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Abstract: In this paper, the maximum likelihood and Bayesian estimations are developed based on generalized progressive hybrid
censoring sample from the Pareto distribution. The Bayesian estimates are computed under three different loss functions. Also, the point
and interval Bayesian predictions for unobserved failures from the same sample and that from the future sample are derived. Moreover,
a Monte Carlo simulation study is carried out to compare the performance of the maximum likelihood and Bayesian estimates. Finally,
numerical example is presented for illustrating all the inferential procedures developed here.
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1 Introdction

Consider an experiment in which n units are placed on life test. In progressive censoring schemes, m units complete
failures are going to be observed. When the first failure is observed, R of the n — 1 surviving units are randomly selected
and removed. At the second observed failure, R, of the n — Ry — 2 surviving units are randomly selected and removed. The
experiment finally terminates at the time of the m'" failure when all remaining R, =n—R; — ... — R;,—1 —m surviving
units are removed. The censoring numbers {R;,i = 1,..,m — 1} are prefixed. We will denote the m ordered failure times

m
thus observed by Xi.:n, - -« s Ximen. It is evident that n = m+ Y Ry. The resulting m ordered values which are obtained
k=1
from this type of censoring are referred to as progressively Type-II right censored order statistics. Several authors have
studied progressive Type-II censoring and properties of order statistics arising from such a progressively censored life
test. Some key references are Aggarwala and Balakrishnan [1], Cramer and Iliopoulos [2], Ragab et al. [3], Mohie El-Din
and Shafay [4], and Balakrishnan and Cohen [5].

The disadvantages of the progressive Type-II censoring scheme are that the time of the experiment can be very long
if the units are highly reliable. Therefore, Kundu and Joarder [6] and Childs et al. [7] proposed a progressive hybrid
censoring scheme (PHCS), in this life-testing the experiment is terminated at time min{Xy.u:n, T}, Where T € (0,0)
pre-fixed in advance. Under PHCS, the time on experiment will be no more than 7. Some recent studies on PHCS have
been carried out by many authors including Lin et al. [8], Lin and Huang. [9], and Hemmati and Khorram [10]. On the
other hand, the disadvantages of the PHCS is that it cannot be applied when very few failures may occur before time
T. For this reason, Cho et al. [11] propose a generalized PHCS which allows us to observe a pre-specified number of
failures. So, the certain number of failures and their lifetimes are always provided under the generalized PHCS. The life-
testing experiment based on this censoring scheme can save both the total time on tests and the cost induced by failures
of the units. Moreover, the efficiency of statistical estimation is increased due to more failed observations. The detailed
description and its advantages will be described in the next section.
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In this paper, the underlying distribution is assumed to be the Pareto distribution which introduced by Pareto [12] as
a model for the distribution of income, with the probability density function (PDF) and cumulative distribution function
(CDF) given by

(a+1)
.ﬂﬂmﬁw=%(9) x> B, )

X

and

ﬁ o
Fulap)=1- (). @
where oo >0 and 8 > 0.

In recent years, its models in several different forms have been studied by many authors including Davis and
Feldstein[13], Cohen and Whitten[14], and Grimshaw [15].

The rest of this paper is organized as follows. In Section 2, the description of the model of the generalized PHCS is
presented. The maximum likelihood (ML) estimator and the Bayesian estimator under the squared error loss function for
the unknown parameters are derived in Section 3. In Section 4, we derive the Bayesian prediction for the failure times of all
units that are removed in all stages of censoring. Bayesian prediction for progressive order statistics from an unobserved
future sample from the same distribution is derived in Section 5. Finally, in Section 6, a Monte Carlo simulation study
is carried out to compare the performance of the ML and Bayesian estimates, for illustrating all the inferential methods
developed here, numerical example is then presented.

2 The Model Description

Consider a life-testing experiment in which n identical units are put on test. Assume that X;,X5,....X, denote the
corresponding lifetimes from a distribution with CDF F(x|a,3) and PDF f(x|a,f3). Generalized PHCS may be
described as follows. For T € (0,) and integers k,m € {l1,2,...,n} are pre-fixed such that k < m with
R = (R1,Ry,...,R;) is also pre-fixed integers satisfying n = m+ Ry + ... + Ry,. At the time of first failure, R; of the
remaining units are randomly removed. Similarly at the time of the second failure R;, of the remaining units are removed
and so on. This process continues until, immediately following the terminated time 7* = max{Xy. .., min{ Xm0, T } }, at
this time all the remaining units are removed from the experiment. This generalized PHCS modifies PHCS by allowing
the experiment to continue beyond time 7 if very few failures had been observed up to time 7. Under this scheme, the
experimenter would ideally like to observe m failures, but is willing to accept a bare minimum of k failures. Let D denote
the number of observed failures up to time 7 (see Fig. 1).

Casel: T < Xﬁml:u = Xlillill:ll D

g e

N Xi:mm XZ-:mm XD:-m:n T‘ XD+1:n )5( n i
Case 2: Xlr:m:u =T< Xm:m:u D
R R, Ry Ry Ri=n—-D- Y R
/ /‘ /‘ / /‘ =
. X:l:m:n XZ::mn Xk::ra:ra XD-:mm T .
case 3! Xpgnm < Xoomen =T
/R, R, Ry Ry,
- X:l‘::nm XZ‘:.mm Xk::n:n XP’:‘?’?!‘?! .;; "

Fig. 1. Schematic representation of generalized progressive hybrid censoring scheme

Under generalized PHCS described above, we have one of the following types of observations:

1.Suppose that the k" failure occurs after T, then the experiment terminates at Xj.,., and we will observe { X, < ... <
Xk:m:n}-
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2.Suppose that the k' failure occurs before 7' and the m'" failure occurs after T, then the experiment terminates at T
and we will observe { X mm < . < Xpmen < Xp1:n < oo < Xpin }-

3.Suppose that the m'" failure occurs before T, then the experiment terminates at Xy.:, and we will observe {Xj .., <
. < Xk:m:n < Xk+1:n <...< Xm:m:n}-

Given a generalized PHCS, the joint density function for three different cases are as follows:

D¥ m o N
[HZ(RHl Hf xipen) [F (ipen)] [F(T)]), 3)

i=1 j=i

where
kif T < Xk:m:n < Xm:m:m
D" = D if Xk:m:n < T< Xm:m:n; (4)
m i Xy < Xipomen < T,

D
R17 ve 7RD707 aOaRZ =n—k— Z Rj) if7T < Xk:m:n < Xm:m:m
R = =) 5)
(Rl PR aRD) 1f Xk:m:n <T< Xm:m:na
(Rh cee ;Rm) if Xiemen < Xppmen < T,
with R} is the number of surviving units that are removed at T, given by
0 if T < Xiemn < Ximemens
D
Ri; =qn—-D- Z Rj if Xjyn < T < Xonmens (6)
=1
0 ika:m:n < X < T,

and
(xlzm:m ---axk:m:n) %f T < Xk:m:n < Xm:m:n,
X= (xl:m:m ---axD:m:n) %ka:m:n < T <Xpmn, @)
(xlzm:m ---axm:m:n) if Xiemen < Xppemen < T.
Upon using (2) and (1) in (3), the likelihood function of o, based on generalized PHCS can be obtained as

