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exponentiated Weibull life time model (EWD) are derived from progressive type | interval
censored samples using different loss functions and independent and dependent conjugate
priors. Besides, the maximum likelihood estimators have also been attempted.
Approximate Credible and Shortest Credible intervals for the parameters of an EWD are
obtained. A numerical illustration for these new results is also given.

KEYWORDS: Exponentiated Weibull distribution; Maximum Likelihood estimator;
Bayes estimator; Informative prior; Non-informative prior; Squared error loss function;
LINEX loss function; General Entropy loss function; Credible and Shortest Credible
intervals; Progressively interval type | censored.

2000 MSC: Primary 62M02, Secondary 65C60.

INTRODUCTION

The exponentiated — Weibull distribution (EWD) was introduced by Mudholkar and
Huston (1996) as a simple generalization of well-known Weibull distribution by
introducing two shape parameters. Mudholkar and Srivastava (1993) studied the
suitability of EWD with bathtub hazard rate life time data.

The probability density function (p.d.f.) and the distribution function of EWD are
expressed as

f)=a0xL e X’ 1-eX" 01 G950, x>0 | )
and
-x* \0
FOX) =(1-e7 ) , )
respectively, where o and 6 are the shape parameters of the model. It is important to

mention that when 6 = 1 the EWD p.d.f. (1) is that of the Weibull distribution. For a6 <
1 the EWD is decreasing and unimodal when a6 > 1.

The reliability and failure rate functions of the EWD are given, respectively, by

R()=1-(1-et )P  1>0 3)
apt® et (-t )01
H(t) = , t>0 4)
1-(1-et )0
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The distinguished feature of EWD from other life time distribution is that it accommodates
nearly all types of failure rates both monotone and non-monotone (unimodal and bathtub)
and includes a number of distributions as particular cases. The structural properties of
EWD have been discussed by Mudholkar and Hutson (1996), Jiang and Murthy (1999)
and Nassar and Eissa (2003). Practically, the failure model EWD is more realistic than
that of monotone failure rates and play an important role to represent such data. The
applications of the EWD in reliability and survival studies were illustrated by Mudholkar
et al (1995).

Currently, there are little studies for the use of the EWD in reliability estimation.  Singh
et al (2002), (2005a), (2005b), obtained the Bayes estimates of the distribution parameters
and R(t), H(t) with type Il censored sample under squared error as well as under LINEX
loss functions . Nassar and Eissa (2004) were obtained the Bayes estimates of the two
unknown parameters, the reliability and failure rate function by using Bayes
approximation form due to Lindley (1980) under the squared error loss and LINEX loss
functions.

This article is concerned with Bayesian estimation using progressive interval type I
censored data from the EWD. Maximum likelihood and Bayes estimates of the shape
parameters o and 0, reliability, and failure rate functions are derived, using independent
and dependent priors for the parameters o and 6 are considered. We consider three types
of loss functions, the squared error loss function (quadratic loss) which is classified as a
symmetric function, the LINEX and general Entropy, (GE), loss functions. As well as
Credible and Shortest Credible intervals for the parameters o and 6. A numerical
illustration for these new results is also given.

MLE for the unknown parameters.

Progressively type | interval censored sample is a union of type | interval and progressive
censoring. A progressively type I interval censored sample is collected as follows: n units
are put on life test at time T0 = 0 units are observed at pre — set times Tl, T2, ....... T
(therefore, m is also fixed ).

At these times, Ry Ry R live units are removed from experimentation, respectively.
The values Rl’ R2, ..., R may be pre — specified as percentages of the remaining live

units or , alternatively Rl, Rz, e Rm units available for removal. In this case, the
number of live units removed at time Ti is R?bs =min (Ri , humber of units remaining ) ,

i=1,2 ...,m-1. Agan R?nbs = all remaining units at time Tm when
experimentation is scheduled to terminate.

