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s A 2X[AXZ 2| dolX[Qr &4

Rao%} Yu(1994)+= £ X% 57 (small area estimation) A& 3 437} $1 3 Uy
o7 2H AR IHANY BE 5 ALY H A REZXA AHE BF o] &3:
Ry a0 28or By 7 A3 %39 H ¢S A 2 Empirical Best Linear Unbiased
Predictor)& A ¢Het4th £ =FoA+ Raodt Yuo] BHAA vjx]g B0 ot A
AYERZE /AT AS A Wol= 2AFL AU, oS v =8 4A71E 4
S3AH LA H83 2 E&-E v]F9 Census Bureaudll A AL&3t2 = FEA o
o] 2% 9 o]Ho AAHA thE FAFEF AL

R0l : 2N G2 AS A ol2BY,; AAAE; BREA,
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% R F,
dog AJOR AR F9 g
S=2 BT ol AHA G A
HE BT o]88= FAHAERYE A4 Uth Raot Yu(1994)= o] 23t B 3}toA
: . L Rao%} Yu?] B &l vz 240 o
3 AAFEREE 71T AZE o)
Holz AU AZH Hol=x =AY
Nazode 29 4A7HE 258 24317 95t 28 A wlol= 2ABS A3 T 9
th o] FRIEE 2o e EFAANE gtk FolA e FF5HolU, ASE Wol2
Z A A e 224 (hyperparameter)ol thaiA EXLE RL3 AT AP A wlo|2Z A A
=AY AY, A8 S208 o)l 2ATL AEAH oA = o5 WYY EH

t AA Wol=2 FALYL 2EFE FAYLE, AF R0 AT FAx FAHE 4
ol Q7] dEolth. ASH wolz FAWYL TP FAHEE FoloF st ALE
AE g AR, Zefoll Eo1AM LA E21(Gibbs Sampler) ¥ o) /MEE N A
3 A Z2E 4 AT (Gelfand 2} Smith(1990) =)
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28 A= B4 o] 85 2L 47131, 3E o A= Gelman, Meng & Stern(1996) ]
& AgH BY AFPAY B FHINEE gL 4Z = 2AGFHZARE F &
A v o] F£H4A7EF 255 A E A% o] =Rl AdH AFHE w02 F7FE
L3ttt A vl Census Bureaud| M & 4A7HS 2553 & Aste FEH voj=
T’ﬁ‘”‘%’i .% La) ;l-‘l“] o8] =7l T4 EA HEE A8 thFd FHAZFEE AA
AEES ot 7] A%t & =89 FA3 % vl Census Bureau

g &7 vlwste] Bloh

n:lo
ml

SBAZ24 AMASAIZE 28T ASHE HIOIZ 29

N
It

—

FAL As2FE YJERE Loj27] 959 Raos} Yu(1994)&
BYPE AAG 8o AU ©o] YL b5 -

Fay 2} Herriot(1979)2

Yit ‘13:’,;3 + v +up + e,
Ui = Puiz—1+ M, |pl <1,

i=1,...,m,t=1,..,T,

(1)

AN v, me, e AE %%0111], v % N(0,02), ni X N(0,02), €= (exr) X N(0,5),
a8 3 ¥ = Block Diag(%y,...,X,)8 2k
2y (1)L o33 22 PPAoz A
Y = XB+Zv+u+te
T
= (XT,...,XT,,) ,XzT = (mila---rmiT)

X

Z =I,®1r, v = (v1,...,vm)T

u = (@l ., ul)T, ul = (uy,...,ur)
e = (ef,....,el)T, eI = (eu,...,eT),

T-AEoln, It m& F5F Lol @ F 3 F(direct prod-

4714 10 12 749
HWas 24 9Ee oo 2ok

uct)olth. 2 g2

E(w) = 0, Cov(v) = o,'I,
E(u) = 0, Cov(u) = ¢*I,,®T = ¢’R
E(e) = 0, Cov(e) = ¥ = Block Diag(Zq, -+ ,Xm)

Cov(y) = V = E+0’R+0,°227
= Block Diag(%; + 0T + 0,2 7).

