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Abstract: The present study deals with the estimation procedure ®p#rameter, reliability and hazard functions of the ireert
exponential distribution under progressive Type-ll ceadodata. For estimation purpose, we have considered batisichl and
Bayesian method of estimation. The Bayes estimates of ttzaneder, reliability and hazard functions are calculateden symmetric
and asymmetric loss functions. We have also computed the &8ftiptotic and highest posterior density (HPD) intervdlshe
parameter. Further, Monte Carlo simulation technique reenlused to compare the performances of the Bayes estinvaitbrs
corresponding maximum likelihood estimators under bothltss functions. Finally, we analysed one real data setllfestiative
purposes of the study.

Keywords: Inverted exponential distribution, Progressive cengpridayesian inferences, Importance sampling, Metrogeéistings
algorithm.

1 Introduction

The exponential distribution is the most popular distiidtfor lifetime data analysis because of its simplicity and
mathematical feasibility. The applicability of this disiution is restricted due to its constant failure rate butdalistic
phenomenon, it seems to be meaningless when failure ratmisanstant. Therefore, a number of lifetime models such
as Weibull, gamma, generalized exponential etc. have begoped as a life time models which passes the various type
of failure rate i.e. monotonically increasing or decregdailure rate function and it reduces to exponential disition

for particular choice of shape parameter. However, nonetanicity of the hazard rate has also been observed in many
situation. For example, in the course of the study of mdytassociated with some of the diseases, the hazard rate
initially increases with time and reaches a peak after sonite fperiod of time and then decline slowly, see Singh et al.
(2013). Thus, need to analyse such a data whose hazard rataomamonotonically realized. Then, in view of this,
Inverted exponential distribution (IED) has been propoagd lifetime model by Lin et al. (1989). Lin et al. (1989),
Prakash (2009), Singh et al. (2013) have advocated the ukkeDo@s an appropriate model for this satiation. Prakash
(2009) have obtained Maximum Likelihood estimates (MLE)nfidence limits and uniformly minimum variance
unbiased estimators for the parameters and reliabilitgtion of IED with complete sample. Dey (2007) provides the
estimation of the parameter of IED by assuming the paranmatelved in the model as a random variable.

G. Prakash (2009) has discussed the properties of the gadstimators for the IED and also presented the
estimation of the parameter, based on lower record valussemly, Singh et al. (2012) propose Bayes estimators of the
parameter and reliability function for the same under theegal entropy loss function for complete, Type-l and Type-I
censored samples. The probability density function (pdfii @umulative distribution function (cdf) of inverted
exponential distribution (IED) are given as;

f(x,or):%e“”/X x> 0,0 >0, (1)

F(x,a)=e9* :x>0,a>0 )
respectively.

* Corresponding author e-maésybhul0@gmail.com
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Fig. 1: Figure represents the shape of reliability and hazard foméor different choices of the shape and scale parameters.

1.1 Reliability Function and Hazard Function

The reliability function and hazard function of the IED fqrexified timet are given by the following equations;

Rt)=1—e 9" ;a,t >0, ©)
ae -/t
H(t):m, a,t>0 (4)

respectively. The plots of the reliability and hazard fumctare presented below. From graph we see that the hazard
function has a non-monotonic shape which increases igitr@laches a maximum and drops slowly. The other advantages
of this model is that, it is the special case of the invertedima distribution with known shape parameter.

1.2 Progressive Censoring and Likelihood Function

The problem of censoring in life time data analysis is obsibacause of time and other circumstances. The most common
censoring schemes are Type-l and Type-Il censoring schém@ge-I censoring scheme, the life testing experimetit wi
be terminated at a prefixed tinfe and in Type-Il censoring, the life testing experiment Wil terminated after observing
therth failure. Therefore, Type-1 and Type-Il censoring schenvesadso called as time and failure censoring schemes
respectively. However, the conventional Type-lI and Typeenhsoring schemes do not have the flexibility of allowing
removal of the units during the experiment. Due to this reaaanore general censoring scheme called progressive Type-
Il (PT-I) censoring scheme has been introduced by Coheé3)L9

PT-11 censoring scheme can be abbreviated as follows; Sgrponits are placed on experiment amdfailures are
going to be observed. When the first failure is obserfRdf the surviving units are randomly selected and removed. At
the second observed failuf®; of the surviving units are randomly selected and removets &kperiment terminates at
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the time when ther'h failure is observed and the remainiRg, = n— Ry — R — - -- — msurviving units are all removed.
The statistical inference on the parameters of life timé&ithistions under progressive Type-1l censoring has beatied
by several authors such as Cohen (1963), Viveros and Bshalan (1994), Aggarwala (2001) and Krishna and Kumar
(2011).

Thus, the likelihood function in the case of PT-1l censorgatpeme is given by Balakrishnan and Sandhu (1995) as
follows;

m
L<x|a>=cr|f(xi,a>{1—F(xi>}F*, (5)
i=
whereC is the constant given as follows;

C= n(n—Rl—l),--- ,(n—Rl—Rz—---—%,l—m+l).
Based on such a progressive Type-Il right censored sanmgléikelihood function using (1) and (2) can be expressed as;

L*(x|a) O[] e %% {1—e 0/t " (6)
Mg {r-=)
Then, the log-likelihood function can be written as;
m a m m )
L=InL*x[a)Omina - = —25 In(x)+ § RIn(1—e 9/%). (7)
(x|ar) i;)q i; (%) i; ( )

It is important to mention here that, the most of the authargetdiscussed the various estimation procedures based
on Type-l or Type censoring scheme but no one has paid aftemtbout the estimation of the parameter under
Progressive censoring, which is very popular and applecabhsoring scheme now a days. Thus, our aim of this paper is
to consider the estimation of the unknown parameters,hiétia function and hazard function of IED using PT-I
censoring scheme under squared error loss function (SEhbdFganeral entropy loss function (GELF). It is observed
that, the MLE of the unknown parameter cannot be obtainedde closed form. Therefore, Newton- Raphson (N-R)
method has been implemented to obtain the MLEs. It is alserobd that the Bayes estimators are not in explicit form.
Thus, among existing various approximation techniques,arthe most popular Markov Chain Monte Carlo (MCMC)
technique has been used to obtain the Bayes estimators baspdsterior samples. Monte Carlo simulations are
conducted to compare the performances of the classicalatsiis with corresponding Bayes estimators obtained in bot
informative and non-informative set-up. Further, we halg® @onstructed 95% approximate confidence intervals and
highest posterior density (HPD) credible intervals for plagameters.