Suppose a progressively type | interval censored sample is collected as described above,
beginning with a random sample of size n units with a continuous life time distribution
F(x) ,(2) , and let d1 : d2 s d denote the number of units known to have failed in the
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intervals ( 0, Tl] : (T1 : T2] y s ( Tm_1 :

observed data, Aggarwala (2001) derived the following joint likelihood function will be
proportional to the following expression:

T m] , respectively. Then based on the

m . b
€00, 0) o TLTF(T) - FT 1 O Ty 1R

) Eml[(l'e'T? -1 )07 1 e TTORY®

SIS LTRSS 5)
T

where T, =0, P = (1- e Y9 j=0, 1 and the constant of proportionality

multiplying (5) is independent of parameters o and 6 . Clearly if = Rlz R2 = Rm_lz 0,

we are left with the likelihood function for a conventionally Type | interval censored

m
sample. Additionally, it will be useful to note that % (d. + R?bs) =n.
i=1
The log likelihood function for (5) will be
m

L(x:a,0) = _'Q d.In(,—p;)+ = ROPIn(1-p). (6)
i=1 i=1

The mle & and @, of o and 6 are obtained by simultaneously solving the equations

m m
1S dmiw - 5 RS wi/wd
0 =1 | bimg '

m m
0% do /w-3 R®Serpi/wt (7)
i—q | 2i 5 ! I

— e _ A _ 1
where wi—Pi—Pi_l,w,—PiInPi, wh =1 Pi’

. T 61 T
Pi=(-e 1) " of=¢InT, o=T7 e 1,
mi= wi-wi;, wj=P (1+InP)InP, j=i-1,i

and
L ..
Sy = § (-1) (Pi_jPi-j-

j=0

The mle's of R(t) and H(t) can be obtained by replacing o & 6 by & and 6in (3) and
(4).
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The elements of the observed Fisher information are derived as follows:

_ —0L(x;0,a) 1 m

_ ) 2
m b -
- X R%oiPi /W]
i=1
0. = -0L(x;0,a)
22 8(12
m m
=-0[ > d. (W, 9,.- 09,)/w} - = RO (whwi+w?)/ wh]
_ —0%L(x;0,a)
P12 0000
m « 2
=-0[ 2 d W9, -m}P;m})/w}
ji—1 |1 8i
M _obs A, AA A2
_ElR (p,P,(wiwi+1)/wi 1, (3
° ° ° L j *
where mj = wj-wil, 8, = jEZ (-1)J(P,JF’|J\VJ

2 . - .
¢i = ¢ In” T, ,w-_j=(e-1)<pi_-Pi-,--Tiof,-+1,J=|—1,|,
_Toc

° 1
Pi=(-e ) og= S0 o Piwd] mi-oi-0p.

and
A:1+mPr

Replacing o, 6 by & , ) respectively , the approximate variance covariance matrix , that
is, the inverse of the approximate Fisher information matrix will be

(o1 on
07|21 o2

p
Where & = 22 o] =

6=0 ©)

and
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Bayesian estimation with known a
Under the assumption that the parameter o is known ( = ao) and the natural family of
conjugate prior 6 is a gamma distribution with p.d.f. is
g, (0)c 0t ™0 o< 0 <o (10)
where a, and a,are positive. When there is no prior information on the parameters,

the Bayesian approach his needs to specify a prior distribution the reflects this lack of
information. When a is known, then letting a, > 0 and - 0 in equation (10), it would

be reasonable to assume a non-information prior for 6 as
N 1
gy () o< 3
In this case, the corresponding posterior distribution is given by
. 1
g; (e\ao,t)oc gnl(ao,e),0<6<oo (11)

Applying Bayes theorem, we obtain from equations (5) and (10) , the posterior density of
0 as

_ 1 agl -/
gl(6|Ti,oc0)— o 990" e m (0, a) 0> 0 (12)
_ RObs
m di T ki (i) [RODS ket ] ok
where 7. (0,a)=11 £ I (1) J[ 'j i pAs p._A' '
177700 k=0 j=0 k j (P (Pi)

TG
PiA_'j =(1-e "1y j1=0,1 and C, is the normalizing constant given by

o0
- ap-1 ,-3/0

C, (J) 0°0"" e m,(0,0) do (13)
Which could be calculated numerically.