AN Jr = 1715, 283, v, u, e 4T Yoo, T T x T HLRA, (4,5) 84
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Pl )(1 = p2)o 2ok W Tl AR o2 2a4d e 2o}

1 —p 0 -+ 0
0 —p 1+p* -+ 0

r! = . . . .. (2)
0 0 0 —-p 1

G711 PTP2 2893, PE: ofejs} 2t

Vi=p2 0 0 0 0\
—p 1 0 0 0
0 -p 1 0 0
0 0 0 0 1

webA D7 = [T7Y = |P]> = (1~p?) o9, D] 1/(1-p?)olth. 2¥(1)°14, Raost
Yu(1994)+= AAE A3 2 uioll 3t AR(1) 28-S A8t ZE A HFA3 HM
FEAZE ALSAT 971 ASH wol2 FAFE T3] A3t RH(1)E of
9} Zo] AFH RPo g HIEAsIYTh

L y;10,8,0,m,m2,0 = N(6;, %)

1L 618,v,71,72,p '~ N(XiB+vily,r1'T)

III. Ui':B7T17T2ap iz'd N(O)”‘Z—l) (4)

IV.B, 11, ry and p are mutually independent with

B ~ Unif(RF)

1 1
Ty o~ Gamma(ial, §bl)

1 1
Ty ~ Gamma(iag, §b2)

p ~ Unif(-1,1),

A7NA Tie €A eHw, = 0,72 1 = o0tk FEHS Z
HE3 o, #FEUETLE erp(—az)zf~ 1°ﬂ vl e} (4)4 2



122 Aes, 49

e A¥ AT HEUE TS

T/2
DN -6,)TX i—es)Tlm
f(g v, ﬁ,rl,TQ,piy) xe 'z y y lr|m/2
x e~ T3 T 0:i-XB-v17)TT 7 (0: - X B-v:11) (5)

2
X T2m/26—r2 Z:"=1 Ui /2e~a11‘1/2r1b1/2—1

X e—az‘rz/? X 7'2b2/2—1

By, ((=1,...,mj=
#4, TR AL
NANMEHE o] &3t} AAM
B waslcl A4aE, B4 HEEEA 09 ATAELEE 2480

Gelman7} Rubin(1992)2] 32 3} w}i} A2BEY AL n(>2)7) AP3o], 27
2 2d¥ REESt oy, ZF AAER W] 27132 FofAFE R Z (overdispersed distribu-
tion) 2 FE F&8¢ch 27] 2x9 ARE goi7] A8 Z AAY A dH B B
Aol A A &) st Th

1,...,T)7t e, 6,9 AFHELEE AW 9
oot } 1Bl ou, o Te EAE AR Aol
y ' SEE L FS

A o188 6719 BAZA AFRBRES S 0L} 2ot
O;ly,B,v,11,72,p
f’ld N<(Ei_l +r T THE Y +m D THXGB + vilr)},
ey, 0

,3|y,0,’v,7‘1,7"2,p

m

~N<(ixfr-lx ZxTr (8; — vil7), (TIinTr—lx,-)-l) (7)

i=1 i=1
v|y,0,,3,7'1,'r2,p

nd N ((rllgr—llT +79) i 1EP10; — XiB), (r1AD1p 4+ 7‘2)_1) (8)
7'1|y797,3a”»7'2,/’

~ Gamma <01/2 + Z(Oz - Xiﬂ - v,-lT)TI‘_l(Bi - Xiﬁ - vilT),

i=1

(mT + bl)/2) 9)

o, 0,8,0,71,p ~ Gamma (a2 + 3 v2)/2, (m -+ b)/2) (10)

i=1
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agx

f(ply’ 0) v, .Ba T1, TZ)
o |T|~/2e~m Ei @i Xif-0ilr) T (0:- X B-vilr), (11)

(6) ~ (10)9] ¥AZA ANZHERZEL ¢z £xolnz AFPHoz RES A
g4 o, (11)e £x22 HE pE "3"3 AL 1 E£XE L F gonE AHAHS
2 2EE AAE Aol E7FEsin 19 oyt L AA Y& BEXE HE pE A
A X717 83}9] Metropolis-Hasting(M-H) ;._.J_E]%-% o] &3lu], A& o2 “Metropolis-
Hasting algorithm within Gibbs chains” 8] Hej2 Z8-& FE31A Hch WA M-H €18
Z2 A837) 98 A= 2 G candidate-generating dens1ty—§- ) A 8o oF 3}=ul), Chib2}+
Greenberg(1995)2] A3}E o]-83}9 candidate-generating density q(p) & th3 3 Zo] +&
T Ak

pA AITFEREZE 7(p )!’/}5’— 34, ek 7r( ) 7FF 4o Fo FeHE YeliE £ gl
o, &, w(p) < Y(p)h(p), A71°1A hip)x €A FELUE TSI, Y(p)& TLHA
£ Al (uniformly bounded)¥ D}_x_ %HIH q(p)= h(p)7} = 9, probability of movet a(z,y) =
min(¢(y)/¥(z), 1) Zh

(1)Aez B 6, - X,;0-v179] jUR] 8.4 wi; & 0 — 113;-"]‘-,3 -2t F2k 239

(6; — X8 -vily)'T71(8; - Xi8 - vily)
= w} +wih + (14 %) (wh +- +sz 1 _2/’2 1 Wi Wi, 541 -