The rest of the article is organized as follows: Introdugtpart of the paper has been covered in section and
subsection of 1. In Section 2, we derived the maximum lilaith estimators (MLES) of the parameters, reliability and
hazard functions and obtained Fisher information for aorasing 95% approximate confidence intervals. In section 3,
we obtained the expressions for Bayes estimators undeotiénformative prior and two informative prior using SELF
and GELF. Monte Carlo simulation results and the analysaatd sets are presented in section 4. A real data illustratio
has been discussed in section 5 and finally in Section 6, weludathe paper.

2 Maximum Likelihood Estimation

Now in order to obtain the maximum likelihood estimatorshef parameter, we have to maximize the above equation (7)
w.r.t. the parametem. Therefore, if we assume thatis unknown then the MLE&y) of a can be obtained by solving

the following equation.
m m/1 m Rie—or/x;
- — |+ _ = O' 8
a i;(xi) iZixi(l—e*a/m) (8)

From the above equation, we observed that the MLE afan not be obtained analytically. Therefore, we have used
Newton-Raphson method to obtain MLE of the parameter. Nowfecified value of the MLE of the reliability function
(Rv) and hazard functiofHy ) have been obtained by using invariance property. i.e.

Ruy=1—¢ /!t

~ aMe*aM/t
Huw=————++—
t2(1—eau/t)
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2.1 Asymptotic Confidence Interval

To construct asymptotic confidence intervals we need thergbd Fisher information. Therefore, the observed Fisher

information is given by;
) 9°L
I(a)=-E( ==
da? a=a

Var(a) =

also the asymptotic variance afis given by

1
I(a)
But, the exact mathematical expressions for the above &dqp@tis not exist. Therefore, by using the concept of large
sample theory the 1QQ — A )% confidence interval off is given by;

[&L,du] = &M $ZA/2\/Var(érM).

3 Bayesian Estimation

In this section, we have obtained the Bayes estimates fanawik parametea, reliability function R(t) and the hazard
rate function h(t). For estimating these quantities, tvas lflunctions have been taken into consideration, whichefieet
as;

Squared error loss function (SELFE(a,d) = (& — a)?,

3
General entropy loss function (GELE) O (%) —0dlIn (% —-1;0#0.

In each cased represents the estimate of unknown parametandd is the shape parameters of GELF which reflect
the departure from symmetry. The Bayes estimate @fith respect to thé.s andLg loss function is obtained from its
posterior distribution as;

as={Eq(alx)}

b = {Ea(a—5|x)}_l/5

provided the expectation of the above quantity must exist.

3.1 Bayes Estimators of the Parameter, Reliability Funtaod Hazard Function under Gamma
Prior (Prior 1)

In this subsection, we consider the Bayes procedure toaltré/point estimates of the parameterseliability function
R(t) and hazard functiofd (t) based on PT-Il censored data. In Bayesian analysis, thengtea of interest is to be
considered as a random variable and follows some prioriligion. Here, we assume that, parametehaving
gammda, b) density i.e.

m(a) Ja®te™™;a>0
where, a, b are the hyper parameters assume to be known. dhe ebnsidered prior is more applicable in the sense
that, it is more flexible and having different variety of priistribution which may be the reason behind its popularity
Therefore, based on the above prior, the posterior distobwf a is given as;

m
m

_ %,ba m 1 m
pi(alx) O qgmra-lg izl i rlU (a,x,R) O Gamma{m+a,b+ ,21<Z>‘| iIJU(a,Xi,Ri), (9)

i=
1 /xR
whereU (a,x,R) = 2 {1—ea/x}™,
Now, the Bayes elstimators of the parameter, reliabilitycfiom and hazard function under SELF and GELF are given
as;
© -3 &—ba m
a™?e =17 1 U(a,x,R)da
bpg = 2= — (3.12)

® -3 &—ba m
[ amate ¥  QU(a.x.R)da

a=0 i=1
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o ~ 3 9 bg m
[ (a—eatyamate 2 fU(a,x,R)da
-0 = (312)
© 413 g _pha m
[ am™a-le =t M U(a,x,R)da
a=0 i=1

oo " /t

A~ a=0 tz(l—e*"/t i—1
Hes = m (3.13)
o -3 %—ba m
[ amta-le is1 MNUY(a,x,R)da
a=0 i=1
" miago1g 2 s M o
| a e i=1 |‘| (a,x,R)da
oy = | =2 m = (3.14)
© — 3 x—bam
[ a™a-le =T U(a,x,R)da
a=0 i=1
m (-1/9)
00 _ - %7b m
[ {1-ea} famate BT A U(axR)da
3 a=0 1=
- _ 3.15
Rea1 - T oo (3.15)
[ amta-le %1 MU(a,x,R)da
a=0 i=1
-5 m (=1/9)
0 ae o/t ~3 g —bam
/ t2(1—e 9/ a™ate it M U(a,%,R)da
Hec1 = -~ m - (3.16)
© -3y 2—ba m
[ amta-le =™ MNU(a,x,R)da
a=0 i=1

3.2 Bayes Estimators of the Parameter, Reliability Funtaad Hazard Function under Inverted
Gamma Prior (Prior 2)

In this subsection, we have obtained the Bayes estimates timel consideration of inverted gamma piiGi(c,d) based

on PT-Il censored data. Inverted gamma prior is also a flexabtl conjugate prior for this distribution in complete séamp
Keeping these points in mind we have considered it. It was edsisidered by several authors see Prakash (2009) and
Singh et al. (2011). Therefore, here we assume that, pagaméias inverted gamma density. i.e.

m(a) Ja~* e %% a >0,c,d >0,

where c, d are the hyper parameters assume to be known. dtesrieéised on the above prior, the posterior distribution
of a will be;
a_ / m

p2(alx) Oa™ < 1e 215 r!U (a,%,R). (10)

Therefore, the Bayes estimators of the parameter, ratialfilnction and hazard function under SELF and GELF are
given as;

e = 2= = (3.2.1)

J am-c- lg 515 _Hu(a,xi,R)da
a=0 i=1
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=) B 3 5 —d
e Buan
Lt - I (322)

[ am-c- lg 51 H U(a,x,R)da
a=0 i=1

%)