D*

(a,B|x) = lni (R5+1)

i=1 j=i

(H,%) exp{—a[W (x) - ninp]} ®

i=1"1
*

where W (x) = ¥ (R} + 1)Inx; + R;InT and x; = x;.p+., for simplicity of notation.
i=1

3 The ML and Bayesian Estimations

In this section, we derive the ML and Bayesian estimators of the unknown parameters o and 3. It is clear that the likelihood

function is monotone increasing function in 3, so its maximum value f33;; will be attained at the minimum value x; of 3.
From (8), The log-likelihood function of (a, ) is given by

In[L(et,B|x)] = const.+D*Ina — o [W (x) —nln ], )

to maximize relative to « , differentiate (9) with respect to & and solve the equation

oin((@Blx) _,
da ’
and the ML estimator 04y, of ¢ is then obtained as
~ D*
Ay = ———. 10
ML W (x) — nlnx, (10)
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The observed Fisher information matrix of the parameters o and f3 is given by

_PL(aply) _ PinLapl
dad

~ o\ 02
I(a,B) = 782lnL?a,B\§) 782ln£‘(aéﬁ\x) (1n
IpIa ap2 (a.5)
where
9?InL(a,Blx) D d?InL(a,Blx) LI d?InL(a,Blx) _no
202 o2 dadp B " gz B

and a 100(1 — y)% two-sided approximate confidence intervals for the parameters o and f3 are then

(a—zy/z,/V(a),aﬂm V(a)) (12)
<Bzy/z v (B).B+z V(B)> (13)

respectively, where V (&) and V (E ) are the estimated variances of O, and EML, which are given by the first and the

and

second, diagonal element of I~ ! (@, 8), and z,, is the upper (y/2) percentile of standard normal distribution.

For the Bayesian estimations, under the assumption that both parameters ¢ and 8 are unknown, we may consider the
joint prior density function of o and 3 which was suggested by Lwin [16] and generalized by Arnold and Press [17]. The
generalized Lwin prior or the power-gamma prior is given by

n(a,B) o« a’B~lexp[—a(lng—bInB)], a>0,0< B <h, (14)

where a, b, g, h are positive constants and h” < g.
Upon combining (8) and (14), given generalized PHCS, the posterior density function of a, 8 is obtained as

7 (e ply) = L(e Bl w(@. )/ [ L(a.plx)x( B)dadp
=I"aP B lexp{—a[W (x) — (n+b)Inf +1Ing]}, (15)

where

X(Q oo

1= {{aD*JraﬁleXP{(X[W(X)(ner)lnﬁ +1Ing|}dodp

I'(D*+a -
:%[W(X)*(ner)lnxojL]ng] (D" +a)

with xo = min(x, g).
If qS is the estimator of the parameter ¢, then the squared error loss function (SEL) is defined as,

Li(9,6)= (9 —9)*, (16)
then, the Bayesian estimate for a function u(c, 3) under the loss function L, is the posterior mean and given by,

i(e, B)ps = Elu(a, B)lx] (17
// (a,B)r*(a, Blx)dadB.
00

The LINEX loss function for ¢ and ¢ is given by,

~

Lr(9,6) ="~ —v(§—9)— 1,0 £0, (18)
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then, the Bayes estimate for the function of parameters u (o, ) under the loss function L, is given as,

a(a, B = —%m (BB,

X oo

1
= -5 //e*huwvﬁ)n*(a,mg)dadﬁ . (19)
00
Also, the generalized entropy loss function (GE) defined as,
5 — (Pye o9y —
L3(¢7¢)_(¢) K'll’l(¢) ],K#O, (20)

and the corresponding Bayesian estimate for u(ot, §) is given by,

(o, B)se = (E[(u(e, ) <)) 7V/*,

X() oo 71/1(

| [we.p) *w (@ pdoap | . en
00

By using (15), the Bayesian estimator of o under the squared error loss function is the mean of the posterior density
function, given by

X) oo

aus = | [ an’ (a.pldadp
00

D*+a
= 22
W(x)— (n+b)lnxg+Ing’ @2)

and the Bayesian estimator of 8 under the squared error loss function is obtained as

X( oo

Bos = [ [ (@ Bix)dcap

00

aPta
:Iqxo/mexp{ftx[W(g)f(n+b)lnxo+lng]}d(x

I

)[W( ) (n+b)1nx0+1ng] (D*+a)

Jr

" lD tag—t

/ dt
, —(n+b)Inxg+1ng]/(n+Db)

0 . [W(x) — (n+b)Inxp+1Ing]
Fi(mﬁ(') ra e ),

(23)

where

Tt
@(x,y):/tj_ dt
0 y

A partial tabulation of y(x,y) = (y/I"(x))® (x — 1,y) has been provided by Arnold and Press [17].
The Bayesian estimator of & and § under the LINEX loss function are obtained, respectively, as

-1 [Wh (x) — (n+b)Inxg + Ing] P+
o = —In -
[Ws (x) — (n+b)Inxg + Ing + ]

5 (24)

- T +a+1)
B = —111 I D +a+ exp(—vf)

0

X W2 (x) — (n+b)InB +Ing] "V ap}. 25)
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The Bayesian estimator of o and 8 under the GE loss function are obtained, respectively, as

~ I'(D*+a—x)[W, (X)*(ner)lnonrlng](D*“) *
OpE = - : (26)
I'(D*+a) W, (x) — (n+b)Inxg +1Ing| (D*+a—x)
X0 . %
Be = 11/% Wa (x) — (n+b)In B +Ing] P+ Vap ¢ . 27)
0

The marginal posterior distributions 7 (¢t|x) and 75 (B|x) of the parameters o and 8 can be computed and written,
respectively, as

X0

mi (arfx) :Ifl/OCDM“ﬁ*leXP{*OC[W(X)*(n+b)lnﬁ +Ing|}dp
0
—1 D" +a—1
= [((;Texp{—a[W (x) — (n+D)Inxg +1Ing|}

and

w5 (Bix) =17 [a” B exp{~aW (x) ~ (n-+b)inp -+ Ingl}da
0

_I''r(D*+a+1)
a B

In Bayesian statistics, we use the posterior distribution to determine Bayesian confidence intervals. Bayesian
confidence intervals are also called credible intervals in order to make clear the distinction between the interpretation of
Bayesian confidence intervals and classical confidence intervals. An interval (L,U) is a 100(1 — y)% credible interval for
parameter 0 (0 is o or B) if

{W(x) — (n+b)Inf +1Ing]} P+t

U
[ (6ldo =17 28)
L
and the 100(1 — 7)% HPD interval (L,U) for the parameter 6 is given by the simultaneous solution of the equations

U
[ (6Ix)d6 =1~y and w*(Llx) = 7" (U]x) (29)
L

If 7%(6|x) is unimodal, then the shortest interval will happen at the two quantiles @ and b such that 7% (a|x) = 7" (b|x).
So the HPD interval is basically the shortest interval for some given confidence level.