When a squared error loss function is used, the posterior mean of 6, which is the
Bayes estimate, is given by

o0
0p= i J‘eao e-a1/9
CO 0

The corresponding Bayes risk, which is the variance of the posterior p.d.f. (12) is

(0, 0)d0 (14)

[e)

Var (0g) = Ci (J) ©- )2 6%t g3/ v, (o, , 0) do. (15)
0

The Bayes estimators, Rg and Hg of the reliability function R® = R® (t) and the hazard

rate function H® = H°® (t), and its variances, respectively are

IiB = iof g0t e_al/e R*n (o ,0)do.
Co 0 10
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1% agl _-a,/0
— [ g0t g H®m (o, 0) do. (16)

CO 0
var (Rg) =L g0l a0 (R* - Rg)’x, (o, , 0) d6,
Co 0 10
and
Sy o1 T a0l ale e o2
var (Hg) = — [ 0% ™" (H* - Hy) =, (a,. , 6) d6, (17)
Co 0 10

where R*(t) and H°(t) are R(t) and H (t) which defined in equations (3) and (4) with
substituting o = % and Ti =t,t>0.

The means and the variances given equations (14) , (15) , (16) and (17) ,
respectively, could be evaluated numerically.

Using LINEX loss function Bayes estimate 5,_ of parameter 0O relative to the LINEX
loss function is

~ -1 1 % a1 -(a02
B, = In[— [%1g (@O +a)0 - gy dp, (18)
a CO 0 1Y°0
the Bayes estimate f{L Is
= _ -1 1 7T ap1 -(a0R" +ay)/0
R, =—In[— [06%0"¢ V™1 n, (o, , 0) do, 19
L= [CO . 1 m (a,,0) (19)

Also, the Bayes estimate I:||_ of the hazard rate function of (4) relative to the LINEX
loss function is

~ -1 1 T a1 -(a;+aH’0)/0
H o= — In[— [0 ™1 a. ,0)do] , 20
L= 5 Il ] 7, (o - 6) 0] (20)
The corresponding Bayes risks of 5,_ R L and H L are given by
~ 1 % 401 - ~
var (§)= — 160%™ (¢ - T )? n (0. 0)d0 (21)
CO 0 0

WhereQZG,R°,H°and EL = 6|_ , §|_ , |:||_ .
Using general Entropy loss Bayes estimateéL , of parameter 6 relative to the general

Entropy (GE) loss function is
1

~ 1 © . 4 . —=
bo=[— 600 (o @19 | g=0 22)
Co 0 10
using GE , the Bayes estimate ﬁG IS
17 nt -4
Ro=[— | 60" e ™R 1 (o). 0)d0] & 23)

CO 0
Also, using GE loss function, the Bayes estimate Hg is
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1

FlG = [i jeao'l e_al/e H°-q n, (o, , 0)do ]_a . (24)
Co 0 10
The Bayes Risks of 6g , Rgand Hg are given by
~ 1 ® a4 . ~
var(Zg) = — [ 0%t ™” (¢~ Z5)% n (0. 0)do . (25)
CO 0

where £ =6 ,R*,Hand (g = 6g , Rg , Hg .

Bayesian Estimation with Known 6

When 6 is known (0 = 90) and o is unknown, a prior p.d.f. for a is

9, (o)ec o2l g 83a , O<a< bl , (26)
where a, 8, and b1 are Positive. Using likelihood function ( 5),thus, the posterior p.d.f.
for o is

ocaz_l g 30
0, @170 = ——2—— m(@.8) (27)
ROPS c(ds obs .
where ., (o, 6,) = Ell k%lo j'zl (_1)k+1 (?J (R; J(PAiArH(P?j)di-k’

TG .
PiA_A}l =(1- e "% j1=0,1 and C, is the normalizing constant given by

C,= (J) af2l g8 T, (a, 0,) do (28)

Under squared error loss function (symmetric), the usual estimator of a parameters (or a
given function of the parameters) is the posterior mean. Thus, Bayes estimators of the

parameter 0, reliability function R = R*(t) and hazard rate function H™ = H*(t), given in
equations (3) & (4) with 6 = 60 , respectively, are obtained by using the posterior density