© —a/t -3 w—d
P05 Namete B3 B y(aw.R)da
ato \ t2( ) =

1—eaft 1

Aecs — (3.2.3)
(=] m
Famete 24 B U a x R)da
a=0 i=1
(=1/9)
? m-c—0-1 Z X i
| a e = _[llU(O!,Xi,Ri)da
bgep = | &2 . = (3.2.4)
0 — Q2 _da
Jamete BT R Ua s R)da
(=1/9)
) J {1—e*"/t} am-c-lg Izlx' a/e HU(a,xi,Ri)da
Regz = | =2 ra— =1 (3.2.5)
[ am-—c-le 214 MNU(a,x,R)da
a=0 i=1
o ae o/t ° y &-d/a m e
IR — a™cle =1 MU(a,x,R)da
~ a=0 t (1—6 a/) i=
Fsge = Pa— (3.2.6)
- a
[ amc-le s MU(a,x,R)da
a=0 i=1

3.3 Bayes Estimators of the Parameter, Reliability Funtaad Hazard Function under
Non-Informative Prior (Prior 0)

The selection of prior distribution is often based on theetyb prior information available to us. When we have little
or no information about the parameter, a non-informativerghould be used. Jeffreys prior is one of the general class
of non-informative prior. The important feature of thisqoris that it is not affected by the restriction of the paragnet
space. Several authors have given a general justificatrarsfog Jeffreys prior for an exponential family by showihgtt

a proper posterior is produced. It motivated us to considarinformative prior for the parameter. The prior@may be
taken as;

1
B(a) DE;a>0

Therefore, based on the above prior, the posterior distobwf a will be;
-3 a m
pa(alx) 0 a™ e =17 rlU(a,XhRi)

Therefore, the Bayes estimator of the parameter, religlfiinction and hazard function under above two loss fumstio
are expressed as;

J ameiizli'_n U(a,x,R)da
b = 22 — (3.3.1)
=9 _ a m
[ am™le 5% QU (a,x,R)da
a=0 i=1
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m

{1 e/} amle 25 HU(G x,R)da
B}

oo = T (332)
J amle gt |-| U(a,x,R)da
a=0 i
r ae /! m-1 _EST il
o {m}“ e = NU(a.x.R)da
Moo= o _ E a m (3.33)
[ amle i£1% MU (a.%.R)da
a=0 i=1
$am (-1/9)
J amo-le 2% 1 (a.%,R)da
foco = azi s g : (3.3.4)
f am- le = HU(a,Xi,Rj)da
a=0 =1
(-1/9)
T 7C{/t -0 m—1 7.2)% m
J {1-e ) Famle B U(ax,R)da
If\QBG(): a=0 - - E — i=1 (3'3.5)
[ am-le i#1¥ _I'IlU(G,Xi,R)da
a=0 i=
m -1/0
3 ae_a/t ° m—1 _-zlg_i m D o
| Eaee [ 9 T QY@ R)da
e e —sam (3.3.6)
f am—le = _I_Ilu(a,xi,Ri)da
a=0 i=

3.4 Markov Chain Monte Carlo Method

From previous sections 3.1, 3.2 and 3.3 we observed thattaradisolution of all considered estimators are not pdssib
Therefore, MCMC method is used to resolve such type of sitnat MCMC method is the one of the best method for
obtaining the approximate solution of the posterior exaahs. After extracting or simulating the posterior sagspive
may easily obtain the estimates of the parameter and rigjabinaracteristics. To obtain the solutions of the paster
expectation, we have considered the Importance samplitigod@nd Metropolis-Hastings algorithm of MCMC method
under Prior 1 and Prior 2 respectively. For more detail abéOMC method, see, Smith and Robert (1993), Upadhyay et
al. (2001) and Singh et al. (2013).

Importance Sampling Method:

To implement the importance sampling method under the denaiion of Prior 1, the posterior distribution afis

given as;
pi(alx) O Gamma{m+a b+ ;( )] rlU a,xi, R,

Therefore, the following steps are taken to extract the $aufnpm the above posterior distribution.

egeneratex; from Gammay.,.)
erepeat step 1 to generate, ay, - - , ds

Now, the Bayes estimates ofa ) with respect to the SELF and GELF will be;
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and
(~1/9)

respectively.
The 1031 — A)% HPD intervals for the parameterusing the method of Chen and Shao (1990). One may also refer to

Kundu and Pradhan (2009a) for a review on this method.
Metropolis-Hastings Algorithm:

In case of Prior 2 no any standard distribution is found fonidating the samples from its respective posterior
distribution. Therefore most suitable method for extragtihe posterior samples is Metropolis under Gibbs algmsth
are taken into consideration. The M-H under Gibbs algoritmmsist the following steps;

eset the initial values ofr sayag

eSet |=1

eGenerate posterior sample f@rfrom (10).

eRepeat step 2, forall=1,2,3,---sand obtainedr1, az,--- , s

After obtaining the posterior samples, the Bayes estimatdéhe parameters, reliability function and hazard functio
under SELF are the mean of the posterior samples. Thersferkave,

After extracting the posterior samples we can easily cansthe HPD credible intervals far. Therefore, for this
purpose ordeq, ds,...,ds asd; < Oz < --- < os. Then 1001 — A )% credible intervals ol is

(a1, 051-2)41): (A1), As)
. Here[x] denotes the greatest integer less than or equal to x. ThreRIRD credible interval is that interval which has the

shortest length. Further, the Bayes estimates under rforsiative prior can be obtained by setting the values of hype
parameter is to be zero in any of the above algorithm.
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4 Algorithm for Sample Generation under PT-I|

Using the algorithm of Balakrishnan and Agrawala (1995) haree used the following steps to generate a PT-Il censored
sample from the IED.

x Specify the values af, manda.
* Generateniid random numberss, Uy, - -+ , Uy fromU (0, 1).
* Set§ = In(1—u;), so thatj’s are iid standard exponential variates.

« For given censoring schene= (Ry,Ry,--- ,Rn), sety; = §&/mandfori=2,3,--- ma=@_1+ =) d

n—- 3% Rj—i—l—l
j=1

Now (@1, @, ..., @n) are the progressive Type |l censored sample from standaahextial distribution v;ith censoring
schemeR= (R, Ry, -+ ,Rm).
* Setys = 1—exp(—@), so thaty;s form a progressive Type Il censored sample from U(0,1).

 Setx, = F~1(¢) = — {ﬁ .

Now, (X1, X2, ..., Xm) are the PT-II right censored sample from IED(ith a censoring schenm®R= (R, Ry, -+ ,Rm).

5 Simulation Study and Comparison

In this section, we investigate the performances of the Bagémators with corresponding ML estimators based on 1000
replications. In order to perform the comparison studyofelhg steps taken into account.

