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i)

BARE o] &stod HAAE A 714 RE A8 =34 (reliability function), A&
F*(failure rate function) 2183 FAdFE 5SS F2 st YAt 28 A g_/,:rg_é_
oA o] &5 & 71ELY 1A FAA A9 (classical statistical method)-2 F2 @ 7

lo] =82 1996 T A4 ea 712 7w 2o o8
2734 8t A} z}Et ek A et



184 Z7 350l 5

29 A E £ A RAR(BAAE)E F2 ol §54 Bt ol At @
o, Paibalc} Zimes (98 12D 7GR $E571 9344 Wl F20y
£ Bold BRI $ES BEFTE 2R Aste] FHLT 298 A Q A
4 ¥ (exponential distribution)°] 31 7}& &7} 0X,0 > 1 91 7H 8ol A A«] Hlo| = &
g % (Bayes estimator)©] 7}4 2.4 (acceleration parameter) 9] 3491 A& st 3}
AARE |8 7MERS 0 & FHGE WY S Zﬂ/‘] Th 919 AAE P S EUE

Pathak, Singh®} Zimmer(1987) +HEE7} 24 & A Ql A FE o3 o] TAA AL
2 (conjugate prior distribution)2] o] & 7tESHEA o A& AR}

E(complete data)E o] &3t BE o] HHASS

2 d7oME AR 2 E A9 ol & 4

ol LAo] A skA] kA Ao HAEA e AF }
A5 Sl EE LY FARFE Mt ABEA S A &Y ADE) zgs:;wg 2yao
& 4 AUTH(&2&(1994),p260). 18] 31, Robbins(1964)9l] oJ & A/E A8 A sjo] x|t
3 (empirical Bayesian method)S 7} FH 21 8 2] EA o) o] &3l W & A7) &tm, o
13 & BEU R 7MEeHAEE B8] et og F SHdA dTetgt
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S ATE iﬂ"c}E—re IHAZ ol B BEY dal AFE W3, 7HEFEA
ol @2 A7t A= 7}745‘4% Al el B3] A& & de A2%F
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A71M 6> 1, 0= EAAJA EL 23 E 34 (unknown fixed constant)Q! 7} A S0 th.
7F&FHAIR AN QL m+171 ) A5 Froll thal, ni7l 2] FF ol tl g 4o T E (random
sample) 29141 1§ r7le] ¥Eo] A BEALE T B,

Xi<Xp<- <X, t=1,2,--- ;m+ 1.

AP mAe) AEH G HAS) Buolm m 4+ 1AM ARAGE WA B we oA 9
G2e Fohel A2F FEADE A&+ AARI FoIAE W, A9 A E A2 Wicl O
o 5ol 5UV LEE A 2458 2 FRUSTF/EDE 39 27 48
Eola a4 120 HE4EARTe] BAZANA Gl BRI BRT D A EE 2
AEITE ho(z|]A) = arz® o] 31, 8+E Y =< (probability density function, p.d.f.)<+ Al

fo(z\) = adz® exp(—z®A),z > 0

Ro(z |A) = exp(—a®)

olth. B8], idlal A2 el e 248 AT T2 FAESak FlA Y& 23
4" (known and fixed constant)@} 7Fg 3l AF. 2 H gt A9 nAEI}FE
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om, A 5o FEVE R4 72
R(x|0A;) = exp(—0Xiz%)
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o) = 0az® Texp(—0Xz%),1 < 8,0 <z < 00,0 < \; <

oIt
e NP oz Be, ¥R AEF Foll A9 $=3<4(likelihood function)E

ni! Ty 5 - Ti
L= —_——-—(n- — T‘)| (I I fltija 1)(9&)\i) ! exp[—@)\i{ E Iija + :cir,.o‘(n,- - ’I“z)}]
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S; = ZXija + (ni — ri)Xi,,.“
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,Sie B N9 554 F(sufficient statistic)o] ™, F01 7 )\ o th&t 5,9 24
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F(silAs) = (OX)" /T (ri)si" " exp(~0sii), i > 0 (1)
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Hjo] X QF R & o A /\~°ﬂ W3 FAANHEEE ZoHE F(gamma distribution)o] ™, (A ~
I'(a,b)), 1 W 25F q,b2} Jc}H AIAEEE
m(Aila,b) = b%/T(a)(A:)* " exp(=bA;), N > 0,a,b> 0 2)

ojtt. Ho] AHEE] $EFFE o] &3lo] ALEE I (posterior distribution)E TR
ot} 9} Zr}.

