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ABSTRACT

In this paper, the maximum likelihood and Bayesian
estimation are developed based on Type-II progressive hybrid
censoring scheme from the Pareto distribution. One and two-
sample Bayesian prediction is also discussed using Type-II
progressive hybrid censoring scheme. Finally, numerical
example is presented for illustrating all the inferential
procedures developed here.
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1. INTRODUCTION

In reliability analysis, experiments are often terminated before
all units on test fail based on cost and time considerations. In
such cases, failure information is available only on part of the
sample, and only partial information on all units that had not
failed. Such data are called censored data. There are several
forms of censored data. Two commonly used right censoring
schemes are the Type-l and Type-Il censoring. Consider n
identical units on a life-testing experiment, in the Type-I
censoring scheme, the experiment is terminated when a pre-
fixed censoring time T is reached. In the Type-Il censoring
scheme, the experiment gets terminated when a pre-specified
number m < n of failures is observed, a natural extension of
Type-Il censoring scheme will be a censoring scheme in
which n—m units are withdrawn from the life-test at
different time points (rather than all at the final time point
Xman). Such a versatile censoring scheme is referred to as
progressive Type-ll right censoring. Under this scheme, n
units are placed on a life-testing experiment and only m
complete failures are 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
mt" failure when all remaining R,, =n —R; — - — Ryp_q —
m surviving units are removed. The censoring numbers R; are
fixed prior to the experiment. The m ordered failure times
thus observed will denote by X; .., - » Xmamen it IS Clear that
n=m+ Y-, Rg. The resulting m ordered values which are
obtained from this type of censoring are referred to as Type-1I
progressive right censored order statistics. Several authors
have studied progressive Type-Il censoring and properties of
order statistics arising from such a progressive censored life
test. Some key references are [1], [2] and [3].
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Childs et al. in [4], proposed another hybrid censoring
scheme, the Type-Il progressive hybrid censoring scheme
(Type-11 PHCS), that would terminate the experiment at the
random time max(X,,.m.n, T) Where T € (0,0) and 1 < m <
n with progressive censoring scheme R = (Ry,...,R,,) are
fixed in advance. This new progressive hybrid censoring
scheme, guarantees that at least m failure times will be
observed. For the case X,,.m.n < T Will not only follow the
pre-specified scheme to remove the units after each failure,
but continue to observe failures (without any further
withdrawals) up to time T. Let D denote the number of
failures that occur before time T. Then, the progressive
censoring scheme in this case will become R*=
(R, ..., R, Ripy1, -, Rp, R:), where R; =0 for i=m,m+
1,...,D. Clearly, the termination time under this scheme is
unknown to the experimenter which is a disadvantage, but
there is an advantage that more than m failures may be
observed which will greatly increase the efficiency of the
statistical analysis (see Fig. 1).
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Fig. 1. Schematic representation of adaptive progressive
Type-11 censoring scheme

In this paper, the underlying distribution is assumed to be the
Pareto distribution which introduced by Pareto in [5], as a
model for the distribution of income, with the probability
density function (PDF) and cumulative distribution function
(CDF) as

f(x |a,ﬁ)z%exp[—alog(%)],xzﬁ, 1.1

and



F(xia./?)=(§) , (12)
where @, 8 > 0.

In recent years, its models in several different forms have
been studied by many authors including [6], [7] and [8]
among others.

The rest of this paper is organized as follows. In Section 2, the
description of the model of the Type-1l PHCS is presented.
The maximum likelihood ML estimator and the Bayesian
estimators 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, for illustrating all the inferential
methods developed here, numerical example is presented.