1. For specified values aof, m and a, generaten PT-1I censored samples using the algorithm discussed viqure
section.

2. For different censoring schemés taken as 30 and the valueswohas been chosen in such a way that the observations
are censored as 1020% 40% 50% and 60% for fixed value @f = 2.

3. The ML estimators of the parameter, reliability functand hazard function and corresponding asymptotic confalenc
intervals have been computed.

4. For Bayesian analysis, we have assumed that parametgaimasa and inverted gamma prior and Jeffreys prior. The
values of hyper parameters are taken as (a=c=4 and b=d=2).

5. Importance sampling method and Metropolis-Hastingsritlyn of MCMC technique have been used to extract
posterior samples under Prior 1 and Prior 2 respectively.

6. On the basis of simulated posterior samples, we haverdutdihe Bayes estimators of the parameter, reliability and
hazard functions under the assumption of the above priogUSELF and GELF.

7. In simulation study under GELF, only one choice of lossapaterd is consideredd = 0.5 (for over estimation) and
0 = —0.5 (for under estimation).

8. We have also constructed 95% highest posterior densi{pjHhterval for the parameter.

9. The performances of the estimators have been reportest Gl F and GELF both, see, Tables [2-12].

In order to choose different censoring scheames represents that the numbeis repeated times, see Table 1. From this
extensive study, we may conclude the followings;

i. The risks of the Bayes estimators is least as comparedattagk of the ML estimators.
ii. The risk of the estimators decreases as the percentagésaficreases.
iii. From the Tables 2 and 3, we observed that, the risk of thge estimators of the parameter, reliability function and
hazard function under Prior 1 is smaller than the risk of $teveators under Prior 2.
iv. From Table 3, we noticed that the length of HPD intervalsmaller than the length of asymptotic confidence interval.
Further, we have also observed that the average confidemgth lie case of Prior 1 is minimum as compared Prior 2.
v. From the Table 4, 5 and 6, we see that, the Bayes estimatdes GELF have smaller risk whén= 0.5 as compared
to thed = —0.5.
vi. From the Table 7, we observed that, the HPD length andaigke Bayes estimators under Prior 1 and Prior 2 is
minimum as compared of Prior 0.
vii. From the Table 8, we observed that the risks of the edtirsaunder GELF is minimum fod = 0.5 as compared to
those of the estimators fér= —0.5. It means that under estimation is more serious then otienaton.
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6 Real Data Analysis

In this section, we propose data analysis to illustrate oopgsed methodology based on two data set . The considered
data set has been used by several authors when life timevillverted exponential distribution.

Data Set-lI: We have generated a random sample of size 50 fE@nwith parameterr = 3 and chooses different
censoring schemes. The simulated data is presented aggpllo
0.4,0.77,0.78,1.03/1.11,1.16,1.82,1.83,1.86,1.9,1.96,2.02,2.79,2.84,2.85,3.4,3.71,3.75,3.82,
4.03,4.2,4.29,4.29,4.42 4.57,4.74,4.79,5.01,5.03,5.26,5.61,5.7,6.44,6.98,8.09,8.42,8.82 9.28,
9.49,10.38,11.49,11.65,14.86,22.39,24.29,27.63,36.28,49.38 96.77,10053

Data Set-Il:

12 15,22, 24,24,32 32,33,34,38,38,43 44,48 52 53,54,54,55,56,57,58 58,59, 60, 60, 60, 60,61,

62,63,65,65,67,68 70,70,72,73,75,76,76,81,83,84,85,87,91 95,96,98 99,109,110 121 127,

129131143 146,146,175175,211 233 258 258 263 297,341,341 376.

The data set-Il was initially proposed by Bjerkedal (19600l aised by Kundu and Howlader (2010) for Bayesian
estimation and prediction of the inverse Weibull distribontunder Type-Il censored data. Bayes estimators of the
parameter and reliability function of inverted exponentiatribution under the general entropy loss function blase
complete, Type-l and Type-Il censored samples have disdusg Singh et al. (2012). Recently, Maheshwari et al.
(2014) have considered this data set and derived the Batigsaden procedure under hybrid censoring schemes. Here,
we have also used this data set under progressive Typedbdag scheme. For this purpose, we have taken different
censoring schemes, see Table [8-11]. Based on these tweetatae have calculated the ML and Bayes estimators of
the parameter, reliability function, hazard function atgbgrovided interval estimates for different censoringesoe
and loss parametéi(—1.5,1.5),(—1.0,1.0),(—0.5,0.5)].

Table 1: Table represents the different censoring schemes whictoaisidered for simulation.

n m rl r2 r3 r4
12  3%6,0%6 0*5,6*3,0*4 0*2,2%*9,0 0*6,3*6
15 3*5,0*10 1*15 0*6,5*3,0*6  0*10,3*5

18 2*6,0*12 0*8,4*3,0*7 0*3,1*12,0*3  0*12,2*6
24 1*6,0018 0*11,2*3,0*10 0*9,1*6,0*9  0*18,1*6
27 3,026 0*12,1*3,0*12  0*13,3,0*13 0*26,3
30 0*30

30

7 Concluding Remarks

In this paper, we proposed Bayesian and maximum Likelihatichation for the parameter, reliability function and hakza
function under PT-II censoring scheme using differentiaritormation and loss functions. Therefore, from this esige
study of the results of simulation, we observed that the Bagtimators with an informative prior performs well in all
considered cases.. Therefore, we conclude that the Batigsats with an informative prior may be used particularly
when some a priori information about the parameter is knd¥awever, if no a priori information about the parameter is
available, MLEs may be recommended for their use.
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Table 2: Risk of the parameter and reliability functionR under SELF using Prior 1 and Prior 2 for fixed value of n=30.