(27).
The Bayes estimators &E : ﬁE and I:IE of parameter a , the reliability function R* and the

hazard rate function H™ and its variances , respectively are
1 bl a d, Ol
~* 2 o793
op =— Ja™“e . (o, 0 ) do
B C (J) 2 ( 0)

of2l 8% R” m, (o, 0,) do

of2l g8 m, (o, 6,) dot
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~ b * ~
ar @)= o [t e (05 ny a0 do 29)

where C = af, Rg . Hgand ¢"=a R, H'

When there is no prior information on o , an appropriate non informative prior is obtained
by letting a, > 0 and a; 0in(26), as

* -1
g, (a)oca™.
Thus the posterior p.d.f. of o would be

* -1

gz(a\Ti,eo)oca T, (o, 6,) (30)
Using LINEX loss, Bayes estimates 5L* , F~2*L ,
respectively, relative to the LINEX loss function are

b *
E"I‘_ _ iln [Cil ('_)1 aaz-l e'(a3oc+ac )TCZ (OL , 90) de] (31)

where &} = C} when " =a, F~2*L = ¢ when ¢ = R and I:I*L = ¢} when ¢ = H.

I:|*L of parameter o , R and H" ,

By substituting EE with E’[ in equation (29) The variances of aj , ﬁ*L and I:|T_ can be
obtained .
Using General Entropy (GE) Loss the Bayes estimates oG , F?; and I:I’; , of parameter a,

R and H relative to the GE loss function are
1

AR NCE 0,) do 19, (32)

= 1 bl - *, -
C6 =1 [ (Y %e
Cl 0
where G = (& when{'=a, F?Z = C& when =R and I:|*G = Cewhen = H
Also, the variances of ag, F?E; and I:|*G can be obtained by substituting Ea in
equation (29).

Bayesian Estimation with Unknown o and 0 :

In this section, we consider the typical case in which the two shape parameters o and
0 of a EWD are unknown. We suppose some information on the shape parameters o and
0 are available prior. Formulation of a joint density would be constructed in two cases,
independent and dependent priors for acand 6 .

Independent priors for a and 0
In this case, we use independent priors for o and 0, therefore the joint prior will be

0(0,0) o 020 ¢2/0 (Bl B g g g < b, (33)

Combining the likelihood equation (5) and the prior density function (33), the joint
posterior density of o and 6 is
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= L gorlyarl @/ran)

a,0
C, )

(34)

m d R%®

- (d obs : g
where 7 (c:6) = II kz:'1 ,Ell (DK™ (k'j [RI_ J(Pi)kﬂ (Pi_l)d' K and c, is a

J
normalizing constant given by

o by ]
C2 =[] pfolydel e (/0 +a30) 7 (0,0) do dO
00

The joint mode of (34), denoted by (5 ,3), may be considered as a Bayes estimate of the
unknown parameters and is obtained by simultaneously solving the equations

dy 4 _
GDl-n(G,oc) [1—a0- F]_O

a3 _
ocDZ- 7 (0,0) [F_ a,+ 1]1=0

om(0,a) obs

R
m di T kei (di) [ROPS i _
hereD, = — = (L' 1 > TN ey e, )ik
where D, 0 (9) & Z (-1) (k j )" (P )
x [(k+]) In Pi + (di-k) In Pi-l] ,
and
bs
om(6,a) m d R? e obs .
D=—=¢"m 3 3 (N[Y]|RiT|pykHilp ikl
2 oo i=1 k=1 j=1 K i i i-1

x[@F PP, (k) + (di—K) @f P. P iJj] (35)

Using the bivariate posterior p.d.f. (34) , we can obtain the univariate marginal densities of
o and 0 by integrating out one of the two unknown Parameters. Thus the marginal p.d.f.
of Ois

apg—1,-a,/0
g,(0/T)= 2 — 1

, 6 >0 , 36
S (36)

1
where | = [ ofelegdsa (0,0) dat
0

The Posterior mean and variance of (36) are
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~ o0 ~
var (0g) = — [ (0- 0g)2 0% L @100 | 4o (37)
C2 0 2
From (34) , the marginal density of a is
_ 1 a1l -aza
g4(0c|Ti)—aa e I2 : 0<(X<b1 : (38)
T a0l -a1/0
where |, = [ 020t @Y 10, 0)do .
0
The posterior mean and variance of (38) are
_ b
&B: I 4 e'a3o°l da
0 2
= M = 2 apl
var (ag)= | (a- ag) a3 |, do. (39)
0

