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Abstract

This study delves into the Bayesian estimation and sample prediction issues of the proportional haz-
ard rate model’s parameters and reliability indicators under progressive type-II censored lifetime
data. Firstly, a preliminary estimation of the model parameters was conducted through frequency
methods, and their related properties were analyzed. Subsequently, within the framework of the bal-
anced loss function, this paper obtained the Bayesian estimation of the reliability indicators and also
concluded that the balanced loss is more flexible and practical than the general loss. A series of nu-
merical simulation examples were also conducted, and the simulation results were consistent with
the theoretical analysis. The theoretical research and examples presented above all confirm the prac-
ticality and effectiveness of the proposed Bayesian method under balanced loss.
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236 Bayes flith: FIH(19)~(21) G S M AT SEVERR bR A0 HPD XIAfhit: R, I (22)3RBAKFEA

T FI 1X 1] o

M4E f=1,a=150=0.75n=20,m=>5Fr=(33333) I, FEAUFFEZLHIN 1 B R REAR
0.0225. 0.1192. 0.1274. 0.1358. 1.2379. 3 1 251 T ZH X T SEME TR AR 1) Bayes fiti TH 1945 5 5 0 [X 1]
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XFT- Bayes siflivh, # 1 A AT RORTUG THI MLE B3 20045 THE, 58 AT R TS THIL UMVU 4l
AR AR THE. [FRF, O9 7 HEE HPD XA HHRITE 51k, 46 1 ks iy 1 IE % (1) Bayes B 15(BCI)
DTt X H, 2% 18— A7 RoR XMl T A THVE R, 58 AT SR R X R 2

N TR AL THAREE, fi 5000 Y B AL RIR Kot , A T T A 3 4 H PR R BT - 1 AR U
- Sl B A T DR «

ER(§) - 2(9-¢)

Table 1. Bayes estimation of (»=0.5,c=1t=1.1,a¢=0.1) under balanced loss
= 1. TEHRKT Bayes fhit (0 =05,c=1t=11a=0.1)

fEhR 0 R(1) H(t)
S HEE 0.5 0.6901 0.2381
MLE 1.0524 0.4580 0.5012
UMVU 0.8420 0.5071 0.4009
U 1.0332 0.4810 0.4777
A 0.7560 0.5153 0.3876
o \ 0.6756 0.7823 0.4842
P Linex At 0.7379 0.8412 0.3669
\ (0.3354, 1.5702) (0.2883, 0.7319) (0.1643, 0.7351)
HPD X IF] 1.2348 0.4436 0.5707
. (0.4181, 1.6855) (0.2862, 0.7335) (0.1993, 0.8025)
BCI X 1.2674 0.4473 0.6032

T [X ]

X, €(2.3159,3.1172)

o, ¢ FIREAN ¢ HIRLHY Bayes fliih. # 2 44 T4 H T YREAR AR AT RIL IR 5, %3, %
425 T 4 TAL T4 HIEC MLE AT UMVU Al 45 RS

Table 2. Progressively increasing type-11 censoring samples
F 2. FBHHEmM N BBEHAK

i (r 6, or)
n=20,m=5 (33333)
n=20,m=10 (1111,1,1,1,11,1)
n=30,m=20 (40,1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0)

Table 3. Bayesian estimation risk of (a) =05,c=1t= 1.1) under balanced loss for exponential distribution
3. RO METEIRKLT Bayes At MK (w=05c=1t=1.1)

() ER(A)  ER(A)  ER(R)  ER(R) ER(A.)  ER(A,)
(20,5) 0.3114 0.1057 0.0918 0.1121 0.0769 0.0686
(20, 10) 0.1879 0.0429 0.0361 0.0641 0.0548 0.0382
(30, 15) 0.0634 0.0101 0.0086 0.0213 0.0111 0.0107

e X H 5 BUHRTE R MLE.
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Table 4. Bayesian estimation risk of (a) =0.7,c=-1t= 0.9) under balanced loss for exponential distribution
F 4. WD METERKT Bayes KK (0=07,c=-1t=0.9)

(n,m) ER (6 ) ER(6y. ) ER(Rys ) ER(Ry, ) ER(Hes ) ER(Hq, )
(20,5) 0.1077 0.0693 0.0533 0.0426 0.0317 0.0269
(20, 10) 0.0836 0.0500 0.0279 0.0253 0.0104 0.0136
(30, 15) 0.0312 0.0214 0.0085 0.0123 0.0063 0.0078

e XE S BUHRIR R UMVU.

R bk Monte-Carlo BUNELGI, AHZ RN 11 AR REA/E FL A 5 BT F 1 Bayes it
L LT B AT

1) LAl T — S P M A, 7SR Tl T B S A A O
FA i3t G (x) MEHL AT A0 2 ok B

2) FHISE KIS p(y(8),5) MIHL, 0T LB SR, A b
WEIZE AT LB, U R B SE N, AR o A 6, N 7 (0) M HHREE T 8 K03k
sl JOT Bayes i RIZ LT AR A

3) W L FTBAG th, A6 TR B ST 3R Bayes (500 TS IR, 5Bl T VA BK
R Bayes (HHEOMERIE. [, FHBCUS RN DUES], BRI, 25T R
FFEE] Bayes fiiF KHAMER S . 4T Bayes KA, Sl HOARIR AL RET S0, % T [RRE 0
(KT o » SR SR XK )8 60 T %% 19 Bayes T4 X I . 1142 3.7 4 o1, R FREABLRI ct, 0
£, Bayes i v RUKHSBE A RE A HUR AT, (680 T H8 R 2 . B A SO I A A2 2 A
Holin, 76 SRR R TR A . BFS0 A B 4 55 07 T MBIV A A R
HEAT IR, s A — e R IR B, 7RSSR, KRBT U
ETOEET N

SE
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