m Rl am Ggst G  Geel  @Ba2 Ru Res Rse Rsat  Rsal
rl 0.3854 0.2651 0.3570 0.3794 0.3642 0.0147 0.0104 0.013pD13D 0.0137
12 r2 0.6362 0.4551 0.5839 0.6061 0.5911 0.0254 0.0183 0.023223P 0.0232
r3 0.6643 0.4765 0.6092 0.6315 0.6165 0.0265 0.0192 0.024224D 0.0242
r4 0.7985 0.5829 0.7324 0.7532 0.7392 0.0326 0.0237 0.029029D 0.0297
rl 0.2382 0.1687 0.2222 0.2343 0.2260 0.0085 0.0063 0.008D08D0 0.0081
15 r2 0.4495 0.3330 0.4261 0.4427 0.4316 0.0172 0.0130 0.0164€160 0.0164
r3 0.4293 0.3172 0.4080 0.4245 0.4134 0.0164 0.0124 0.015D15D 0.0157
r4 05980 0.4521 0.5651 0.5816 0.5705 0.0236 0.0180 0.0228228 0.0223
rl 0.1764 0.1282 0.1638 0.1704 0.1658 0.0060 0.0046 0.0058058 0.0058
18 r2 03171 0.2405 0.3066 0.3183 0.3104 0.0117 0.0092 0.0114€110 0.0114
r3 0.3231 0.2465 0.3122 0.3236 0.3159 0.0120 0.0094 0.011p11®D 0.0117
r4 0.4245 0.3292 0.4102 0.4227 0.4143 0.0162 0.0128 0.015D15D0 0.0157
rl 0.1460 0.1064 0.1212 0.1187 0.1203 0.0042 0.0031 0.003D03D 0.0037
24 r2 0.1602 0.1242 0.1516 0.1549 0.1526 0.0054 0.0043 0.005205p 0.0052
r3 0.1682 0.1303 0.1583 0.1612 0.1592 0.0056 0.0045 0.0054€058 0.0054
r4 0.2009 0.1569 0.1912 0.1950 0.1924 0.0069 0.0056 0.006D006D 0.0067
rl 0.1602 0.1161 0.1288 0.1234 0.1269 0.0043 0.0031 0.003®036 0.0036
27 r2 0.1413 0.1069 0.1233 0.1220 0.1228 0.0042 0.0033 0.003®038 0.0038
r3 0.1251 0.0954 0.1108 0.1101 0.1105 0.0038 0.0030 0.00303H 0.0035
r4 0.1449 0.1119 0.1314 0.1314 0.1313 0.0045 0.0036 0.004204R 0.0042
30 rl1 0.1532 0.1132 0.1243 0.1190 0.1225 0.0039 0.0029 B8.003.0033 0.0033

Table 3: Risk of the hazard functionl under SELF and interval estimates of the parameter usireg Pand Prior 2.

RI

Him

HABSl

HBQ

Hea1

Asypmtotic Interval

HPD (Prior 1)

HPD (Prior 2)

Heez

a

oy Length oL

ay

Length

a

ay Length

12

rl
r2
r3
r4

0.0505
0.0784
0.0817
0.0954

0.0333
0.0556
0.0581
0.0700

0.0463
0.0722
0.0752
0.0882

0.0481
0.0738
0.0768
0.0895

0.0469
0.0727
0.0757
0.0886

0.6318
0.5412
0.5296
0.4933

2.8789
2.9518
2.9101
2.7794

2.247B430
2.4107450
2.3805320
2.2866886

2.3140
2.0435
2.0065
2.0093

1.4709
1.2978
1.2745
1.3207

1.0385
0.9442
0.9330
0.8895

2.8943
2.6110
2.5747
2.4598

1.8558
1.6668
1.6417
1.5703

15

rl
r2
r3
r4

0.0348
0.0585
0.0559
0.0747

0.0237
0.0422
0.0401
0.0559

0.0312
0.0551
0.0528
0.0706

0.0317
0.0563
0.0541
0.0718

0.0313
0.0555
0.0532
0.0710

0.8195
0.6860
0.6956
0.6253

2.4992
2.2921
2.2213
2.5907

1.679P898
1.606@B539
1.5258649
1.9654908

2.4845
2.1448
2.1719
2.2098

1.4947
1.2909
1.3075
1.4190

1.1889
1.0603
1.0705
0.9950

2.4946
2.6739
2.5764
2.5275

1.3057
1.6136
1.5059
1.5324

18

rl
r2
r3
r4

0.0279
0.0435
0.0438
0.0553

0.0197
0.0318
0.0324
0.0419

0.0246
0.0414
0.0418
0.0532

0.0245
0.0423
0.0426
0.0542

0.0245
0.0417
0.0421
0.0535

0.9481
0.5180
0.6819
0.7589

2.5765
2.4229
2.4260
2.5623

1.6284899
1.9049599
1.744B606
1.8038998

2.5469
2.2476
2.2497
2.1064

1.4571
1.2878
1.2891
1.2072

1.2958
1.1731
1.1741
1.1112

2.3728
2.8612
2.8640
2.7176

1.0770
1.6881
1.6899
1.6064

24

rl
r2
r3
r4

0.0302
0.0259
0.0274
0.0325

0.0230
0.0198
0.0209
0.0243

0.0239
0.0236
0.0248
0.0294

0.0220
0.0233
0.0244
0.0290

0.0232
0.0235
0.0246
0.0293

1.1761
1.0693
1.0707
1.0340

2.7451
2.4957
2.4990
2.4133

1.5692690
1.4262711
1.42831716
1.3798644

2.6856
2.3757
2.1478
2.0460

1.4166
1.1046
0.6762
0.6814

1.1002
1.3000
1.4007
1.5357

2.5433
2.4204
2.1234
2.2400

1.4430
1.1205
0.7227
0.7044

27

30

rl
r2
r3
r4
rl

0.0374
0.0287
0.0240
0.0269
0.0384

0.0284
0.0219
0.0188
0.0209
0.0294

0.0290
0.0237
0.0203
0.0233
0.0302

0.0262
0.0223
0.0193
0.0223
0.0273

0.0280
0.0232
0.0200
0.0229
0.0292

1.2691
1.1996
1.1976
1.1676
1.3234

2.8067
2.6528
2.6485
2.5822
2.7987

1.5376861
1.453%218
1.450%208
1.41481909
2.475.6386

2.4085
2.2687
2.2651
2.2055
2.3092

0.8218
0.7469
0.7443
0.7146
0.6706

1.3468
1.2817
1.2841
1.2546
1.3914

2.5402
2.4609
2.2609
2.1550
2.2738

1.1934
1.1792
0.9769
0.9004
0.8824
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Table 4: Risk of the parameter under GELF for specified value of loss parameiersing Prior 1 and Prior 2 respectively.

m Rl 6=0.5 0=-0.5
am apst B aBal aBc2 am aBst O aBal aBc2
rl 0.0179 0.0115 0.0162 0.0146 0.0173 0.0213 0.0132 0.0190148 0.0194
r2  0.0323 0.0212 0.0288 0.0257 0.0301 0.0400 0.0253 0.0352270 0.0357