The Bayes estimators, ﬁB and I:IBof the reliability function R = R (t) and the Hazard rate
function H = H (t) and its variances, respectively are

~ o bp i
Rg = 1 [ ] o201 OLaz—le(<'311/9+<"‘30‘) [1-P%] 7 (a,0) dot 0
Cr 00
~ 0 by a-1 .-(a;/0+aga+t%)
HB:LJ pfogl2 L_¢ = PO (0) dado , t>0
2 00 a-PY)
- % by -
var(Rg) = [ | (R- Rg)? g (a.0) do do
00
~ % by N
var(Hg) = [ [ (H- Hg)*g (cl0) do: dO (40)
00

where Pt: ( 1—e'ta) .

The Bayes estimates 3,_ : 5L, I5|_ and I:IL of parameters o and 6, R (t) and H(t)
relative to the LINEX loss function and its variances are

~ g b o
CL = ;In[(]) (I)e g (6,c) dou dO ]
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o

= o Pl =
var ({) = (J) (f) (C-CL)g(6,0) dodd (41)

where éL = E,_ when =0, (:)LL :EL when {=a, F~2|_ :EL when =R and I:||_
= EL when {=H.

Using general Entropy (GE) loss, Bayes estimates (:)LG, éG , FNQG and I:IG of parameters
a and 6, R(t) given by (3) and H (t) given by (4) , relative to GE loss function are

~ 0 -
05 :[i [ eao*q-le'al/9| do ] ¢
C2 0 1

b
= 1 1 —-g-1 - -7
dg =[— [ o® qlea3/O°I2d0L] q

C2 0

_ by q 1

Reg =[] J[1-P?1 g(0,a) dodo] @
00

~ w by ((nag ap,a-150-1)"9 L _1

Ao =[f [ [T P | @I oy gadey 7. (@2)
0 0 1-P}

The corresponding Bayes risks, which are the variances of aG , 56 , F~<G and I:|G are

giver by substituting z,_ in equation (41) with EG.

If o and 6 are independent and assuming that no prior knowledge about o and 6 is
available, the appropriate non-informative joint prior of a and k will be

g* (@0) c (0)> , 0>0,0<a< b, (43)
using (43) with (5) , the joint posterior density of o and 6 is
g% (.0 | T) o« @) x(@0), 06>0,0<a< b, (44)

Singh et al (2002 & 2003) used (43) for estimating symmetric and asymmetric
LINEX Bayes estimation of EWD parameters in type Il censored sample.

Dependent priors for 6 and o, .
Nassar and Eissa (2004) suggested the following bivariate prior density for o. and 6

G(a ,0) = G, (8l) G, (c) : (45)
where
-VaV-1
G, (0lo) = e 9 ¢ yso o o>0 (46)
|(V)
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is the gamma conjugate prior, and the scale parameter of this density is «a, which is
assumed to become known previously with knowledge that may be translated into an
exponential distribution with density function

Gz(oc):%eﬂ/OI , a>0 ,d>0 (47)

Multiplying G,(6]cr) by G, (a) , we obtain the bivariate prior density of 6 and o, given

from (45) by

o~ VoV-15(d0+a®)/da
d(v)

where V and d are positive real numbers .

G (a,0) = , >0 ,0>0 (48)

Combining the likelihood equation (5) and the prior density function (48), the joint
posterior density of o and 6, is

V-1 (do + a2)/da

G(a,elTi)zcia‘Ve 26,0) , a>0 ,0>0, (49)