2. THE MODEL DESCRIPTION

Under Type-Il PHCS described above, we have one of the
following two cases of observations:

1. Suppose that the mf" failure occurs after
T (i.e.T < Xy.m:n), then the experiment terminates
at Xponn and we will observe {X;.n, <<
Xm:m:n}'

2. Suppose that the m®"failure occurs before
T (i.e. Xpmmm <T), then the  experiment
terminates at T and we will observe {X;..,., < -+ <
Xmmm < Xmi1n < < Xpn}

Thus, the joint density function based on the above cases can
be written as:

fx(X)
D* m D*
= Ri| ([ [F Geomm) P G | [FCOI% 21)
i=1j=1 i=1
where
D:« — { m T < Xm:m:n'
D Kmen <T, 22)
R = {(Rl, s Ry o R) if T < Xpmemens
(Ry, e, Rype1, 0, . .0, RY) if Xy < T, (2.3)

with Ry is the number of surviving units that are removed at
T, given by

0 ifT < Xpomeno
. m-—1
= n=b- z Rj if Xpomnm < T, @4
j=1
with
x= {(xl:m:nr e Xmmen) i.f T < Xmmm (2.5)
- (Xrmems - Xomama Xmatm o0 Xpm) i X < T,

Upon using (1.1) and (1.2) in (2.1), the likelihood function of
a, B based on Type-Il PHCS can be obtained as

L(a,p:X) = ﬁiR}f‘ o> lD_lel exp{ —a[W(x, )

i=1 j=1 i=1

+nlog 1} (2.6)
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where
ot
Wx) = ) (R; +1)logx;., + R;logT.
)
3. THE ML AND BAYESIAN
ESTIMATIONS

It is clear that the likelihood function is monotone increasing
function in B, so its maximum value £, will be attained at
the maximum value x; of S.

From (2.6), The log-likelihood function of (a, ) is given by
log[L(a,B | x)] x D*loga — a[W(x) —nlogB], (3.1)

to maximize relative to a , differentiate (3.1) with respect to o
and solve the equation

0 log[L(a,[? | g)] _
da
s0, the ML estimator of « is obtained as
D*

Ayl = ———. 3.2

Sui W(x) + nlogx; (3.2

For the Bayesian Estimations, under the assumption that both
parameters « and S are unknown, we may consider the joint
prior density function of a and B which was suggested by
Lwin in [9] and generalized by Arnold and Press in [10]. The
generalized Lwin prior or the power-gamma prior is given by

n(a, B; 8) « a*B~texp[—a(logc — blog B)], (3.3)

where @ > 0,0 < 8 <d, a,b,cand d are positive constants
and d? < c.

Upon combining (2.6) and (3.3), given Type-1l PHCS , the
posterior density function of a, B is obtained as

L(a,B|x)n(a pB)

0,

s (‘Lﬂ'&) = J‘;Co ngL(a,ﬁ I E)n(a,ﬁ)dadﬁ

= I"'aP Bt exp{—a[W (x)

—(n+ b)logp +log cl}, 3.4)
where

I= f Of al*ep=texp{—a[W(x) — (n + b) log B
0 0
+ log c]}
_T(D"+a)

]

n+b [W(E) — (n+b)logx, + log C]—(D*+a)

with xy = min(x;.p.9, d).

By using (3.4), the Bayesian estimator of a under the squared
error loss function is the mean of the posterior density
function, given by

tum [ [[an(@pliats, G
0 0

Hence, the Bayesian estimator of a under the squared error
loss function is obtained as
. D*+a 36
aB_W(g)—(n+b)logx0+logc' (3:6)

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

10



By = J:CO Jjﬁﬂ(a,ﬂg)dadﬁ,

© aD*+a
= 1_1XOJ; mexp{—a[W({)

— (n+ b)logx, +logc]}da

_ 1_1x0
T (n+b)

(D*+a)

[W(@x) — (n+ b)logx, + log C]_

© tD*+ae—t
X f dt
o t+[W(x)— (n+b)logx, +logc|/(n+b)

:(ﬁ)"’ b

[Wa(x) = (n + b) logx, + logc]
+ a,( CFY) ) , (3.7)

where

© txe—t
D (x, )=f ( )dt
Y o \ttYy

A partial tabulation of ¥ (x, y) = (%x)) @(x — 1,y) has been

provided by Arnold and Press in [10].

