. (1998). Variable selection for regression models, Sankhya: The Indian Journal of
Statistics, B 60, 65-81.

Lee, T. C., Judge, G. G., and Zellner, A. (1968). Maximum likelihood and Bayesian estimation of transition
probabilities, Journal of the American Statistical Association, 63, 1162—1179.

Lee, T. C., Judge, G. G., and Zellner, A. (1970). Estimating the Parameters of the Markov Probability
Model from Aggregate Time Series Data, North-Holland and Pub. Co., Amsterdam.

Meshkani, M. (1978). Empirical Bayes estimation of transition probabilities for Markov chains (Ph.D.
Dissertation), Florida State University.

Singer, B. and Spilerman, S. (1976a). The Representation of Social Processes by Markov Models, American



58 Bohyun Sim, Younshik Chung

Journal of Sociology, 82, 1-54.

Singer, B. and Spilerman, S. (1976b). Some Methodological Issues in the Analysis of Longitudinal Surveys,
Annals of Economic and Sociological Measurement, 5, 447-474.

Sommer, A., Katz, J. and Tarwotjo, I. (1984). Increased risk of respiratory infection and diarrhea in children
with pre-existing mild vitamin A deficiency, American Journal of Clinical Nutrition, 40, 1090-1095.

Spiegelhalter, D. A., Best, N. G., Carlin, B. P., and Linde, A. V. (2002). Bayesian measures of model
complexity and fit, Journal of the Royal Statistical Society: Series B, 64, 583—639.

Tanner, T. A. and Wong, W. H. (1987). The calculation of posterior distributions by data augmentation,
Journal of the American Statistical Association, 82, 528-549.

Wasserman, S. (1980). Analyzing social networks as stochastic processes, Journal of the American Statis-
tical Association, 75, 280—294.

Zeger, S. L. and Qaqish, B. (1988). Markov regression models for time series: a quasi-likelihood approach,
Biometrics, 44, 1019-1031.



Makov binary regression models with ¢-link 59

YIS 2t ORI 0|3 517] BHE 0|83
OIZUIAIOF O1210] ZE KF2 0l THSH Bl 0| K| 2t 24
HBE . g Ae!

(20194 112 21 F 4, 20194 129 302 7, 20204 12 82 AfjE)

OOI:

oM ntRz 0% 3] 2o Alx}ﬂ A A 23A 2 BvE o
1% 39 ¥ AAcE dubdez, oF 37 RyPoAe 24 E%OM z23
t-¥3 et 227 X1~rr':7} AdF Zé‘ﬂ'v:—:—i ZAe7] wjEol] =28l 2yPE il H
A 5 Yok Aot wiE ﬁw‘ﬂ?ﬁét Fd Azl el AE & ok fEle
g3t7] S wlol A<k g At} dry. 53], 24 Z'lle] Xl o] Gl
= AANseh. BdY Ao g REE Aol 7t REEY AS
o+ AXRS 3| 23H7] $15ke] Albert?} Chib (1993), Kuo%} Mallick (1998)3% Erkanh 5=
2g AAAstart. Adete B2 AlEY el dolEek Somer 5 (1984)°1 ©f3) /\h
ojdo] Fa tlelgo] ALt uiTmZ o]F ARG Y Aol M ok= B} REas FLE
Ao Bdg Fopi 7] fa] MCMC WL ARttt =3, MEREex slay EueEe] &
7] 93] Gelmani} Rubin®] Z¢hS o] 23t

R iz
[kl FHJ
o

Z o
td
e
=
]:J

.

T&E0: DIC, MCMC Y, -2 E 2

3

rr

o2z 0|

ooh
‘ol

|23, Gelman2} Rubin XITH

AR (46241) RAFIN AT FAUNFE63MA 2 (FAF), LAY SR FA
E-mail: yschung@pusan.ac.kr