4 One-Sample Bayesian Prediction

Forp =1,2,...,Rj, let X,.g- denote the p'" order statistic out of R; removed units at stage j. Then, the conditional density

function of XP:R;, given the observed generalized PHCS, is given, see Basak et al. [18], by

RY! F(x)—F(x)P ' [1—F(x)fi—°
f(Xp:R’f|§) _ f(x|§) _ 'J - ' [ (x) (xj)] [ R*(X)] f(x), x> xj, (30)
I (p—NR;—p)! [1—F(x;)]%
where
1; "'7k itT < Xk:m:n < Xm:m:m
Jj= LD, 7 if Xpgmen < T < Xpgmens
Loom it X < Xpmen < T,
withx; =T.
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By using (2) and (1) in (30), given generalized PHCS, the conditional density function of X,,. R is then given as follows:

p—1
= Zngexp{—a[wq(lnx—lnxj)]}, x> xj, (3D
g=0 ¥

fx]x)

(D7(°, )R;! "
Wherqu: W;**P)' and&fq:quijerlforq:O,...,pf 1.
(R} !

Upon combining (15) and (31), the Bayesian predictive density function of X),. RS> given generalized PHCS, is obtained
as

X) oo

7o) = [ [ £om (o Blx)dadp
00

_r'ror+a+ )G

—(D*+a+1
wih) X Wb +ing @y (nx—inx) el
(32)
The Bayesian predictive survival function of XP:R;, given generalized PHCS, is given as
Friel) = [ £ (lx)ax
.l
I"'r(p*+a)? C N
_ D' +a)§ G W (x)— (n+b)Inxg+1ng + @, (lntflnxj)]f(D +a) (33)

(n+b) =0

The Bayesian point predictor of X,,.z« under the squared error loss function is the mean of the predictive density, given
y p:R; y
by

Koy = [ of (dx)a (34)
0

where f*(x|x) is given as in (32). The Bayesian predictive bounds of 100(1 — )% two-sided equi-tailed (ET) interval for
XP:R; can be obtained by solving the following two equations:

F*(LET|§):%/ and  F*(Upr|x) = f%’, (35)

where F* (t]x) is given as in (33), and Lg7 and Ugr denote the lower and upper bounds, respectively. On the other hand,
for the highest posterior density (HPD) method, the following two equations need to be solved:

F*(Lygpp|x) — F*(Unupplx) =1—7y

and
f*(Lupp|X) — f*(Unpp|x) =0,

where f*(x|x) is as in (32), and Lypp and Uypp denote the HPD lower and upper bounds, respectively.

S Two-Sample Bayesian Prediction

Let Yio.n < Yoy < ... < Yppn be a future independent progressive Type-II censored sample from the same population
with censoring scheme S = (S, ...,S/). In this section, we develop a general procedure for deriving the point and interval
predictions for Y;.p.y, 1 < s </, based on the observed generalized PHCS. The marginal density function of Y;..y is given
by Balakrishnan et al. [19] as

s—1
Frron O5) = ¢ N8) ¥ e [T = FOu)I " 1), (36)
g=0
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where 1 <s<p, C(N,S) :N(N—Sl — 1) (N*S[... — S 1+ 1), Mq,s =N-—-81—... 7Ss7qfl —s+qg-+1, and Cgs—1=
q s—q+tu—1 s—qg—1s—g—1 -1
cof (75 o] [ E sen) )
u=1 V=s—¢q u=1 vV=u
Upon substituting (2) and (1) in (36), the marginal density function of Y;.p.y is then obtained as
© o Vs
Sroon s) =c(N,s) Z Cqs—1— exp{—oc [Mq’s In <—)] } , ys > 0. (37)
4=0 Vs ﬁ
Upon combining (15) and (37), given generalized PHCS, the Bayesian predictive density function of Y.y is obtained
as
% fl*Y (ys|§)v 0 < ys < xo,
Sy slX) = 470 (38)
L VN N,
where
Vs oo
B 059 = [ [ fr o) (0. Blx)dad
00
1 = Cq,s—1
=1 'I'(D*+a+1)c(N,s —_—
( )l )q;)<n+b+Mq,s>ys
X [W (x) = (n+b) Iny, +1Ing] P+, (39)
and
X) oo
fZ*YY[N (ys|§) = //st[N (yY|X)7r*(aa ﬁ |§)dadﬁ
00
1 = Cq,s—1
=I"'I'(D*+a+1)c(N,s —_—
( ) ( )qzz:() (n+b+Mq,s)ys
X [W (x) — (n+ b+ M, ) Inxg + M, Iny, + Ing]~ P ++1). (40)
From (38), we simply obtain the predictive survival function of Y.s.5, given generalized PHCS, as
_ Fro (¢ 0<r<
B (e = T8 00 =0 @)
o FZYS:[:N (t|§)’ t> X0,
where
X0 oo
P19 = [ B 0ot [ iy ()
t X0
1 = Cq5—-1
=1"'T'(D*+a)c(N,s .
( Je( );)(n+b)(n+b+Mq,s)Mq,s
X {(n b+ M,) W (x) — (n+b)Inxg+Ing] @+
— My [W (x) = (n+ b)Ins + Ing] "2+ } (42)
and
P 15) = [ Fi Ol
t
1 o Cq,5—1
=1 "T'(D*+a)c(N,s .
O +a)eM9) B et s
X W (X) — (n+b+M, ) Inxg+ M, s Int +1Ing] P+ (43)

© 2019 NSP
Natural Sciences Publishing Cor.



J. Stat. Appl. Pro. Lett. 6, No. 2, 61-79 (2019) / www.naturalspublishing.com/Journals.asp NS e 69

The Bayesian point predictor of Y.y, I < s < m, under the squared error loss function is the mean of the predictive
density, given by

/);s:[:N = /YSf)Z,:[:N(YSB)dyw (44)
0

where fi_m (ys]x) is given as in (38).