4. ONE-SAMPLE BAYESIAN
PREDICTION

Forp =1,2,..,R;}, let Xp:R; denote the pt" order statistic out
of R} removed units at stage j, and j = 1,2,..., D*. Then, the
conditional density function of Xpir given the observed

progressive Type-11 censoring scheme x.,, X2.5, - Xp*.n, IS
given by Basak et al. in [11] as follows:

pr:R;_(x|£) = f(x|x)

R
(- D!(R; —p)!
[FG0) = F(x)]” ™ IFG)IB P ()

X - (4.1)
— R
[Fexp]™
where
o {1, e, m ifT < Xommeno
7= 1L,.m—-1r7 ime:m:n <T,
with x, = T.

By using (1.1) and (1.2) in (4.1), the conditional density
function of X, given progressive Type-1l censoring scheme, is
given as follows:

p-1

a
f*(x|§) = Z Cq;exp[—awq(logx - logx]-)], (4.2)
q=0
Co1(g )z

(-D!(R;-p)'q!
q=01,..,p—1.

where €, = and @y =q+R —p+1 for
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Upon combining (3.4) and (4.2), the Bayesian predictive
density function of Xp:R;, given progressive Type-Il censoring

scheme, is obtained as

o aD*+a+1

p-1 o
=S [

x exp{—a[W — (n + b)log B + log ]}

X exp[—awq (logx —log x]-)]dadﬁ

-1 % p-1
_ITTO +a+ DN G

CFY) q:07 [W(x) — (n + b)log x,

+logc + @, (logx — logx;)] =@ *+a+1) (4.3)

The Bayesian predictive survival function of Xp:R;, given
Type-I1 PHCS , is given as

P(eke) = | " (xlx)dx

p-1
71T (D" + @) €,
plreuys =Ow—q x [W(x) — (n + b)log x,

+logc + @, (logt — logx;)]~®"*® (4.4)

The Bayesian point predictor of X under the squared error loss
function is the mean of the predictive density, given by

Xor, = fo xf*(x|x) dx, (4.5)

where f*(x|x) is given as in (4.3). The Bayesian predictive
bounds of 100(1 —y)% two-sided equi-tailed (ET) interval
for Xp:R;, can be obtained by solving the following two

equations:
= Y . 14
F(Lgr|x) = 2 and F (Ugr|x) =1- Z (40

where F*(t|x) is given as in (4.4), and Ly 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*(Lupp|x) = F*(Unpp|x) =1~y

and
f*(LHPnll) - f*(UHPDlﬁ) =0,

where f*(x|x) is as in (4.3), and Lypp and Uyppdenote the
HPD lower and upper bounds, respectively.

5. TWO-SAMPLE BAYESIAN
PREDICTION

Let YVi.e.n, Youon, - Yoy e @ future  independent
progressively Type-ll censored sample from the same
population with censoring scheme S = (S3,5,,...,S,). We
develop here a general procedure for deriving the point and
interval predictions for  Yi.,,, based on the observed
generalized PHCS. It is well known that the marginal density
function of the st order statistic from a sample of size N
from a continuous distribution with (CDF) F(x)and
(PDF) f(x) is given, see [12], by

Froen @s160) = f(5160)
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= c,9) ) CuulFOI  f G (BD)
q=0

where 1<s<{¢c(N,s)=NWN-5,—-1)..(N-S; —
55_1 + 1), Tq,s =N-— Sl — = Ss_q_1 —-s+ q +1 and

s—q+u—1
Gy = (10 B )

[Hs q-1 s q 1(5v+1)]
Upon substituting (1.1) and (1.2) in (5.1), the marginal density
function of Y., is then obtained as

f(ys16) .