3
where Cg, is a normalizing constant, given by

1
C3—=

d(

- 2
VgV-1 (A0 +adida o ) do do

oO— 8

0
[ o
0

The joint mode of (49) , denoted byé* & 5*, is the solution of the equations
0D - [0-(V-1)a] n(6,0) =0

aDy-[ V+= - 9 1n00) =0
d «a
From (49), the marginal p.d.f. of a is

1 .v -od
VeOC

g5(oc|Ti):C—a I3 , o>0 , (50)
3

o V-1 -6/a
wherely = Ja " "e  n(6,a) dO .
0

The posterior mean and variance of (50) are

- o0
ap = (J;OLQS(OL‘Ti)da

var (o) = (J) (a- a})’ g5 (@l T,)do (51)

Also from (49) , the univariate marginal p.d.f. of 6 is
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-V-1

gG(O‘Ti):Cie I , a>0 , (52)
3

vV (0 + o2)/da

0
where |4: [ o 7(0,0) da
0

The posterior mean and variance of (52) are

~ 0
O0p = 5996(9|Ti)d9

var (05,) = J (0-05)2 05 (0 T,) do. (53)

The Bayes estimators, ﬁ’é and I:IE of R(t) and H(t) and its variances, respectively are

=, o0 0 ; VR 2
Ry = — | [ [-pP oY oV L@+ oo o) do do
C3 00
:* 00 :*
var(Rg)=] | [R-RBI*G (0, alT,)dado
00
=, 00 0
Hg = | [ HO GO, alT;)dado
00
:* 0 :*
var(Hg) = [ [ [H(® - Hz12G (0, a|T;)dade. | t>0 (54)
00

Numerical evaluation, using Computer facilities, are needed to evaluate equations (51, 53
& 54).

The Bayes estimates 5]"_ , 5[’: , FNQT_and I:|T_ of Parameters o andd,R (t) and H(t)

relative to the LINEX loss function and its variances are

=il ] %60, alT)dado] , (55)
a 00
and
var(Z{):(I)(I)(Q-Z{)Ze(e,ahi)dade, (56)

where 67 = C; when(=0,where &} = Cf when¢=o,where R| = ¢} when ¢

=R(t) , where H] = Zf when { = H (1) .

Using general Entropy (GE) loss, the Bayes estimates 56, ée , F~<G and I:IG of

parameters oo and 6, R (t) given by (3) and H (t), given by (4) , relative to GE loss function
are
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~

o0 o0 _l
Zg:[cj)cj)g‘qe(e,alTi)dade] g (57)

where a5 = C& when ¢ =o, where 85 = C& when =0, where FT; = & when

~% ~ %

¢ =R(t) , where I:|’:3 = & when ¢ = H (t) .The variances of gc"é L 05, R and H. are

given by substituting Z; with Cg in equation (56)

Since EWD have a Unimodal (8%, a*) if a0 >1, a 100 ( 1 —P) two sided shortest credible
intervals {51, 52} and {51 , 52} for a and 0 , respectively ( or highest posterior
Density, HPD, ge(a | x) and gy (6 | x) are unimodal, Box and Tiao (1972)) are such that

05 (a1 /%) =05 (G2 1%), as well as,

:Iz g5 (at|x) do=1-P (58)

a)

and 96(51 \x) = 96(52 |x) ,aswell as,

0,
J 9g(0 Ix)=1-P (59)
01

Numerical lllustration Situations .

To illustrate the usefullness of the proposed estimators obtained in preceding sections with
real situations obtained in preceding sections, we generate a sample of size 50 from the
EWD with parameters oo = 3 and 6 = 1.5 (Ahmed et al 2006).

Using MATHCAD (2001) , a sample of size n = 50 was generated from the
exponentiated Weibull with parameters o =3 and 6 = 1.5 ( a6 = > 1 unimodal, see Figure
(1)) . The results are :

0.20944 0.60863 0.84716 1.11124 1.28844
0.35593 0.69445 0.88538 1.11346 1.30113
0.41745 0.69717 0.89909 1.11470 1.32253
0.43788 0.72031 0.83488 1.11038 1.33569
0.43814 0.73955 0.93289 1.11875 1.33483
0.52250 0.77944 0.94301 1.12167 1.34592
0.53618 0.78027 0.94607 1.14399 1.41394
0.59273 0.78978 0.95254 1.15737 1.41710
0.60315 0.80577 0.97753 1.16380 1.57964
0.60719 0.81916 1.02507 1.22745 1.78653
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Suppose that progressive type | interval censored from EWD with removal occurs at five
stages m = 5. Assume that at Time T1 = 0.41745, none unit selected at random form the

survivor, were censored, i.e., bes: 0. At T2 = 0.53618, two additional randomly
selected survivors were removed .Three additional randomly selected survivors were
removed at T3: 0.69717. At time T4 = 0.83488, another one unit selected at random from
the survivors, and the test was terminated at T5 = 0.93289 data, we record :