6 Numerical Results

6.1 Monte Carlo Simulation

In this section, a Monte Carlo simulation study is carried out to compare the performance of the ML and the Bayesian
estimates under different sampling schemes. We used different values for n, m, k and T to generate 1000 generalized
progressive hybrid censored samples from the Pareto distribution (with & =2 and 8 = 5). For comparison, we computed
the estimated risk (ER) for each estimate by using the root mean square error and also computed the estimated bias
(EB) for each estimate. Tables 1 and 2 present the values of EB and ER of the ML and Bayesian estimates for o and
B, respectively. Also, we computed the 95% confidence intervals and Bayes credible intervals for o and 8 and checked
whether the true values lay within the interval and recorded width of the interval. The estimated coverage probability was
computed as the number of intervals that covered the true values divided by 1000, whereas the estimated expected width
of the intervals was computed as the sum of the widths for all intervals divided by 1000. Tables 3 and 4 present the average

width (A.W.) of 95% confidence intervals and corresponding coverage portability (C.P.) for & and B , respectively.
We perform a Monte Carlo Simulation study using different sample sizes (n), different effective samples sizes (m,k)
and the following two censoring schemes

1.Scheme 1: R; = An—m) if i is odd and R; = 0 if i is even.

m

2.Scheme 2: R; = 2n—m) if i is even and R; = 0 if i is odd.

m

All Bayesian results are computed based on two different choices of the hyperparameters (a, b, g, 1), namely,

I.Informative prior (IP) : a=3,b=0.22, g =5.10 and & = 15.50 (by letting the mean of the marginal prior distribution
of & is 3 and its variance is 3, and the median of the marginal prior distribution of 8 is 5 and its third quartile is 10).
2.Noninformative prior (NIP) :a=—1,b=0,g=1and h = .

6.2 Numerical example

In this numerical example, we generated generalized progressive hybrid censoring data from a sample of size n = 25.
Suppose m = 15 and R = (0,0,2,0,0,2,0,0,2,0,0,2,0,0,2), then we would have the following generated data: 5.006,
5.103, 5.358, 5.400, 5.437, 5.492, 5.669, 5.670, 5.866, 5.916, 6.202, 6.289, 9.195, 11.293, and 13.180. We consider
different values for k and 7', then we have the following three different generalized HPCS:

1.Scheme 1: Suppose k = 10, T = 5.5, since T < Xjp:15:25, then the experiment would have terminated at Xjo.10:25,
with R* = (0,0,2,0,0,2,0,0,0,11), R =0, and we would have the following data: 5.006, 5.103, 5.358, 5.400, 5.437,
5.492,5.669, 5.670, 5.866, and 5.916.

2.Scheme 2: Suppose k = 10, T = 8, since Xjo:15:25 < T < Xis:15:25, then the experiment would have terminated at
T =8, with R* = (0,0,2,0,0,2,0,0,2,0,0,2), R: =5, and we would have the following data: 5.006, 5.103, 5.358,
5.400, 5.437,5.492, 5.669, 5.670, 5.866, 5.916, 6.202, and 6.289.

3.Scheme 3: Suppose k = 10, T = 15, since Xjs5.15.05 < T, then the experiment would have terminated at X5.15.05, with
R* =R, R; =0, and we would have the following data: 5.006, 5.103, 5.358, 5.400, 5.437, 5.492, 5.669, 5.670, 5.866,
5.916, 6.202, 6.289, 9.195, 11.293, and 13.180.

We assume these data to have come from Pareto distribution with o and 8 are unknown. Based on the above generated
generalized HPCS, Table 5 presents the point predictor and 95% ET and HPD prediction intervals of X,,. R and Table 6
presents the point predictor and 95% ET and HPD prediction intervals of Y.,y from the future progressive censored
sample of size ¢ = 10 from a sample of size N = 20 with progressive censoring scheme S = (1,1,0,0,2,1,0,2,1,2).
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Table 1: The values of ER of ML and Bayesian estimates for o based on the different censoring schemes.

ap
OBs BL OBE
(n,m, k) Sch. T omr, IP NIP IP NIP P NIP
(15,10,7) 1 5.5 13591 0.8776  1.0615 0.7445 0.8397 0.7480 0.9017
2 1.4467 0.8959 1.1351 0.7561 0.8829 0.7623  0.9604
(20,10,7) 1 1.1597 0.8021 09340 0.6978 0.7872 0.7017  0.8395
2 1.2498 0.8188 0.9796 0.6918 0.7892 0.6966  0.8467
(25,10,7) 1 1.1872 0.9393 1.0174 0.8666 0.9205 0.8661 0.9574
2 1.1704  0.9060 0.9716 0.8248 0.8559 0.8174 0.8942
(30,20,15) 1 0.7244 0.6016 0.6365 0.5406 0.5746 0.5447 0.5903
2 0.6932  0.5817 0.6057 0.5217 0.5471 0.5243  0.5608
(40,20,15) 1 0.7491 0.6177 0.6530 0.5525 0.5838 0.5560 0.5996
2 0.7550 0.6244 0.6607 0.5601 0.5932 0.5642 0.6087
(50,20,15) 1 0.7505 0.6301 0.6590 0.5689 0.5956 0.5718 0.6093
2 0.6939 0.5848 0.6042 0.5241 0.5451 0.5261 0.5575
(15,10,7) 1 6.5 1.2912 0.8337 1.0085 0.7073 0.7977 0.7106  0.8566
2 1.3744 0.8511 1.0783 0.7183 0.8387 0.7242 09124
(20,10,7) 1 1.1018 0.7620 0.8873  0.6629 0.7479 0.6666 0.7975
2 1.1873  0.7779 0.9307 0.6572 0.7497 0.6618 0.8044
(25,10,7) 1 1.1278 0.8923 0.9666 0.8232 0.8744 0.8228 0.9095
2 1.1118 0.8607 0.9230 0.7836 0.8131 0.7766  0.8495
(30,20,15) 1 0.6882 0.5715 0.6046 0.5136 0.5459 0.5174 0.5608
2 0.6585 0.5526 0.5755 0.4956 0.5197 0.4981 0.5328
(40,20,15) 1 0.7116  0.5868 0.6203  0.5249 0.5546 0.5282 0.5696
2 0.7172  0.5932 0.6276  0.5321 0.5635 0.5360 0.5782
(50,20,15) 1 0.7129  0.5986 0.6260 0.5404 0.5658 0.5432 0.5789
2 0.6592 0.5556 0.5740 0.4979 0.5179 0.4998 0.5296
(15,10,7) 1 8 1.2504 0.8074 0.9766 0.6849 0.7725 0.6881 0.8296
2 1.3310 0.8242 1.0443 0.6957 0.8122 0.7013  0.8836
(20,10,7) 1 1.0670  0.7379 0.8592 0.6419 0.7242 0.6456 0.7724
2 1.1498 0.7533 09013 0.6364 0.7261 0.6409 0.7790
(25,10,7) 1 1.0922  0.8641 0.9360 0.7972 0.8468 0.7969  0.8808
2 1.0767 0.8335 0.8939 0.7588 0.7874 0.7520 0.8226
(30,20,15) 1 0.6664 0.5534 0.5855 0.4974 0.5286 0.5011 0.5430
2 0.6377 0.5351 0.5573 0.4800 0.5033 0.4823 0.5159
(40,20,15) 1 0.6892 0.5682 0.6007 0.5083 0.5371 0.5115 0.5517
2 0.6946 0.5745 0.6078 0.5153 0.5457 0.5191 0.5600
(50,20,15) 1 0.6904 0.5797 0.6063 0.5234 0.5479 0.5261 0.5606
2 0.6384 0.5380 0.5559 0.4822 0.5015 0.4840 0.5129
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Table 2: The values of EB of ML and Bayesian estimates for « based on the different censoring schemes.