HU fr

o [0 ok rlo

J

A7V 1y x (wh +wlp) = dig, 11 % (wh+ - wl ) =dip, TBR 1y x T wigwig =
dizE T, (11)9] po] AZEELET5 ALREL (12)4 3 Zo] ALdr

-1 Y (0 — X:B—vilr)T71(6; — X8 — vilr)

Z(-—dil —di(1+ p2) + 2pd3) (12)
i=1

= —d; —da(1 + p?) + 2pds.

oA e S YT din =di, Yin dis =dp, Y i dis =ds Sk Zo] Fe2AN A¥EG. 2
Hog po] AAFHEYE 4= (13)4 3 2o Yehdt,

Fpl) o (1= )% expl-dalp — 7). (13)

2822, A7l ()8 BE do/d T B4 1/(2dp) & AL AFRER AAL 4 9]
on, 4 Y(p)E (1 - p)™27F FAH, a(pf, p*1)E min((1 - )™/ (1 - p))/2, 1)0)
e} od7)olA $EE (11)9] B2 e tiaiA 4L 7R A S, 2 Zee o)
q(p)7t BF 2% (concave)dt HERC|B R po] AFHEFETL 17]]4e] W (mode)E
714 Aoz o Adch
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Ax AEe AAZA 6,9 AGELEEZHSE b7 To] 23Ah

fr

W(ez]ly Z Z zjly,,B = ,Bk[avi = Vikl;,T1 = T1kl,T2 = T2k, P = pkl]- (14)
=1l=d+1 4
=3, Gelfand3} Smith(1991)2} “Rao-Blackwellized” 3 &} 2} ;91 NZEEEZ) J73}
42 o33 2t

B0~ Y 3 (57 ) (5,

k=1l=d+1
+ 1D Y X By + vinlr)}- (15)

n

V(6ily) ~ (nd)” Z Z S DT 4 (B 4y DY)

k=1 l=d+1
x {71y, + riu DN (XiBy + v 17)}
x {E7 y; + ri D™ H(XiBy X vinl7)}T

x (871 +mpl™)™! (16)
n 2d
—_ (nd)_2 (Z Z (2:1 + lelr_l)_l
k=11l=d+1

X {Ei_lyi + le:lr_l(Xinl + 'UikllT)}>

n

2d
X (Z Z (2;1 +r1k,I“1)‘1

k=1l=d+1

T
X {E[lyi + T1klr_l(Xi,3kl -+ UikllT)}) .

H

3. @ K

]
1o

o] M= 2P AT FAE A8 Gelman 5 (1996)°] 2]l 47} H posterior predic-
tive assessment approach§ A gt} o] W2 AZHER XA YA H AZ2] discrep-
ancy measure?} &3 AR ZHE 73} discrepancy measureS H) 2 3tu, of 7o) o] R &
discrepancy measuret T3} Zt},

d(y,0) = > (y;—0:)7E; (y; - 6.).
i=1

0:] 7] oﬂ/ﬂ yobs‘ﬂ' ynew‘f' Z}-Z} ‘?Z}.'é%l_‘?’]’ )‘g Ac-l% g)"‘;—?-: 7}'31 7 0-1 f(elyobs), f(d(yobmo)lyobs)a
F (AW e OMWoss) E 8 AW14,0) & d(Y ey, )2 AFHERZOITh QAR L 1% 2
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e Generate 89 from f(8ly,;,) and y® from f(y|6")
e Calculate the discrepancy measures d(y,;,,0") and d(y(¥, (")
fori=1,...,B, where B is the total number of Gibbs iterations
of the & values.
e Approximate P{d(Ypeus8) > d(Yaper O)lYoss} by
B! Ele I{d(y®,09) > d(y,4,,0%)} from the simulated values.
P{d(Ynewr0) = d(Yobs) O1Yops) 1 SR 13} 0019, Fghell 7H7-2 gho] U3¢ =
Yo RAWY Aoz Busts, UH 050 AhesE 2YL Fus

4. ZHAlg 24

9] 5070 £ Sujof AX A tE 471F FHALAE AL AL S 7Y
AUA B2 AW FH 5 YRR dFF AAFHANA vl F 28 FA}
71228+ id A A]3= CPS(Current Population Survey) A8 2 A, 2182 dEl+=
ZAZEEUY 15A 014 A5 0l dE 7179 252 BT A 7FEE Ak 2o
2,5002 7 9 E ERE Ut 2HBZE ]E HPRAYo 2 BAS A FTHRANE F
HAASE FAY 28y, EE e ZFEF ASoR XY A B ATF