m(Ai) f(sil\)
Joo () F(silx)dx

A3, S;oll i3 #9385 =34 (marginal p.d.f.),

p(Xilsi) =

f(sil6) = b°6]s7'T(r; + a)(8s; + b) ="+ /(T (r;)T'(a)) (3)
< ¢4 A ALET. 28 B2 A}3 85 254 (posterior p.d.f)E N\ > 0 of,
p(Ailsi) = (0si + B) A+ exp{—\(0s; + b)}/T(r; + a) (4)

oltt. Sicll e B Aol T AFEEE BE 1 +a9 0S5+ b 8 2Ee ZutEZ (NS ~
L(r; +a,08; + b))ol c},

&84 (loss function) 7} A F @ 2k& A 8F4= (squared error loss function),

A A, 2 (4)E ] &3t Aol ol g A3 7 (posterior mean)-2
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E[N|Si] = Aip(AilSi)dX;
(n +a)/(b+05;)
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2.2.1 W A

Aol tigh AR ER-E HTd (o = a/b)S T Y& A $-ol, Pathak, Singh¥} Zimmero])
o3 At WHE 01%6}01 WA AEIFeE FE 6o U EHFHF (unbiased
estimator) & :r’-‘ ZF 2 (3) e 2R, 5,9 oz} A E(moment)S TF5A

]

|

E[S716] = T'(a — a)T'(ri + 2)(6/6)*/[I'(a)L'(r:)] (3)
oth a =-1% 2(5)o st A2 st
E(S;'16) = m6/(ri — 1)
ol A}t a2 (HA AZHAFOZRE Q] JIEASF g0 P EHFH L
0; = (r; = 1)/(Simo)
ol 91, A mAe ARY L ol §3E mAS) BUFHFSE 7T + o o @
#7959 G0l 4S5 09 BRFY Yo AHgH oY + Yok &,

4= b;/m. (6)
=1

4(6)9) 38 F 0,9 A()ERE LoAAE SN = 00/ (r — 1) AL o] §a1 Sh& 4
BAEA HPHOZ FHT + Rk B Aol B 2H L ol o Lol 7 4 Uk

==

= (ri = 1)/(84S))
Ao FHFE N\i=1,2,---,mE AHE8te 25274 (method of moment) 2 2 q2}bol]
W 2FFE Q7] Asted 422 H il 4B (moment) &

my =T'(a+ a)/[['(a)b?]

°olBEZ, a = 1,29 tdtd m; = a/b =1y, my = ala+1)/0’Y S & F U3, Y] mF
myE )83t atboll 8 A EF% & (method of moment estimator)E-S Fo}&

b4 = bano, ba = no/ (12 — nd)

Ai = (Pma1 +@4)/(04Sms1 + ba)
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AT 2L 7 (oknown)ol A, H(3)2] Sl hP FAELEES o] §oied
U AEFPFEE Toel DFE Aol BB AWA w2
2 5 ATk A(5)9) of &L o1 §3HY, 135} 24} M o] 247}

My = E[(Si/r:)|6] = b/(6(a - 1))

3}
= E[S}/(ri(ri +1))16] = b*/(6*(a — 1)(a - 2))
A BAE o] &3t b0 I HEZHBES Tty
M? - 2M,) .
ap = W7 bg = ag/mo
a8, A
by = — 0B

[Mi(ap - 1)]
(1/m) £y Sifri, Mz = (1/m) 37, 82/ (rs(r: + 1)) 0] Th.

B ap, by 7 0 B ol B3] B Ay o Y AR A o] = 2,

AB = (Tms1 + @)/ (O8Smis + bg)
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PHA O 2, Ga,bo T FH FOE Berger(1985)2) ML o] o] &8 s1als) ¥}
A@)E o188 FEISFE

L(2,5,0) = [TIT(rs + a)b6; 7™ /{D(r)T (@) (05: + b)"*}]

1=1

ol 31, 2 1-% %3 (log-likelihood function) =

l(a,b,6) = logL(a,b,0)

Z[log P(ri +a) +rilogf + alogb + (r; — 1) log s; - log I'(r;)
i=1

— logD'(a) - (r; + a) log(6s; + b)),

olH, a/b=m | B2
Ua,0) = ) [logT(r; +a) —logI'(a) - (ri + a) log(8s; + a/no) + alog(a/mo)
i=1
rilogf+ (r; — 1) log s; — log I'(r;)],
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2 3¥8H, o] AL 27 09aol st 13} H o] E(first partial derivative)d}d o}zf ¢k
Zr}.