aBs OBL OBE
(n,m, k) Sch. T omr P NIP IP NIP IP NIP
(15,10,7) 1 5.5 0.6374 0.4429 0.2933  0.2605 0.2608 0.0415 0.0194
2 0.6830 0.4664 03141 0.2823 0.3001 0.0717 0.0151
(20,10,7) 1 0.4033  0.2924 0.1589 0.1213  0.0600 0.1244  0.1955
2 0.5623  0.4055 0.2615 0.2261 0.1969 0.0080 0.0750
(25,10,7) 1 0.1945 0.1085 0.0130 0.0483 0.1169 0.2803 0.3486
2 0.3205 0.2146  0.0846 0.0499 0.0090 0.1846 0.2543
(30,20,15) 1 0.2804 0.2677 0.1956 0.1734 0.1284 0.0455 0.0147
2 0.2789  0.2688 0.1969 0.1745 0.1270 0.0448 0.0134
(40,20,15) 1 0.3224  0.3024 0.2282 0.2067 0.1676 0.0817 0.0518
2 0.3126  0.2932  0.2194 0.1979 0.1584 0.0730 0.0431
(50,20,15) 1 0.2978  0.2799 0.2067 0.1851 0.1446 0.0602 0.0301
2 0.2898 0.2777 0.2053 0.1830 0.1371 0.0542 0.0230
(15,10,7) 1 6.5 05609 0.3897 0.2581 0.2293 0.2295 0.0365 0.0171
2 0.6010 0.4104 0.2765 0.2484 0.2640 0.0631 0.0133
(20,10,7) 1 0.3549 0.2573 0.1398 0.1067 0.0528 0.1095 0.1720
2 0.4949  0.3568 0.2301 0.1989 0.1733  0.0071  0.0660
(25,10,7) 1 0.1711  0.0955 0.0115 0.0425 0.1029 0.2466 0.3068
2 0.2821 0.1889 0.0745 0.0439 0.0079 0.1625 0.2237
(30,20,15) 1 0.2468 0.2356 0.1721 0.1526  0.1130 0.0400 0.0130
2 0.2455 0.2365 0.1733  0.1535 0.1118 0.0394 0.0118
(40,20,15) 1 0.2837 0.2661 0.2009 0.1819 0.1475 0.0719 0.0456
2 0.2750 0.2580 0.1931 0.1741 0.1394 0.0642  0.0379
(50,20,15) 1 0.2621 0.2463 0.1819 0.1629 0.1273  0.0529  0.0265
2 0.2550 0.2443 0.1806 0.1610 0.1207 0.0477  0.0203
(15,10,7) 1 8 0.5418 0.3765 0.2493 0.2215 0.2217 0.0353  0.0165
2 0.5805 0.3964 0.2670 0.2400 0.2550 0.0609 0.0128
(20,10,7) 1 0.3428 0.2485 0.1350 0.1031 0.0510 0.1058 0.1662
2 0.4780 0.3447 0.2223 0.1922 0.1674 0.0068 0.0637
(25,10,7) 1 0.1653  0.0923 0.0111 0.0410 0.0994 0.2382  0.2963
2 0.2724  0.1824  0.0720 0.0424 0.0077 0.1569 0.2161
(30,20,15) 1 0.2384 0.2276 0.1663 0.1474 0.1091 0.0387 0.0125
2 0.2371 0.2285 0.1674 0.1483 0.1080 0.0380 0.0114
(40,20,15) 1 0.2740  0.2570 0.1940 0.1757 0.1424 0.0695 0.0440
2 0.2657 0.2492 0.1865 0.1682 0.1346 0.0621  0.0367
(50,20,15) 1 0.2531 0.2379 0.1757 0.1574 0.1229 0.0511  0.0256
2 0.2463  0.2360 0.1745 0.1555 0.1166 0.0461 0.0196
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Table 3: The values of ER of ML and Bayesian estimates for 3 based on the different censoring schemes.

Bs
R Bss BsL Bse
(n,m,k)  Sch. T BuL 1P NIP IP NIP IP NIP

(15,10,7) 1 55 02515 0.1796 0.1825 0.1793  0.1850 0.1795  0.2895
2 0.2625 0.1902 0.1931 0.1898 0.1956  0.1901  0.2963
(20,10,7) 1 0.1903  0.1389  0.1426  0.1390 0.1446  0.1391 0.1439
2 0.1867 0.1374 0.1414 0.1375 0.1433  0.1376  0.1426
(25,10,7) 1 0.1404 0.1019 0.1062 0.1021 0.1078 0.1021  0.1072
2 0.1397 0.1032 0.1079 0.1035 0.1096 0.1034  0.1090
(30,20,15) 1 0.1195 0.0854 0.0862 0.0855 0.0865 0.0855 0.0864
2 0.1203  0.0855 0.0862 0.0855 0.0865 0.0855 0.0864
(40,20,15) 1 0.0848 0.0616 0.0624 0.0617 0.0627 0.0617 0.0626
2 0.0908 0.0645 0.0649 0.0645 0.0651 0.0645 0.0650
(50,20,15) 1 0.0707  0.0499 0.0503 0.0499 0.0504 0.0499  0.0504
2 0.0701  0.0495 0.0500 0.0496 0.0501 0.0496 0.0501
(15,10,7) 1 6.5 02398 0.1720 0.1771 0.1722 0.1805 0.1723  0.2750
2 0.2344  0.1653 0.1708 0.1656 0.1744 0.1656  0.2342
(20,10,7) 1 0.1675 0.1192 0.1251 0.1197 0.1279 0.1196  0.1269
2 0.1818 0.1329 0.1374 0.1332  0.1397 0.1331  0.1389
(25,10,7) 1 0.1334  0.0993 0.1041 0.0995 0.1059 0.0995 0.1052
2 0.1327 0.0981 0.1025 0.0984 0.1041 0.0983 0.1035
(30,20,15) 1 0.1135 0.0847 0.0852 0.0847 0.0854 0.0847 0.0853
2 0.1143  0.0812 0.0819 0.0812 0.0822 0.0812 0.0821
(40,20,15) 1 0.0846  0.0608 0.0617 0.0609 0.0620 0.0609 0.0619
2 0.0870  0.0629 0.0636  0.0630 0.0638 0.0630 0.0637
(50,20,15) 1 0.0671  0.0474 0.0478 0.0474 0.0479 0.0474  0.0479
2 0.0679 0.0494 0.0475 0.0494 0.0476 0.0494 0.0476
(15,10,7) 1 8 02326 0.1668 0.1718 0.1670 0.1751 0.1671  0.2429
2 0.2274  0.1604 0.1657 0.1606 0.1692 0.1606  0.2272
(20,10,7) 1 0.1625 0.1156 0.1214 0.1161 0.1240 0.1160  0.1231
2 0.1763  0.1299 0.1365 0.1305 0.1355 0.1303  0.1386
(25,10,7) 1 0.1294  0.0963 0.1009 0.0966 0.1027 0.0965 0.1020
2 0.1287  0.0951 0.0994 0.0954 0.1010 0.0953  0.1004
(30,20,15) 1 0.1101  0.0822 0.0826 0.0822 0.0828 0.0822 0.0828
2 0.1108 0.0788 0.0794 0.0788 0.0797 0.0788 0.0796
(40,20,15) 1 0.0821 0.0590 0.0598 0.0591 0.0601 0.0590 0.0600
2 0.0844 0.0610 0.0617 0.0611 0.0619 0.0611 0.0618
(50,20,15) 1 0.0651 0.0460 0.0464 0.0460 0.0465 0.0460 0.0464
2 0.0658 0.0479 0.0461 0.0480 0.0462 0.0479 0.0462
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Table 4: The values of EB of ML and Bayesian estimates for 8 based on the different censoring schemes.