€ 147 £50] it} o] HExAARE ALEA A3 EE o3 FAANESE 7HEs
o 4% Aolmg B mdeae 44 & 5 gk

olg AAaFAANE 197090 FRHEE £ A7 4A5L5Y FHARE FHHL
e, ANAFANM AL o83 YL 1093 F2AeA 73 FHLSE
gste], o ghg WL st JAEAN RY L 58 A AolAth 04T = A
Ax oA 73 258 d FALHTA LR} E 19T 259 SHEE A8
3to] Btk @A, WA 2ol A& Fay(1987) 9 Fay 5(1993)] A & wlo|= 24w
ME AREStR gl o] S oWF oA A RPN, SRULEE OPSY 49
7+E FALSY ARG 3AFH 5 M 259 AFEAY ARE BF o834, ol& A
B AMLs R 199 £5AEEA Bt AMgsta Qo 22U o] F A%
FE4ol gz gEIAdde EAE 42 1o o2 % A9 ALt 2 Ghosh,
Nangia 221 Kim(1996)-2 "] 10T R A eHE 4A71F $ALSTHE HAsto 3
FA Aol =FEAS ALk

o] AollMg @ollM AXE ASH wo|z £HFOZ vlF2] 198939 FE 4A7ME
a5 F3& fRuA o], o] 48 A8 9d3H(1981 ~ 1989) CPSEALS 4A7HF £ 5
o ZHAgkolth 71N yi= i t1d o] 49 THE A5 S 4% 0.2 CPS FAZFoIoh

Ghosh 5(1996)2] Aol ufe} 475 459 FYHYLL otelle} Lol Hast 51

rr
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M4z Taebgoh

2 AM2x F43
_ [BEA PCI(c)

m] x census median, (17)

o 71 4 BEA PCI(c)$ BEA PCI(b)& AR AZNA 243te 199 AdaSoln, o
o, = 2RATA HE ALE, b 712 UL TUCL 24 2Ye 28014 AAD vhe}

2t}

Yit = w£ﬂ+vi+uit+eit7i = 1;""m7j = 17"'aT

i

Uy pui—1+ i, |pl < 1.

A2 WEZYE o] F, (6)~(11)8] FAZANZHEEEE FH E8E FF 317, Gelman}
Rubin(1992)9] A=, 10712 SHAQ 12 FEA AAL27E ZHzh 400075 A&
F3l, ol F AL A ¢ 2,00070 W U R 2,00074 T FA o o]-&35iTt

2YHAY 23E& A8 da¥EH oz e AA4E g AA 35 ARG o R 2H
Z+Z} discrepancy measured A 4H3tgith B! P H{dyD,0%) > d(y,s, 0P)}2] A4t
o) 04922 A4 HFE RH L AFctn dddHY

E1o A, o] =&oAA AMAIR ARG 7] AANE FHXNES vlzZs7] st BF
Ao L 3Hc), BAAFTHLAHcz), B EHLAH(cs3)2 BT AFHRHceq)S 474 7]
FZ o4 th v FAXNEL REXRAY 202 28 AH I CPS F3A, A
Aoz A B AFREI Qe AP A Wol= FA 2], Ghosh 5(1996)9 A 2748 4
2F(HB,), 28| 1 Datta 5(2002)2] A& A wo]= A X ot} Datta 5(2002)2 & x| 7]
e 2845 MLZ} REML¥H oz 23390t

2 ZF 2 =8dA AANA ASE W2 2] OhE FAFE R A 4Y 7E
AN B Ao, REXA AAE RH APHLR ¥ = CPS 37 %
FA R Aoz Ve 295 HRY H49 2248 & veFa Yot

Table 1. 3% 284 ¥

| Estimate | ¢l | ¢2 [ 3 | 4 |
Ours 0.0253 0.0011 ' 1,023 1,968,334
CPS 0.0735 0.0084 2,929 13,811,122
Bureau 0.0296 0.0013 1,184 2,151,350
HB; 0.0338 0.0018 1,352 3,095,736
EB(ML) 0.0278 0.0014 1,119 2,339,959
EB(REML) 0.0291 0.0014 1,126 2,368,397
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Hierachical Bayes Estimation of Small Area Means in

Repeated Survey

Dal-Ho Kim! Nam-hee Kim ?

ABSTRACT

In this paper, we consider the HB estimators of small area means with repeated
survey. Rao and Yu(1994) considered small area model with repeated survey data and
proposed empirical best linear unbiased estimators. We propose a hierachical Bayes
version of Rao and Yu by assigning prior distributions for unknown hyperparameters.
We illustrate our HB estimator using very popular data in small area problem and
then compare the results with the estimator of Census Bureau and other estimators
previously proposed.

Keywords: Small area estimation; Hierachical Bayes model; Gibbs sampler; Reapeated
survey.
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