=c(N,s)ZCq,S_1}%exp{ [ log( )]} (5.2)
a=o

Upon combining (3.4) and (5.2), given Type-1l PHCS , the
Bayesian predictive density function of Y., is obtained as

i (YSlx) 0 <ys <x
Frele) = {f (v |x) Vs > Xo, 3)

where

Vs ®
FiCule) = [ 0ule) (e p20) dadp

p-1
= . _ CGas
=Itc(N,s)T(D*+a+1)
L(n+b+Ty)

x [W(x) — (n + b) logys + logc] " *+a+D  (5.4)

fr (ys|x) = fo Ofo f(s|x) n* (a, B; x) dadp

p—1

Cqs
=] 1C(N S)F(D* +a+ 1) Z (nT—l—T) W(x)
q.s

—(n+b+T,5)logxe + Tyslogys + logc] =@ *a+D. (5.5)

From (5.3), we simply obtain the predictive survival function
of Yi.;.n, given generalized PHCS Type-Il, as

B o Fi(tlx) 0<t<x
F(t]x) = ft £ (yslx)dys = {F}gdl;)) t>x,

where

R = [ FOsl v+ [ filule)an

Xo

(5-6)

p-1
Cqs

= [1¢(N, $)T(D* + @) Z :
i (n+b+ Ty )(n+ b)Tys

X {(n+ b +T,s)[W(x) — (n + b)log xo + logc]"©™+®

T, s[Wa(x) — (n+ b)logt +logc]~ P+ (5.7)

and

Fi(el) = [ i Oul)dy.

=1 1C(N S)F(D*'FG,)ZW (x)
q,s

+ Tyslogt — (n +b+ Tq_s) log x,
+logc]~@"+® (5.8)

International Journal of Computer Applications (0975 — 8887)
Volume 155 — No 10, December 2016

The Bayesian point predictor of Ys...y, 1 < s < m, under the
squared error loss function is the mean of the predictive
density, given by

Ty = f Yofi (3sl%) dys, 5.9
0

where f;. (%) is given as in (5.3).

The Bayesian predictive bounds of 100(1 — y)%ET interval
for Ysen,1<s<m, can be obtained by solving the
following two equations:

=k Y S Y
Fs:[:N(LET|£) =5 and Fs:(:N (UET|§) =1- E' (510)

where FZ..y(t|x) is given as in (5.6),and Lgr and Ugr denote
the lower and upper bounds, respectively. For the HPD
method, the following two equations need to be solved:

slN(LHPDlx) [N(UHPDlx) =1-y

and
faen(Lupp|x) = foen(Unpp|x) = 0,

where f*(ys|x) is as in (5.3), and Lypp and Uyppdenote the
HPD lower and upper bounds, respectively.

6. NUMERICAL RESULTS

By using the algorithms which suggested in [13], we
generated Type-Il progressive hybrid censoring data from a
sample of size n =20. The generated data from Pareto
distribution (with « = 3 and 8 = 6), using different types of
Type-1l1 PHCS are as follows:

1. Scheme 1: Suppose m=8,T=7 and R=
(0,3,0,0,3,0,0,6). Since T < Xg.g.29, then the
experiment would have terminated at Xg.g.,0 =
8.088 with R* = R = (0,3,0,0,3,0,0,6), R; =0, and
we would have the following data: 6.000, 6.094,
6.118, 6.243, 6.278, 7.227, 7.739, and 8.088.

2. Scheme 2: Suppose m =8 and T =9 with the
same censoring scheme in Scheme 1. Since
Xg.g20 < T, then the experiment would have
terminated at T = 9 with R* = (0,3,0,0,3,0,0,0,5),
R; =5, D=9, and we have the following data:
6.000, 6.094, 6.118, 6.243, 6.278, 7.227, 7.739,
8.088, and 8.398.

3. Scheme 3: Suppose m=9,T=8 and R =
(2,0,0,2,0,0,2,0,5). Since T < Xq.9.29, then the
experiment would have terminated at Xq.g9.9 =
32.52 with R* =R =(2,0,0,2,0,0,2,0,5), R; =0,
and we would have the following data: 6.096, 6.096,
6.210, 6.234, 6.382, 6.426, 7.293, 7.887, and 8.304.

4. Scheme 4: Suppose m =9 and T = 10 with the
same censoring scheme in Scheme 3. Since
Xg.9.00 < T, then the experiment would have
terminated at T=10 with
R*=(2, 0,0,2,0,0,2,0,0,0,3), Rt =5, D =11,
and we have the following data: 6.096, 6.096, 6.210,
6.234, 6.382, 6.426, 7.293, 7.887, 8.304, 8.621, and
9.825.