12 r3 0.0338 0.0223 0.0301 0.0269 0.0314 0.0418 0.0265 0.0368288 0.0373
r4 0.0426 0.0284 0.0379 0.0336 0.0392 0.0538 0.0344 0.047236% 0.0478
rl 0.0100 0.0068 0.0094 0.0086 0.0100 0.0114 0.0076 0.010P088® 0.0109
15 r2 0.0211 0.0147 0.0197 0.0177 0.0205 0.0251 0.0170 0.023®182 0.0236
r3 0.0201 0.0140 0.0188 0.0169 0.0196 0.0239 0.0162 0.0222178 0.0225
r4 0.0297 0.0210 0.0275 0.0247 0.0284 0.0363 0.0248 0.033®268 0.0337
rl 0.0069 0.0049 0.0066 0.0060 0.0069 0.0077 0.0054 0.0074€058 0.0075
18 r2 0.0140 0.0101 0.0134 0.0122 0.0140 0.0162 0.0115 0.0159128 0.0157
r3 0.0144 0.0105 0.0138 0.0126 0.0144 0.0168 0.0120 0.0160128 0.0163
r4 0.0198 0.0146 0.0189 0.0172 0.0196 0.0236 0.0169 0.0224€179 0.0226
rl 0.0046 0.0034 0.0041 0.0037 0.0041 0.0048 0.0035 0.00483036 0.0043
24 r2 0.0061 0.0047 0.0059 0.0055 0.0061 0.0067 0.0051 0.006®©054 0.0066
r3 0.0064 0.0049 0.0062 0.0057 0.0064 0.0071 0.0054 0.0069050 0.0069
r4 0.0080 0.0061 0.0077 0.0071 0.0079 0.0089 0.0068 0.008D07D 0.0087
rl 0.0046 0.0035 0.0040 0.0035 0.0039 0.0046 0.0035 0.004003% 0.0040
27 r2 0.0046 0.0036 0.0043 0.0039 0.0043 0.0048 0.0037 0.004®038 0.0045

r3 0.0042 0.0032 0.0039 0.0035 0.0039 0.0043 0.0033 0.004D035 0.0041
r4 0.0050 0.0039 0.0048 0.0044 0.0048 0.0054 0.0041 0.005D048 0.0052
30 rl 0.0042 0.0032 0.0036 0.0032 0.0036 0.0041 0.0032 6.003.0032 0.0036

Table 5: Risk of the reliability function under GELF for specified ualof loss paramete¥ using Prior 1 and Prior 2 respectively.

6=0.5 0=-0.5
Rw Rea Res Rec1 Rea2 Rwm Rea Res Rea1 Rea2
rl 0.0106 0.0071 0.0097 0.0071 0.0097 0.0121 0.0079 0.0110079 0.0110
r2 0.0198 0.0133 0.0177 0.0133 0.0177 0.0234 0.0153 0.020©158 0.0206

m RI

12 r3 0.0207 0.0140 0.0185 0.0140 0.0185 0.0245 0.0160 0.021©160 0.0216
r4 0.0265 0.0179 0.0235 0.0179 0.0235 0.0319 0.0208 0.0280208 0.0280
rl 0.0057 0.0041 0.0055 0.0041 0.0055 0.0063 0.0045 0.006004% 0.0060
15 r2 0.0125 0.0090 0.0117 0.0090 0.0117 0.0143 0.0101 0.013410D0 0.0134
r3 0.0119 0.0086 0.0112 0.0086 0.0112 0.0137 0.0096 0.0128096 0.0128
r4 0.0180 0.0130 0.0167 0.0130 0.0167 0.0211 0.0148 0.0194€148 0.0194
rl 0.0038 0.0029 0.0037 0.0029 0.0037 0.0042 0.0031 0.004003D 0.0041
18 r2 0.0081 0.0061 0.0079 0.0061 0.0079 0.0091 0.0068 0.008®068 0.0088
r3 0.0084 0.0064 0.0081 0.0064 0.0081 0.0095 0.0071 0.009007D 0.0091
r4 0.0117 0.0089 0.0113 0.0089 0.0113 0.0134 0.0100 0.012®100 0.0128
rl 0.0023 0.0018 0.0021 0.0018 0.0021 0.0024 0.0018 0.002»018 0.0022
o4 r2 0.0034 0.0027 0.0033 0.0027 0.0033 0.0036 0.0029 0.003®029 0.0036
r3 0.0035 0.0028 0.0035 0.0028 0.0035 0.0038 0.0030 0.0038030 0.0038
r4 0.0044 0.0036 0.0044 0.0036 0.0044 0.0048 0.0039 0.0048039 0.0048
rl 0.0022 0.0017 0.0020 0.0017 0.0020 0.0023 0.0017 0.002001D 0.0020
27 r2 0.0024 0.0019 0.0022 0.0019 0.0022 0.0025 0.0020 0.0026€020 0.0024

r3 0.0021 0.0017 0.0020 0.0017 0.0020 0.0022 0.0018 0.0020018 0.0021
r4 0.0027 0.0021 0.0026 0.0021 0.0026 0.0028 0.0022 0.002D02® 0.0027
30 rl1 0.0020 0.0015 0.0017 0.0015 0.0017 0.0020 0.0015 8.000.0015 0.0018
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Table 6: Risk of the hazard function under GELF for specified valueoglparameted using Prior 1 and Prior 2 respectively.