6l((;1(;0) = Z[z/)(r,- +a) ~ ¥(a) —log(9s; + a/mo) — (r; + a)mo/ (s + a/mo)
i=1
+log(a/mo) + a((1/m0)/(a/m))] ,
71A Pla) = dl°gr )o] 31, Abramowitz3} Stegun(1964, p258)°l] & 3le] EHH

Yla+r)=1/(ri—1+a)+1/(ri-24+a)+ --+1/(1+a)+ 1/a+v¥(a)
£ 9 ol A e,
al o 0) Z[Z('ﬁ —j+a)” —log(fs; + a/mo) — mo(ri + a)/(s; + a/mno)

=1 j=1
+log(a/mo) +1] ,

m

0l(a,0) _ > ri/0 — (i + a)si/ (8si + a/m0)]
i=1

00
o] @t} a 9} 99l 3 FH 3% F(maximum likelihood estimator)2 & 7] ] 3le] Newton-
Raphsonf 0.2 & FEthd o ¢ 22 2% H 1] ¥ (second partial derivative) 3 A&
o B g3t}

T

0°l(a, 0) _ Z[ -1 Z i — 7+ a)% — (nofsi + a) ! — (g} (Os; + angt)

Oa?
j=1
—ng 2 (ri +a))/(0s; + ang ") 77,

dl(a,b “
(.6) Z[Tlo_l(ﬁ‘ +a)si(0si +ang') % — si(0s; +ang )]
i=1

(9ad0)

Ol(a
602

z[s (s +ang )2 — 1077,

ulrt

Newton-Raphson® o] ]38} 4 ¢} 2] Z& ¢, acBt 3H4H, bo = ac/mo ©] H 1L, o] FHF
< o] 83 Ay o] UIZ BEA W02 FHFL
5 (Tmy1+ ac)
(OCSm—H + bC)
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3. FAFEANdBu=

Ho|= FH & 5\m+1°ﬂ Eﬂs} Hl o]z 9834 (Bayes risk function)Z T38}31, RN
gt ZE A woj= S Ay Ag, Ac ol @ Hlol= B FFEL A Fahy] oY
7] W F-of] ne] 43 § 50}“1 F73E o] 298 (estimated Bayes risk) ZH oA ¥ A,
B,CE &2 A3A o= FFHE & vlw A7stnA gt

AR, AR B Ero] 9§ Aol B vlol 2 ABREE r(r, Anet) B 59,

r(m, Ame1) = B {Es, 11prn Ams1 — X2}
al@a+1)(rm +1+a+1)"172,

i

A71AM, Espp e A1) & o183 7Itigtel L, By = 2(2)9 APREE g 7] th ghol o).
A HelA= & & ARl Hiol= JEFFE 7IEAS 6o &84 F32 ¢4 3ith

a8, (&A,BA’éA) (63,53,5}3) 9 (&c,bc, 00)“‘ (a,b,0) &) AX] 34 % (consistent es-
timator)©] 2.2 Martz¥} Lwin (1989 p79)ell &8 Ay, A & Ao H A A AA (asymp-
totically optimality)& YEA| 7l & F4 FS o]},

A FRBES ua] Aodel B4E o8 LIAYE AT o] AR
HEE B Fe AHHEZQ)E AE BEF2 a =4, = 20 = 2)2 A% a = 4,
Mo = 0.08(b = 50)2) B+-F 7P, 7HEAFEI = 10002, EREE(1)o] e} o ¥
BETEa=6022 7Pttt a =4, 1m0 = 2(b = 2)A 25 AP EF ] F4ko] 191 4
FOl3L, a=4,n =0.08(b=50) A= AHAEFE] Fito] 0.00162 2 F-Ako] 1008 &
= Z2oE BFE 7B 2 AA ] A8 FY FEM =10 |9, Z A2Y Tl
3 TEO & n; = 10,20,30,50,1002. 2 7F 83, A|2E Fo+ B] & (censoring rate) &
2 77} 0.1, 0.2, 0.3, 0.52 T3 4¥slg}.

2ol A ¥ A 8o ] F(algorithm)S o} & e} Fo1 A a,n0,0,n4, (r;) ol Wl 3}
@A 1: 2ZFE dFNE HA.