We assume these data to have come from Pareto distribution
with a and B are unknown. Based on the above generated
Type-1l HPCS, Table 1 presents the ML and Bayesian
estimates of @ and . Table 2 presents the point predictor and

12



95% Bayesian prediction bounds of Xp:R; based on the above
generated Type-Il HPCS and Table 3 presents the point
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Table 1: The ML and Bayesian estimates of a and .

predictor and 95% Bayesian prediction bounds of Yg.;.y from g Pe
A e i sl Ml
S =(1,1,0,0,2,1,0,2,1,2) based on the above generated Type-
Il PHCS. All these results in Tables 1-3 are computed based 2.823 2574 2470 6.000 5.875 5.862
on two different choices of the hyperparameters (a, b, c,d),
namely, 2987 2.748 2.608 6.137 5.903 5.932
1. a=Lb=055c=52  and  d=1103 3175 2866 2823 6.096 50983 5975
informative prior (IP) .
2. a=-1,b=0,c=1 and = : noninformative 3.014 2985 3.154 6.074 6.098 6.154
prior (NIP).
Table 2: Bayesian point predictor and 95% ET and HPD prediction intervals forX,,:R;, forp=1..,Rj,k=1,..,D"orr.
Scheme R/ »p GP P
Xor: ET interval HPD interval Xoir; ET interval HPD interval
1 2 1 7170 (6.114,10.999) (6.094,9.657) 7.339 (6.115,11.735) (6.094,10.092)
2 9.520 (6.324,19.891) (30.906,83.317)  11.455 (6.331,22.996) (6.101,17.567)
3 36.538 (6.909,68.931) (6.021,43.964) 40.197 (6.930,93.766) (6.032,54.743)
5 1 7386 (6.299,11.331) (6.278,9.948) 7.560 (6.300,12.090) (6.278,10.397)
2 9.807 (6.515,20.492) (6.287,16.342) 11.783 (6.522,23.690) (6.285,18.097)
3 37442 (7.118,71.012) (6.203,45.292) 41.199 (7.140,96.598) (6.214,56.396)
8 1 8732 (8.101,10.866) (8.088,10.181) 8.794 (8.102,11.224) (8.088,10.408)
2 9.594 (8.223,13.541) (8.097,12.288) 9.765 (8.227,14.431) (8.096,12.851)
3 10.840 (8.465,17.601) (8.014,15.334) 11.270 (8.474,19.500) (8.021,16.504)
4 12912 (8.843,24.984) (8.329,20.737) 14.354 (8.857,29.158) (8.305,23.165)
5 17.891 (9.440,43.067) (8.539,32.769) 26.746 (9.461,54.375) (8.491,38.766)
6 56.669  (10.575,143.208) (8.756,87.896) 64.721  (10.611,212.151) (8.674,116.779)
2 2 1 7208 (6.115,11.160) (6.094,9.786) 7.344 (6.116,11.849) (6.094,10.205)
2 9.592 (6.336,20.377) (6.103,16.253) 10.734 (6.345,23.249) (6.102,17.874)
3 23316 (6.956,72.188) (6.017,46.103) 26.498 (6.986,95.345) (6.026,56.487)
5 1 7426 (6.300,11.497) (6.278,10.082) 7.565 (6.301,12.207) (6.278,10.513)
2 9881 (6.527,20.992) (6.287,16.743) 11.051 (6.536,23.951) (6.286,18.414)
3 34182 (7.166,74.368) (6.198,47.495) 42.168 (7.197,98.224) (6.208,58.192)
9 1 9245 (8.415,12.073) (8.398,11.159) 9.324 (8.416,12.516) (8.398,11.443)
2 10.466 (8.579,16.023) (8.409,14.219) 10.697 (8.585,17.202) (8.408,14.967)
3 12.468 (8.922,23.048) (8.511,19.415) 13.148 (8.939,25.916) (8.501,21.150)
4 16.948 (9.514,40.300) (8.705,31.141) 20.757 (9.546,48.609) (8.678,35.744)
5 49791  (10.679,138.006) (8.032,85.785) 55.274  (10.742,192.265) (8.061,109.630)
3 1 1 7634 (6.123,13.275) (6.096,11.211) 7.817 (6.123,13.983) (6.096,11.604)
2 16.555 (6.460,40.972) (6.103,28.401) 27.276 (6.462,47.278) (6.102,31.330)
4 1 7.807 (6.262,13.575) (6.234,11.465) 7.994 (6.262,14.300) (6.234,11.866)
2 16.909 (6.606,41.900) (6.241,29.044) 27.776 (6.609,48.348) (6.240,32.039)
7 1 9133 (7.325,15.881) (7.293,13.413) 9.347 (7.326,16.729) (7.293,13.882)
2 19.612 (7.728,49.018) (7.302,33.978) 31.566 (7.731,56.561) (7.300,37.482)
9 1 9.010 (8.319,11.336) (8.304,10.596) 9.347 (7.326,16.729) (7.293,13.882)
2 10.006 (8.457,14.451) (8.314,13.045) 10.114 (8.458,15.083) (8.313,13.433)
3 11579 (8.747,19.736) (8.219,16.980) 11.869 (8.747,21.214) (8.226,17.863)
4 14775 (7.769,31.869) (8.583,25.565) 16.121 (9.239,35.807) (8.556,27.743)
5 36.075 (10.204,91.576) (8.797,61.068) 47.259  (10.192,112.466) (8.747,70.597)
4 1 1 7608 (6.123,13.102) (6.096,11.139) 7.700 (6.124,13.600) (6.096,11.426)
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14.399
7.780
14.719
9.102
17.170
11.305
14.175
27.433