m R 5=0.5 6=-0.5
Hwm Hes Heo Hecr  Hea2 Hwm Hes Hes Hect  Hea
rl  0.0107 0.0067 0.0097 0.0078 0.0101 0.0121 0.0074 0.010®078 0.0110
12 r2 0.0175 0.0117 0.0158 0.0131 0.0162 0.0202 0.0133 0.0182138 0.0183
r3 0.0182 0.0123 0.0165 0.0137 0.0169 0.0211 0.0139 0.0190149 0.0191
r4 0.0218 0.0152 0.0199 0.0165 0.0202 0.0255 0.0174 0.0230179 0.0232
rl 0.0067 0.0044 0.0061 0.0050 0.0063 0.0073 0.0047 0.0060049 0.0068
15 r2 0.0124 0.0086 0.0116 0.0096 0.0119 0.0141 0.0096 0.013D100 0.0132
r3 0.0119 0.0082 0.0111 0.0092 0.0114 0.0135 0.0091 0.0122096 0.0127
r4 0.0165 0.0118 0.0154 0.0129 0.0157 0.0189 0.0133 0.0179138 0.0177
rl  0.0050 0.0035 0.0046 0.0038 0.0046 0.0053 0.0036 0.0049038 0.0050
18 r2 0.0088 0.0062 0.0084 0.0070 0.0086 0.0098 0.0069 0.009407D 0.0094
r3 0.0090 0.0064 0.0086 0.0072 0.0088 0.0100 0.0071 0.0099078 0.0096
r4 0.0117 0.0086 0.0112 0.0095 0.0114 0.0133 0.0096 0.012P099H 0.0128
rl 0.0043 0.0033 0.0036 0.0030 0.0034 0.0042 0.0032 0.003®03D 0.0036
o4 r2 0.0045 0.0034 0.0043 0.0036 0.0043 0.0048 0.0036 0.0046036 0.0046
r3 0.0048 0.0036 0.0045 0.0038 0.0045 0.0051 0.0038 0.004®038 0.0048
r4 0.0057 0.0043 0.0054 0.0046 0.0054 0.0061 0.0045 0.0058046 0.0058
rl 0.0048 0.0037 0.0040 0.0033 0.0037 0.0045 0.0035 0.0038036 0.0037
27 r2 0.0041 0.0032 0.0036 0.0031 0.0035 0.0041 0.0032 0.003P03D 0.0036
r3 0.0036 0.0028 0.0032 0.0027 0.0032 0.0036 0.0028 0.003®028 0.0033
r4 0.0042 0.0032 0.0038 0.0032 0.0037 0.0043 0.0033 0.0039038 0.0039
30 r1 0.0046 0.0037 0.0039 0.0032 0.0036 0.0042 0.0034 6.003.0033 0.0036

Table 7: Risk of the parametan, reliability function, hazard function and correspondinterval estimates under Prior O

m R MLE Risk Under SELF Asymptotic interval
am Rwm Hi 0w OBz Rew Reco Heo  Heao aL ay Length
rl 0.1764 0.0060 0.0279 0.1953 0.2089 0.0069 0.0070 0.033031P» 1.0034 2.5863 1.5829
18 r2 03171 0.0117 0.0435 0.3193 0.3516 0.0125 0.0127 0.0409458 0.8642 2.2258 1.3617
r3 0.3231 0.0120 0.0438 0.3161 0.3499 0.0124 0.0125 0.0402459 0.8587 2.2169 1.3582
r4 0.4245 0.0162 0.0553 0.4274 0.4632 0.0170 0.0172 0.0529588 0.7976 2.05902 1.2614
rl 0.1460 0.0042 0.0302 0.1481 0.1419 0.0042 0.0041 0.037®9300 1.2171 2.7431 1.5260
24 r2 0.1602 0.0054 0.0259 0.1563 0.1640 0.0054 0.0054 0.026D259 1.1148 2.5133 1.3985
r3 0.1682 0.0056 0.0274 0.1710 0.1793 0.0060 0.0060 0.028D279 1.1044 2.4854 1.3810
r4 0.2009 0.0069 0.0325 0.1884 0.2007 0.0068 0.0068 0.028p299 1.0710 2.4112 1.3402
30 rl1 0.1532 0.0039 0.0384 0.1631 0.1502 0.0040 0.0040 1©.046.0362 1.3632 2.8056 1.4424
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Table 8: Table represents the risk of the estimators under GELF Wiy O.

0=0.5 6=-0.5
m RI
am By aBco am aBy aBco
rl 0.0069 0.0077 0.0093 0.0086 0.0086 0.0092
r2 0.0140 0.0143 0.0173 0.0167 0.0167 0.0179

18 r3 0.0144 0.0140 0.0170 0.0162 0.0162 0.0174
r4 0.0198 0.0199 0.0236 0.0236 0.0236 0.0251
rl 0.0046 0.0046 0.0050 0.0047 0.0047 0.0049
24 r2 0.0061 0.0059 0.0069 0.0064 0.0064 0.0068

r3 0.0064 0.0066 0.0078 0.0073 0.0073 0.0078
r4 0.0080 0.0075 0.0089 0.0084 0.0084 0.0089
30 rl 0.0042 0.0045 0.0045 0.0044 0.0044 0.0044
Reliability Function
m_ RI Rm Reg Reco Rw Ren Reco
rl 0.0038 0.0045 0.0045 0.0047 0.0050 0.0050
r2 0.0081 0.0088 0.0088 0.0094 0.0100 0.0100

18 r3 0.0084 0.0086 0.0086 0.0091 0.0097 0.0097
r4 0.0117 0.0124 0.0124 0.0134 0.0142 0.0142
rl 0.0023 0.0024 0.0024 0.0024 0.0025 0.0025
24 r2 0.0034 0.0034 0.0034 0.0034 0.0036 0.0036

r3 0.0035 0.0039 0.0039 0.0040 0.0042 0.0042
r4 0.0044 0.0044 0.0044 0.0046 0.0048 0.0048
30 r 0.0020 0.0021 0.0021 0.0021 0.0021 0.0021
Hazard Function
m Rl Hwm Heo Hsco  Hwm Heo Hesco
rl 0.0050 0.0055 0.0056 0.0059 0.0057 0.0058
r2 0.0088 0.0083 0.0092 0.0099 0.0092 0.0096
r3 0.0090 0.0082 0.0092 0.0098 0.0091 0.0095
r4 0.0117 0.0111 0.0122 0.0134 0.0126 0.0130
rl 0.0043 0.0047 0.0042 0.0042 0.0045 0.0043
r2 0.0045 0.0044 0.0045 0.0047 0.0045 0.0046
24 r3 0.0048 0.0047 0.0049 0.0051 0.0050 0.0051
r4 0.0057 0.0051 0.0055 0.0057 0.0054 0.0056
30 r 0.0046 0.0054 0.0046 0.0045 0.0049 0.0047

18

Table 9: Table represents the estimate of the estimators under Sad.E@responding interval estimates for Data Set | whenahctu
reliability and hazard function at T=8 are 0.3127107 and 81D16 respectively.