A2 DALY U Aol thal (1) ol S3ta) S5 WA

A 3: DA BolA W S, 8y, -, Sn S 0] 86k d4,b4, 04,85,05,05 dc,be, OcS

2. e
=2 T«

o

A4 2 FFFEA WA (A — Any)2I = A4, B,CE AL

A9l AN DA o BEL A T] (A — Apyr)? o] HE S0 Bl FEE
AETE AU Wol= 24350l fajel 39 W)= AYD4EE A% A 4 5
co] AT E 10008 S BEee] AL FARS S AL AT

%% otele] 29 3101 YLD, a =4, 7
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Ndstel g AYH ol = v med T
# 1 39 vol= A8 (a =4,m = 0.08,m = 10)
n p | r(m, 5\m+1) #(m, 5\m+1) 7(x, 5\4) #(, :\B) 7(x, 5\0)
10 | 10| 0.571429 0.580831 | 0.801634 | 0.810766 | 0.794831
20 | 0.615385 0.612919 | 0.833977 | 0.821217 | 0.804995
30 | 0.666667 0.663703 | 0.865859 | 0.862087 | 0.841228
50 | 0.800000 0.752802 | 1.030180 | 0.963034 | 0.928350
20 |10 | 0.347826 0.307258 | 0.412582 | 0.469825 | 0.429256
20 | 0.380952 0.327777 | 0.437852 | 0.511551 | 0.474393
30 | 0.421053 0.417059 | 0.568614 | 0.605207 | 0.562993
50 | 0.533333 0.607506 | 0.683184 | 0.826381 | 0.703960
30 | 10} 0.250000 0.252694 | 0.396685 | 0.424309 | 0.396438
20 | 0.275862 0.259534 | 0.391843 | 0.428857 | 0.392126
30 | 0.307692 0.292006 | 0.421693 | 0.470263 | 0.429003
50 | 0.400000 0.408707 | 0.539442 | 0.583135 | 0.555588
50 | 10 | 0.180000 0.153175 | 0.341273 | 0.390811 | 0.346951
20! 0.177778 0.165117 | 0.356303 | 0.405130 | 0.363490
30 | 0.200000 0.187071 | 0.381377 | 0.427580 | 0.389304
50 | 0.266667 0.256447 | 0.433107 | 0.491928 | 0.449670
100 | 10 | 0.084211 0.079901 | 0.268342 | 0.332367 | 0.265779
20 | 0.094118 0.105695 | 0.234530 | 0.291495 | 0.232742
30 | 0.106667 0.106000 | 0.226846 | 0.279781 | 0.224976
50 | 0.145455 0.151575 | 0.284158 | 0.328088 | 0.280056
E14M nd A8 Foln], pr FUH) (%) S Ve, r(r, Apy1) 2 Hlo] = FH
of thgh wlol= H&olm, #(n, % R AdFeM FHE wlolzd e, A, ) E

{

Am+1)

Ay ol g 2R wlo) = A7, #(m, Ap)E Apol 3 2 wlo] = 9 123 1 i(r, Ae)E
Acoll tigh 49 vlolz ABES 2zt yehdch 23100 A BRE 2FF Aol ol
g ulo]l = ¥ ¥4, EBR2 3 8 Hlol 2 9834 EB1E Ay, EB2= A5 283 EB3:=
Aol g 3 8 Ho| = AFF4E LS 22 Yehd
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™31 9 ol = AR LT (a = 4,m = 2,;m = 10)

Ceonsoring rate=10% Censoring rate=20%
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4. &

TELE 1 A2 & o, A% 7} ARA e 23 I el = A ¢
£l EA Molz e ol H2TE 2 4 AT a= 4= 29] B,C
Mol % ), WHASHSUCH Wol 2 91 To) ¥l shek. Lel), BEBE A, Ool
48 ujol= A9 e ac) PACE Y AT Lol £71 10,300 4% © A el
22 e, ol e AP 20 20130%,50%) A 9ol I BATE & & 9
Soa=4,1n =0.08% Aol T2 71109 AL O Hloj= ¢
ow, Z&e] #7120, 30, 50, 1009) 7 $-oll = WHASH YUCY wlo]= Y& L HlLs)).
AEXo2 FEO 7} 2L ASoE o= 98 e4e] 2 Oﬂ/ﬂ Berger7} A} ¢+3)k
ML-ITHH & o] &3 AP A wlol= 24 %% o] AFgo] O ul&agS & 4 Qi)
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Comparisons of Empirical Bayes Approaches
to Censored Accelerated Lifetime Data

Geon-Ho Cho and Woo-Dong Lee 3

Abstract

In accelerated life tests, the failure time of an item is observed under a high stress
level and based on the time, the failure rates of items are estimated at the normal stress
level. In this paper, when the mean of the prior distribution of a parameter is known
in Weibull lifetime model with censored failure time data, we study various estimating
methods to obtain the empirical Bayes estimator of a parameter from the empirical Bayes
approach under the normal stress level by considering the fact that the Bayes estimator is
the function of prior parameters and of the acceleration parameter representing the effect
of acceleration. And we compare the performance of several empirical Bayes estimators

of a parameter in terms of the Bayes risk.

*Department of Statistics, Kyungsan University