T. = 0417 T,=0.536 T3 =0.697 T4 =0.839 T5 =0.933

1 2
dl =3 d2:4 d3:4 d4:5 d5:3
R1=0 R2=2 R3=3 R4=1 R5=25

The estimates o, 6, R (t) and H (t) at t = 0.75 developed in sections 2, 3, 4 and 5 on
the basis of above data are obtained and are reported in Table 1 . Also , figures land 2
show that the unimodal property for the density function of EWD, f(x)and joint posterior

density of the parameters o and 6 .

2 ' 03 T T
<
- s 02 -
X 1+ — <
= 3]
& 01 -]
0 0 I1 2 |
0
X 0 2 4 6
Figure (1) 0
the joint posterior ofparameters

Figure(2)
Table 1 revealed that the Bayes estimators developed with non-informative prior yet the
estimated values of Bayes estimators are very enclosed to the estimated values of MLE.

Future numerical results using different values forn, m, d,, R, , 6 and o are needed to
establish strong conclusion for comparing mle with Bayes estimates .
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Table 1 : Various Estimates For The Progressive Type | Interval Censored Sample

Estimators.
Estimate Estimate
0 variance variance R(t)i=0.75 H(t)i=0. 75
o of 0 of a

mle 1.55 2.94 0.0043 0.0026 0.802. (0.009) A 2,046 (0.074)>
a Known=3.0
S{gggtr'c 158t 5.38x10" 0.70 (0.009) 2 1.757 (0.074) 2

[1.35,1.82]
LINEX 1545 1.68x10™ 0.872(1.68x10 )2 | 2.07(0.03x107H 2
GE 1671 0.026 0.696 8.5x10 )2 | 1.78(4.0x10°) A
g'r?gr'”forma“"e 155 0.0042 0.80. (0.0094) X | 2.036 (0.075)"
6 Known=1.5
Symmetric loss 2.998 0.039 A -4, A

[1.50, 3.58]" 0.784 (0.0031) 2.06(1.7x10)

LINEX 3.028 0.052 0.788(2.56><10_8)A 2.06(7.7x10'9) A
GE 3018 0.048 0807 00112 | 1.83(4.9x10°) 2
g'r?gr'“forma“"e 2.95 00029 | 803. (0.0096) X | 2.049 (0.072)2
Indep.Unk.a. & 6
Posterior mode 1.848 3.042
Slé's";me”'c 1523 13025 1 gogap® | 0051 08 (4.6x1002 | 206(1.9x107H A

[1.45,1.55] [2.96,3.26]
LINEX 1.49 3.03 4861073 | 0038 0.8( 4.6X10-6) A 206 (1.9x1o'4) A
GE 1546 3.058 2.15x10° 0.667 O.8(4.6><10_6) A 2.04(1.92x10'4) A
Erci)grmformatlve 1.54 2.94 0.0045 0.0027 0.803. (0.0098) A 2041 (O.O7O)A
Dep.Unk.a. & 0
Posterior mode 1.507 2.914
Symmetric loss | 1.554 13105 120000 | 1.49x107 | 0.776(1.25x10°) A | 211(3.8x105)

[1.43,1.57] [2.4,3.5]
LINEX 1.508 2.98 1.41x107 3.59x10™° 0.762(9.68><10_6)A 2.04(9.5x10'3) A
GE 1.502 3.016 1.96x10°° 1.63x10° 0.762(9.68><10_6)A 2.05(9.5x10'3) A
Erci)grmformatlve 1.53 2.93 0.0041 0.0027 0.801. (0.010) A 2039 (0_072)A

* Present the Shortest Credible Intervals for 0 & o .
A Present the variance estimates for R(t) & H(t).
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