R Bss BsL BsE
(n,m,k)  Sch. T Bur IP NIP IP NIP IP NIP
(15,10,7) 1 55 01740 00164 0.0113 0.0087 0.0232 0.0117 0.0282
2 0.1802 0.0208 0.0076 0.0129 0.0199 0.0161 0.0246
(20,10,7) 1 0.1312  0.0102 0.0115 0.0057 0.0186 0.0075 0.0159
2 0.1285  0.0097 0.0110 0.0053 0.0178 0.0071 0.0151
(25,10,7) 1 0.0988 0.0034 0.0132 0.0005 0.0176 0.0017 0.0159
2 0.0958  0.0005 0.0176 0.0034 0.0221  0.0023  0.0203
(30,20,15) 1 0.0838 0.0021 0.0049 0.0002 0.0072 0.0009 0.0063
2 0.0855 0.0039 0.0030 0.0020 0.0053 0.0028  0.0044
(40,20,15) 1 0.0584 0.0023 0.0074 0.0034 0.0086 0.0030 0.0081
2 0.0648 0.0039 0.0011 0.0029 0.0023 0.0033 0.0018
(50,20,15) 1 0.0502  0.0015 0.0025 0.0008 0.0033 0.0011  0.0030
2 0.0499  0.0011 0.0029 0.0004 0.0037 0.0007 0.0034
(15,10,7) 1 65 01674 0.0095 0.0109 0.0018 0.0223 0.0048 0.0271
2 0.1662  0.0074 0.0073  0.0003 0.0191 0.0027 0.0236
(20,10,7) 1 0.1181 0.0034 0.0111 0.0055 0.0179 0.0061 0.0152
2 0.1244  0.0030 0.0106 0.0015 0.0170  0.0003 0.0145
(25,10,7) 1 0.0948 0.0017 0.0127 0.0005 0.0169 0.0002 0.0152
2 0.0919  0.0003 0.0169 0.0034 0.0212 0.0022 0.0195
(30,20,15) 1 0.0837  0.0020 0.0043 0.0002 0.0065 0.0009 0.0056
2 0.0845 0.0035 0.0029 0.0016 0.0051 0.0024 0.0042
(40,20,15) 1 0.0561  0.0013  0.0063 0.0023 0.0076  0.0019  0.0071
2 0.0602  0.0007 0.0010 0.0017 0.0022 0.0013 0.0018
(50,20,15) 1 0.0482  0.0014 0.0003 0.0008 0.0012 0.0010 0.0008
2 0.0475  0.0010  0.0028 0.0004 0.0036  0.0007  0.0033
(15,10,7) 1 8 0.1641 0.0070 0.0107 0.0015 0.0218 0.0018 0.0266
2 0.1629  0.0011 0.0072 0.0003 0.0187 0.0027  0.0232
(20,10,7) 1 0.1157 0.0004 0.0108 0.0054 0.0175 0.0035 0.0149
2 0.1219  0.0002 0.0104 0.0015 0.0167 0.0003 0.0142
(25,10,7) 1 0.0929 0.0012 0.0124 0.0005 0.0166 0.0002 0.0149
2 0.0901  0.0003 0.0165 0.0033 0.0207 0.0021 0.0191
(30,20,15) 1 0.0820  0.0020 0.0025 0.0002 0.0048 0.0009 0.0039
2 0.0828 0.0034 0.0018 0.0016 0.0040 0.0023  0.0031
(40,20,15) 1 0.0550  0.0013  0.0032 0.0012 0.0045 0.0016  0.0040
2 0.0590  0.0006 0.0010 0.0005 0.0022 0.0001 0.0017
(50,20,15) 1 0.0472  0.0014 0.0003  0.0007 0.0011 0.0010  0.0008
2 0.0465  0.0000 0.0027 0.0004 0.0035 0.0004 0.0032
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Table 5: The A.W. of 95% confidence intervals and corresponding C.P. for 0y and p.

B
QL P NIP
(n,mk)  Sch. T AW. C.P AW. C.P AW. CP
(15,10,7) 1T 5500 4.7545 0.929 3.8462  0.969 44330 0.944
2 4.8031  0.941 3.8846  0.974 44816 0.956
(20,10,7) 1 4.6767  0.935 3.8004 0.971 43551 0.950
2 4.6601  0.934 3.7865  0.977 43386  0.949
(25,10,7) 1 4.6450 0.933 37726 0.968 43234 0.948
2 4.6234  0.939 37636 0.976 43018 0.954
(30,20,15) 1 3.1399  0.919 26582  0.950 2.8184 0934
2 3.1219  0.927 2.6439  0.950 2.8004 0.942
(40,20,15) 1 3.1452  0.931 2.6626  0.953 2.8237  0.946
2 3.1237  0.932 26453 0.960 2.8021 0.947
(50,20,15) 1 3.1885  0.917 2.6979  0.948 2.8669  0.932
2 3.1349  0.933 2.6543  0.955 2.8134  0.948
(15,10,7) 1 6500 4.6927 0.936 3.8166 0.974 43711 0.951
2 4.6336  0.943 3.7758  0.974 43121 0.947
(20,10,7) 1 45025  0.940 3.6908  0.971 4.1810  0.955
2 4.6001  0.950 3.7630  0.983 42786  0.965
(25,10,7) 1 43385  0.951 3.5797  0.978 4.0170  0.966
2 44666  0.956 3.6712  0.984 4.1451 0971
(30,20,15) 1 3.0507 0.943 25692 0.969 27292  0.958
2 3.0554  0.936 25729 0.965 27339 0.951
(40,20,15) 1 3.0903  0.936 2.6109  0.960 27810 0.951
2 3.1157  0.938 25730 0.965 27341 0.953
(50,20,15) 1 3.1224  0.927 2.6683  0.954 27307 0.942
2 31292 0.937 25749  0.961 27377 0.952
(15,10,7) 1 8000 4.6880 0.943 3.8041  0.979 45587  0.958
2 4.6721  0.944 37534  0.974 45996  0.938
(20,10,7) 1 4.4990  0.945 3.6678  0.971 43685  0.960
2 45988  0.966 3.7451  0.989 44266  0.981
(25,10,7) 1 43326 0.969 3.5567  0.988 42045 0.984
2 44654 0.973 3.6588  0.992 41326 0.988
(30,20,15) 1 3.0438  0.967 2.5457  0.988 27167  0.982
2 3.0443  0.945 2.5560  0.980 2.9721  0.960
(40,20,15) 1 3.0878  0.941 25880  0.967 2.8769  0.956
2 3.1103  0.944 2.5466  0.970 2.8722  0.959
(50,20,15) 1 3.1110  0.937 2.6559  0.960 27824  0.952
2 3.1217  0.941 25462 0.967 27523 0.956
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Table 6: The A.W. of 95% confidence intervals and C.P. percentages for BML and BB~