) Interval Estimates of the parameter
MLE Estimates Under SELF Asymptotic interval pHPD Interval
Jeffrey Prior Jeffrey Prior
am Rm Hwm aBg Reo Heo a. ay
5*2,0*38 42751 0.4140 0.2753 4.3035 0.4141 0.2787 2.9501608 2.6500 3.0318 5.5598 2.5281
40 0%19,5*2,0*19 2.6382 0.2809 0.2041 2.6450 0.2806 0.20498205 3.4559 1.6353 1.8657 3.4609 1.5951
0*38,5*2 2.3808 0.2574 0.1946 2.3753 0.2561 0.1948 1.6429118F 1.4758 1.6738 3.0889 1.4151
5*5,0*20 3.7625 0.3752 0.2508 3.7473 0.3713 0.2524 2.287%237 2.9501 2.5317 5.3820 2.8504
25 0%*10,5%5,0*10 2.1295 0.2337 0.1858 2.1468 0.2342 0.18702946 3.9643 2.6697 1.2764 3.9305 2.6542
0*20,5*5 1.7693 0.1984 0.1738 1.7761 0.1983 0.1744 1.0757462% 2.3873 1.1145 3.4870 2.3724
7*5,0*10 3.6483 0.3662 0.2456 3.6605 0.3631 0.2495 1.8018494y 3.6929 2.0927 5.6611 3.5684
15  0*5,7*5,0*5 1.7042 0.1919 0.1717 1.7047 0.1906 0.1723 D784 3.5667 2.7250 0.8785 3.5366 2.6580
0*10,7*5 1.3458 0.1548 0.1607 1.3428 0.1537 0.1609 0.6646056® 2.3922 0.7191 3.0949 2.3758

m Schemes

aL Gy Length Length
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Table 10: Estimates of the parameter, reliability function and hdZanction under GELF for different variation of loss pardere,
censoring scheme and m for fixed values of n=50 when data Insidered where actual reliability and hazard function a8 &are
0.3127107 and 0.2181016 respectively.

Estimates Under GELF

m o) Removals Under estimation(-ve) Over estimation(+ve)

0so Reeo Heew @Be Reeo  Hemo
5*2,0*38 43289 0.4141 0.2797 4.1678 0.4137 0.2734
(-1.5,1.5) 0*19,5*2,0*19 2.6613 0.2806 0.2052 2.5458 0.2792 0.2028
0*38,5*2 2.3893 0.2561 0.1951 2.3002 0.2558 0.1936
5*2,0*38 42974 0.4136 0.2784 4.1755 0.4126 0.2737
40 (-1.0,1.0) 0*19,5*2,0*19 2.6286 0.2791 0.2043 2.5695 0.2792 0.2032
0*38,5*2 2.3822 0.2568 0.1951 2.3287 0.2574 0.1944
5*2,0*38 4.2406 0.4113 0.2758 4.1830 0.4113 0.2738
(-0.5,0.5) 0*19,5*2,0*19 2.6368 0.2813 0.2049 2.5831 0.2794 0.2035
0*38,5*2 2.3417 0.2543 0.1939 2.3183 0.2551 0.1938
5*5,0%20 3.7848 0.3713 0.2537 3.5429 0.3703 0.2460
(-1.5,1.5) 0*10,5*5,0*10 2.1695 0.2342 0.1873 2.0279 0.2336 0.1852
0*20,5*5 1.7941 0.1983 0.1746 1.6732 0.1966 0.1729
5*5,0%20 3.7567 0.3720 0.2528 3.6029 0.3715 0.2479
25 (-1.0,1.0) 0*10,5*5,0*10 2.1266 0.2324 0.1862 2.0399 0.2327 0.1852
0*20,5*5 1.7627 0.1970 0.1740 1.6891 0.1969 0.1732
5*5,0%20 3.7115 0.3714 0.2514 3.6613 0.3734 0.2501
(-0.5,0.5) 0*10,5*5,0*10 2.1072 0.2326 0.1861 2.0618 0.2319 0.1852
0*20,5*5 1.7471 0.1971 0.1738 1.7141 0.1974 0.1735
7%5,010 3.7163 0.3631 0.2513 3.4101 0.3668 0.2430
(-1.5,1.5) 0*5,7*5,0*5 1.7340 0.1906 0.1727 1.5693 0.1922 0.1713
0*10,7*5 1.3649 0.1537 0.1611 1.2258 0.1538 0.1601
7%5,0*10 3.6909 0.3652 0.2511 3.4015 0.3621 0.2420
15 (-1.0,1.0) 0*5,7*5,0*5 1.7188 0.1921 0.1728 1.6068 0.1917 0.1715
0*10,7*5 1.3486 0.1543 0.1611 1.2718 0.1556 0.1608
7*5,0%10 3.5853 0.3617 0.2471 3.4528 0.3612 0.2433
(-0.5,0.5)  0*5,7*5,0*5 1.6743 0.1906 0.1720 1.6267 0.1911 0.1716
0*10,7*5 1.3198 0.1537 0.1607 1.2823 0.1543 0.1606

Table 11: Table represents the estimates of the estimators under &#d Eorresponding interval estimates for Data Set Il

m Scheme

MLE

Estimates Under SELF

Interval Estimates of the parameter

Asymptotic interval

HPD Interval

Jeffrey Prior R R Jeffrey Prior
an Ru i Ton Res  Fog aL ay Length B & Length

72 0*72 60.097 0.587 0.054 60.103 0.585 0.054 46.214 73.980.768 46.897 74.118 27.221
2*11,0*39 75.710 0.672 0.074 76.116 0.670 0.077 54.722 9¥.641.976 57.228 98.353 41.126

50 1*22,0*28 69.267 0.639 0.065 69.543 0.637 0.067 50.065 @%88.438.404 52.055 89.305 37.250
1*8,0*14,1%6,0*14,1*8 59.369 0.582 0.053 59.081 0.577 530 42.911 75.827 32916 42.142 74496 32.354
2*16,0*24 75.318 0.670 0.074 75.399 0.665 0.076 51.974 628.646.687 54.691 100.033 45.342

40 1*32,0*8 62.827 0.603 0.057 62.819 0.599 0.058 43.355 &.2®88.944 44816 82.032 37.216
2*4,0*8,2%4,0*8,2*4,0*8,2*4  61.705 0.596 0.055 62.021 504 0.057 42.581 80.830 38.249 43.660 82.728 39.068
4*13,0%7 67.242 0.628 0.062 67.678 0.621 0.066 37.769 ®6.758.946 39.736 97.339 57.603

20 13,0*8,13*2,0*8,13 50.188 0.581 0.053 59.040 0.572 0.0553.28 85.130 51.886 34.373 85.402 51.029
0*7,13*2,0*10,26 37.544 0.424 0.033 37.736 0.422 0.034 024. 54.000 32.912 23.149 56.114 32.965
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Table 12: Estimates of the parameter under GELF for different vasiatf loss paramete¥, censoring scheme and m for fixed values
of n=50 when data Il is considered.
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