(6.468,39.296)
(6.262,13.399)
(6.614,40.186)
(7.326,15.675)
(7.738,47.012)
(9.854,16.363)
(10.165,27.014)
(11.038,77.634)
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(6.104,27.748)
(6.234,11.392)
(6.242,28.376)
(7.293,13.327)
(7.303,33.197)
(9.825,14.685)
(9.841,22.487)
(9.691,54.000)

17.782
7.874
18.157
9.211
21.026
11.373
14.479
34.490

(6.471,43.479)
(6.262,13.908)
(6.618,44.463)
(7.326,16.271)
(7.742,52.017)
(9.855,16.775)
(10.169,28.568)
(11.045,87.422)

(6.103,29.797)
(6.234,11.685)
(6.241,30.471)
(7.293,13.670)
(7.301,35.647)
(9.825,14.936)
(9.840,23.392)
(9.702,58.795)

Table 3: Bayesian point predictor and 95% ET and HPD prediction intervals Y.,y fors=1,...,¢.

Scheme s Gp P

Votn ET interval HPD interval Veon ET interval HPD interval

1 1 6.007 (5.612,6.431) (5.601,6.419) 6.004 (5.563,6.472) (5.551,6.459)
2 6.149 (5.717,6.776) (5.673,6.715) 6.158 (5.682,6.865) (5.628,6.791)

3 6.303 (5.819,7.136) (5.748,7.020) 6.326 (5.796,7.286) (5.709,7.137)

4 6.525 (5.937,7.704) (5.833,7.485) 6.569 (5.925,7.954) (5.799,7.669)

5 6.776 (6.051,8.344) (5.921,8.006) 6.847 (6.045,8.722) (5.891,8.274)

6 7.064 (5.822,9.090) (6.011,8.607) 7.167 (6.162,9.633) (5.983,8.981)

7 7.488 (6.303,10.289) (6.107,9.549) 7.645 (6.303,11.114) (6.081,10.100)

8 8.012 (6.462,11.828) (6.203,10.741) 8.251 (6.464,13.061) (6.177,11.543)

9 8.684 (6.651,13.908) (6.299,12.320) 9.056 (6.653,15.758) (6.270,13.491)

10 23635  (7.241,59.313) (6.357,38.681)  44.040  (7.252,79.238) (6.320,47.588)