R Bs
B IP NIP
(n,m,k)  Sch. T AW. CP AW. CP AW. CP
(15,10,7) I 5500 0.6030 0914 0.5404 0.932 0.5815 0.926
2 0.5933  0.932 0.5330  0.956 0.5718  0.944
(20,10,7) 1 0.4623  0.945 0.4127  0.959 0.4408  0.957
2 0.4651  0.936 0.4149  0.960 0.4436  0.948
(2510,7) 1 0.3810  0.940 0.3374  0.964 0.3595  0.952
2 0.3802  0.933 0.3368  0.957 0.3587  0.945
(30,20,15) 1 0.2910  0.935 02617  0.959 0.2694  0.947
2 02917  0.941 0.2623  0.965 02702 0.953
(40,20,15) 1 0.2231 0.942 0.1967  0.955 0.2016  0.954
2 02242 0.948 0.1977 0.972 0.2026  0.960
(50,20,15) 1 0.1813  0.936 0.1565  0.952 0.1598  0.948
2 0.1833  0.944 0.1583  0.968 0.1618  0.956
(15,10,7) 1 6500 0.6101 0933 0.5390  0.945 0.5798  0.939
2 0.5984  0.944 0.5240  0.969 0.5628  0.957
(20,10,7) 1 0.4653  0.959 0.4037  0.972 04318  0.968
2 0.4654  0.935 0.4137  0.957 0.4421  0.945
(25,10,7) 1 0.4572  0.956 0.3284 0.978 0.3505  0.963
2 03792 0.947 0.3278  0.968 0.3497  0.959
(30,20,15) 1 0.2869  0.948 0.2589  0.973 0.2664  0.958
2 02788  0.954 0.2588 0.977 0.2662  0.966
(40,20,15) 1 0.2319  0.955 0.1933  0.968 0.1977  0.967
2 02422 0.935 0.1953  0.953 0.2000  0.946
(50,20,15) 1 0.1872  0.947 0.1475  0.964 0.1508  0.966
2 0.1882  0.936 0.1572  0.958 0.1606  0.949
(15,10,7) 1 8000 0.5958 0.935 0.5234  0.953 0.5574  0.947
2 0.5788  0.956 0.5178  0.975 0.5457  0.969
(20,10,7) 1 0.4478  0.967 0.3898  0.978 0.4026  0.970
2 0.4582  0.945 0.4078  0.965 0.4237  0.958
(25,10,7) 1 0.3665  0.963 03123 0.985 0.3450  0.976
2 0.3657  0.954 03122 0.976 0.3244  0.968
(30,20,15) 1 0.2824  0.956 0.2453  0.978 0.2609  0.967
2 0.2823  0.963 0.2453  0.986 02627 0974
(40,20,15) 1 02137  0.964 0.1788  0.976 0.1922  0.970
2 02160 0.943 0.1790  0.967 0.1945  0.954
(50,20,15) 1 0.1668  0.957 0.1402  0.975 0.1435  0.969
2 0.1766  0.944 0.1532  0.966 0.1545  0.956
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Table 7: Bayesian point predictor and 95% ET and HPD prediction intervals for Xp. R:

Ip NIP
Sch. R’j‘- p Xp: R ET interval HPD interval Xp: R ET interval HPD interval
1 3 1 6.576 (5.381,10.931) (5.358,9.410) 6.712 (5.281,11.665) (5.258,9.826)
2 11.236 (5.113,30.314) (5.366,22.016) 16.422 (5.112,36.228) (5.364,24.904)
6 1 6.740 (5.515,11.204) (5.492,9.645) 6.880 (5.316,11.956) (5.492,10.072)
2 11.515 (5.240,31.073) (5.500,22.567) 16.792 (5.340,37.134) (5.498,25.526)
10 1 6.118 (5.421,6.735) (5.516,6.554) 6.131 (5.321,6.815) (5.916,6.606)
2 6.350 (5.579,7.318) (5.621,7.051) 6.379 (5.578,7.485) (5.920,7.162)
3 6.619 (5.634,7.969) (5.884,7.588) 6.668 (5.634,8.250) (6.088,7.777)
4 6.938 (5.779,8.748) (6.016,8.275) 7.014 (5.783,9.181) (6.106,8.562)
5 7.324 (6.260,9.720) (6.098,9.093) 7.437 (6.256,10.363) (6.179,9.514)
6 7.809 (6.366,10.991) (6.199,10.141) 7.972 (6.681,11.936) (6.170,10.755)
7 8.442 (6.509,12.753) (6.322,11.563) 8.684 (6.596,14.160) (6.278,12.460)
8 9.326 (6.736,15.405) (6.469,13.643) 9.703 (6.836,17.587) (6.407,15.003)
9 10.701 (7.191,19.969) (6.594,16.942) 11.385 (7.159,23.654) (6.560,19.302)
10 13.359 (7.683,30.119) (6.862,24.283) 15.316 (7.636,37.687) (6.741,28.552)
11 25.139 (8.581,76.101) (7.464,52.349) 52.847  (8.508,106.033) (6.915,66.841)
2 3 1 6.887 (5.386,12.485) (5.358,10.479) 7.160 (5.388,13.923) (5.358,11.346)
2 13.969 (5.735,41.606) (5.365,28.698) 23.766 (5.762,55.147) (5.364,35.469)
6 1 7.059 (5.520,12.798) (5.492,10.741) 7.339 (5.522,14.272) (5.492,11.630)
2 14.314 (5.878,42.646) (5.500,29.416) 24.294 (5.906,56.526) (5.498,36.356)
9 1 7.540 (5.896,13.669) (5.866,11.472) 7.839 (5.898,15.244) (5.866,12.422)
2 15.277 (6.279,45.550) (5.874,31.419) 25.762 (6.308,60.375) (5.872,38.831)
12 1 8.084 (6.321,14.655) (6.289,12.299) 8.404 (6.324,16.343) (6.289,13.318)
2 16.365 (6.731,48.835) (6.298,33.685) 27.414 (6.763,64.729) (6.296,41.632)
13 1 9.166 (8.016,11.221) (8.000,10.462) 9.591 (8.018,11.722) (8.000,10.800)
2 10.563 (8.173,14.494) (8.013,13.080) 11.239 (8.185,15.750) (8.012,13.927)
3 13.806 (8.507,20.100) (8.496,17.331) 15.550 (8.539,23.006) (8.117,19.299)
4 17.922 (9.087,33.267) (8.839,26.859) 22.593 (9.152,41.204) (8.315,31.661)
5 28.908  (10.232,102.241)  (9.601,68.473) 55.678  (10.369,149.336)  (8.537,91.966)
3 3 1 7.068 (5.388,13.385) (5.358,11.106) 7.342 (5.391,14.878) (5.358,12.024)
2 15.410 (5.778,48.861) (5.365,33.000) 23.146 (5.811,63.859) (5.364,40.596)
6 1 7.245 (5.523,13.719) (5.492,11.384) 7.526 (5.526,15.250) (5.492,12.325)
2 15.792 (5.922,50.083) (5.500,33.825) 23.687 (5.956,65.456) (5.498.,41.611)
9 1 7.738 (5.899,14.654) (5.866,12.159) 8.038 (5.902,16.288) (5.866,13.164)
2 16.856 (6.326,53.494) (5.874,36.129) 25.193 (6.362,69.914) (5.873,44.444)
12 1 8.296 (6.325,15.710) (6.289,13.036) 8.618 (6.328,17.463) (6.289,14.113)
2 18.060 (6.782,57.351) (6.298,38.734) 26.890 (6.821,74.955) (6.296,47.649)
15 1 17.386  (13.255,32.925)  (13.180,27.319) 18.059  (13.261,36.597)  (13.180,29.577)
2 37.597 (13.369,120.192)  (13.198,81.175) 53.975 (13.312,157.085)  (13.195,99.860)
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Table 8: Bayesian point predictor and 95% ET and HPD prediction intervals for Y.p.y.