2 1 6.007 (5.601,6.444) (5.589,6.431) 6.004 (5.553,6.482) (5.541,6.469)
2 6.154 (5.708,6.795) (5.663,6.735) 6.163 (5.673,6.878) (5.621,6.806)

3 6.314 (5.812,7.161) (5.742,7.047) 6.336 (5.789,7.298) (5.704,7.156)

4 6.544 (5.935,7.738) (5.830,7.524) 6.586 (5.921,7.964) (5.797,7.694)

5 6.804 (6.054,8.387) (5.922,8.056) 6.872 (6.048,8.726) (5.894,8.304)

6 7.103 (6.173,9.143) (6.016,8.671) 7.201 (6.172,9.628) (5.991,9.015)

7 7.542 (6.320,10.361) (6.118,9.637) 7.691 (6.323,11.097) (6.096,10.144)

8 8.087 (6.490,11.925) (6.222,10.859) 8.307 (6.497,13.022) (6.200,11.595)

9 8.785 (6.693,14.041) (6.326,12.482) 9.116 (6.702,15.684) (6.303,13.556)

10 23220  (7.322,61.976) (6.385,40.435) 38.452 (7.348,5.520) (6.355,48.960)

3 1 6.102 (5.747,6.481) (5.738,6.471) 6.099 (5.716,6.501) (5.707,6.492)
2 6.229 (5.841,6.783) (5.803,6.733) 6.232 (5.818,6.830) (5.776,6.773)

3 6.367 (5.932,7.095) (5.872,7.000) 6.377 (5.917,7.175) (5.848,7.062)

4 6.565 (6.039,7.582) (5.950,7.404) 6.585 (6.029,7.716) (5.928,7.502)

5 6.787 (6.143,8.124) (6.032,7.852) 6.819 (5.070,8.326) (6.011,7.994)

6 7.040 (6.246,8.748) (6.115,8.363) 7.087 (6.241,9.036) (6.095,8.561)

7 7.408 (6.374,9.738) (6.204,9.156) 7.480 (6.368,10.170) (6.184,9.444)

8 7.859 (6.521,10.986) (6.295,10.144) 7.965 (6.513,11.618) (6.273,10.556)

9 8.428 (6.695,12.638) (6.386,11.431) 8.586 (6.684,13.564) (6.360,12.022)

10 16.889  (7.231,45.147) (6.448,31.318) 22536  (7.216,52.912) (6.417,35.003)

4 1 6.102 (5.750,6.477) (5.741,6.467) 6.099 (5.725,6.491) (5.717,6.483)
2 6.229 (5.841,6.769) (5.807,6.724) 6.230 (5.822,6.802) (5.784,6.753)

3 6.366 (5.932,7.070) (5.876,6.984) 6.373 (5.917,7.125) (5.856,7.029)

4 6.563 (6.038,7.537) (5.955,7.378) 6.577 (6.029,7.629) (5.937,7.448)

5 6.784 (6.144,8.054) (6.038,7.812) 6.807 (6.137,8.192) (6.021,7.912)

6 7.034 (6.250,8.646) (6.124,8.304) 7.069 (6.245,8.8415) (6.108,8.444)

7 7.399 (6.382,9.585) (6.217,9.068) 7451  (6.3781,9.8752) (6.202,9.270)
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8  7.844  (6.53510.760) (6.314,10.016)  7.920  (6.5304,11.1822)  (6.297,10.302)
9 8405  (6.716,12.306) (6.411,11.244) 8514  (6.7104,12.9191)  (6.393,11.651)
10 15539  (7.273,42.984) (6.477,30.416)  17.871  (7.2660,48.0193)  (6.455,32.935)

7. CONCLUSIONS AND DISCUSSION

In this paper, based on Type-ll hybrid progressive censored
scheme the ML and Bayesian estimators of the unknown
parameters for Pareto distribution has been developed. Also,
the problem for deriving one- and two-sample Bayesian
prediction have been discussed.

From the results in Tables 2 and 3, we notice that the point
predictor of the unknown parameters is between the lower and
upper bounds of the prediction intervals. 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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