i NIP
s Yon ET interval HPD interval Yon ET interval HPD interval
1 5.026 (4.797,5.308) (4.783,5.292) 5.027 (4.780,5.332) (4.764,5.314)
2 5.124 (4.862,5.532) (4.832,5.488) 5.131 (4.852,5.585) (4.815,5.530)
3 5.243 (4.932,5.802) (4.885,5.719) 5.258 (4.927,5.894) (4.871,5.788)
4 5.374 (5.000,6.089) (4.940,5.965) 5.398 (4.998,6.229) (4.927,6.065)
5 5.559 (5.077,6.528) (5.001,6.333) 5.596 (5.076,6.744) (4.989,6.483)
6 5.771 (5.165,7.030) (5.064,6.751) 5.825 (5.094,7.341) (5.050,6.964)
7 6.017 (5.254,7.621) (5.127,7.241) 6.093 (5.250,8.056) (5.111,7.535)
8 6.414 (5.399,9.690) (5.196,9.101) 6.529 (5.376,9.355) (5.174,8.541)
9 6.932  (5.941,10.144)  (5.697,9.144) 7.107  (5.530,11.165)  (5.237,9.916)
10 11.817 (6.987,18.868) (6.320,15.139) 14.327  (5.969,19.084) (5.282,16.749)
1 5.037 (4.698,5.462) (4.675,5.434) 5.042 (4.578,5.662) (4.618,5.504)
2 5.186 (4.792,5.803) (4.745,5.733) 5.214 (4.602,5.803) (4.697,5.762)
3 5.369 (4.894,6.220) (4.822,6.092) 5.428 (4.707,6.469) (4.784,6.296)
4 5.573 (4.996,6.671) (4.904,6.479) 5.667 (4.899,7.040) (4.875,6.773)
5 5.866 (5.115,7.382) (4.996,7.072) 6.015 (5.106,7.953) (4.976,7.514)
6 6.209 (5.235,8.217) (5.092,7.765) 6.291 (5.230,9.053) (5.080,8.398)
7 6.617 (5.394,9.236) (5.191,8.601) 7.585  (5.333,10.431)  (5.186,9.490)
8 7.297  (5.552,11.176)  (5.300,10.136) 8.879  (5.562,13.121)  (5.300,11.537)
9 8.226  (5.860,13.989) (5.414,12.318) 10.980 (5.748,16.202) (5.416,14.555)
10 10.789  (6.604,16.191)  (5.470,13.126) 12416  (6.356,19.407)  (5.459,17.213)
1 5.033 (4.737,5.400) (4.718,5.377) 5.035 (4.506,5.445) (4.684,5.318)
2 5.162 (4.819,5.689) (4.780,5.633) 5.178 (4.698,5.775) (4.752,5.707)
3 5.320 (4.908,6.038) (4.849,5.936) 5.353 (4.897,6.179) (4.826,6.053)
4 5.495 (4.997,6.413) (4.922,6.261) 5.548 (4.985,6.619) (4.904,6.427)
5 5.744 (5.102,6.995) (5.003,6.752) 5.848 (5.095,7.021) (5.104,6.954)
6 5.744 (5.157,7.354) (5.104,7.009) 6.154 (5.125,8.117) (5.182,7.665)
7 6.374 (5.347,8.475) (5.179,7.993) 6.542 (6.015,9.104) (6.175,8.470)
8 6.933 (5.710,9.981) (5.277,9.208) 7.187  (6.154,12.971)  (6.276,10.938)
9 7.682  (5.756,12.101)  (5.381,10.891) 7.832  (6.254,16.669)  (6.380,15.016)
10 8.304  (5.879,15.812) (5.482,13.263) 8.349  (6.452,21.096) (6.477,18.953)
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7 Conclusions and discussion

From Tables 1 and 2, it can be seen that the performance of the ML estimators is quite close to that of the Bayesian
estimators based noninformative priors, as expected. Thus, if we have no prior information on the unknown parameters,
then it is always better to use the ML rather than the Bayesian estimators, because the Bayesian estimators are
computationally more expensive. Also, the Bayesian method with informative priors is the best method for estimation
under all different censoring schemes. Moreover, mean-squared error decreases when n and m increase.

From Tables 3 and 4, it can be seen that the average width of 95% confidence intervals and corresponding coverage
probability are short than the average width of 99% confidence intervals and corresponding coverage probability. Also, a
comparison of the results for the informative priors with the corresponding ones for non-informative priors reveals that the
former produce more precise results, as we would expect. Moreover, the average width decreases when n and m increase.

From the results in Tables 5 and 6, we notice that, the point predictor of mean is between the upper and lower bounds
of the prediction intervals. Also, the lower bounds are relatively insensitive while the upper bounds are more sensitive.
Moreover, a comparison of the results for the informative priors with the corresponding ones for non-informative priors
reveals that the former produce more precise results, as we would expect. Finally, the HPD prediction intervals seem to
be more precise than the ET prediction intervals.
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