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Abstract: The current study addresses Bayesian prediction intefmaéxponentiated family distributions observables undgre-II

hybrid censored data. It includes a set of exponentiatadhmitons such as exponentiated linear failure rate, egptiated Weibull
(EW), exponentiated modified Weibull, exponentiated Rayl§ER), exponentiated exponential (EE) distributiae$c. One and
two-sample Bayesian predictive survival function undep&¥l hybrid censored data are derived. Markov chain MonteldC
(MCMC) sampling method utilized to generate samples frorstgrior distributions and Bayesian prediction intervadécuolated.
Numerical results obtained under two exponentiated distions, EEJ) distribution whend is unknown and ERD, y) distribution
when parameterd andy are unknown.
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1 Introduction

Type-l and Type-1l censoring schemes are the most commamplieal censoring schemes. In Type-I censoring scheme,
the number of observed failures is a random variable, whigeeixperimental time is fixed. On the other hand, in Type-II
censoring scheme the experimental time is a random vayiahlk number of observed failures is fixed. Hybrid censgrin
scheme is a mixture of Type-l and Type-Il censoring schemasqgsed firstly by Epsteid] on 1954. The scheme can be
specified as following:
let n items and its ordered failure times Be, <,...,< Xpn. The experiment of Type-I hybrid censoring lasts till
reaching a pre-determined time ®for failure of the pre-specified number n, out of n items. At the random time
T = min(X:n, T), the experiment terminated. In Type-ll hybrid censoriftg experiment termination time 1§ =
max(X;n, T) providing at least failures during the termination time. By takimg=n and T — o, Type-l and Type-
Il censoring are special cases of hybrid censoring schemeritHcensoring scheme is a common censoring scheme
utilized to investigate the statistical inference of vasdybrid censoring scheme in reliability studies. Hybredsored
data arising from various parametric distributions haverb@nalyzed by many authors, see, Chen and BhattacHgrya [
Ebrahimi ], Gupta and Kundu4], Childs et al. p], Kundu [6], Kundu and Pradhar¥], Dube et al. §], Balakrishnan
and Shafay9], Ganguly et al. 10], Singh et al. 11], Deya and Pradharip] and Mohie EI-Din et al. 13].
The prediction problems of the life time models are esskatiandicated by Dunsmoré4l], AL-Hussaini ([L5], [16]),
Balakrishnan and Shafag][and Mohie EI-Din et al. 13], among others. In this paper, we study the prediction wisl
for exponentiated family distributions observables uridgre-11 hybrid censored data.
The exponentiated family cumulative distribution functigdf) is defined as
2\ O
Fe(x;8) = (1-e 0B, (1)

Where d > 0 andA(x; ) is a non-negative, continuous, monotone increasing, réift|able function ofx whereas

A(%B) = 0asx— 0", A(x; B) — o asx — . Fx(x; 8) based on the unknown parametérs- (3, ). The probability
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density function (pdf) corresponding Ex(x; ) is

fx(x8) = 67" (x; B) e A %B) (1 —e <X¢E>) o )

and the survival function is s
Fx(x.8) =1— (1-e 08", 3)

The exponentiated family distributions contains many @gudiated distributions such as exponentiated genedalize
linear exponential, exponentiated linear failure rat@amentiated modified Weibull, exponentiated Gompertz, E®/,

ER, exponentiated Burr Type Xll, exponentiated Lomax, expiiated Pareto, exponentiated Gamma
distributions,...etc. Exponentiated family distributtohave been applied by many authors. For instance, EW family
utilized to analyze bathtub failure data by Mudholkar an@/&&tava 17]. Gupta and Kundu 18] proposed various
interesting properties of the EE distribution, it is clehattthe EE distribution can be utilized effectively to arzaly
diverse lifetime data in place of gamma distribution or Wiiblistribution. The EE has increasing or decreasing thzar
function, like the gamma distribution. In many cases it nhigtovide better data fit to a particular data set than the
gamma or Weibull distribution.

The layout of the paper is as follows. In the following secfidhe prior and posterior distributions based on
exponentiated family distributions are provided. One- @wd-Sample are presented, in addition to Bayesian predicti
survival function discussed utilize MCMC under Type-Il igbcensored sample in section 3. In Section 4, we introduce
the results for the E@) distribution whend is unknown and ER, y) distribution when both parametedsandy and
are unknown. A real life data set is utilized to illustrate fdings for these examples in Section 5. Finally, we catelu
the paper with concluding remarks in Section 6.

2 Posterior Distribution and Conditional Density Function

Suppose thaXj, Xon, ..., Xn:n are the order statistics of random samplg,, Xon, ..., Xn:n. Based on Type-Il hybrid
censored sample, for fixadandT the experiment is terminated at a random tifite= max(X;:n, T), where 1<r <n
and 0< T < . In this case, we have two forms of observations as follows:

Case | Xyjn < ... < XrnwhenX.n > T.

Case 1.Xyn < ... < Xen < Xegan < oo < Xien < T < X if r <k <nandXepn < T < Xgr1n-

Thence, the likelihood function for the above two cases @awlitten as

n! d n—d

|‘| (%:0 [1 FCG)] , (4)

L(x) =

whered andc are respectively given by
r, for Case | Xr:n, for Case |
d - C=
k, for Case Il T, forCasell.

Consider a prior density in the formula (see, AL-Hussaihbf[[16]))

1(d), when onlyd is the unknown parameter 8%(x; 6) ,
me) = (5)
m(3,B), when all parameters &%(x; 8) are unknown
whered andp are independent.
From @) and 6), the posterior density functiom*(8|x), is
d n—d
(e O [ 100 [1-F@] @) (6)
=
From [9] the conditional density function ofs is
Case | s—r—1 n—s
(n—r)! (F(xs) _ F(xr)) (1_ F(xs)) f (%)
f1(x 8) = : , — : (7)
(n—=s)l(s—r—-1)! (1—F(xr))
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wherex = (Xg,...,X ), Xs > % andr < s<n.
Equation ) can be written as

st GO (T () -0 (Roe) T (R o)

_ J
fl(XS|Q) - iZo J; (n—S)! (S—r—l)! (1_F(Xr))n—r . (8)
Case Il
1 s—1
f2(%s|8) = m er fa(xs|x, K =k) P(K = k)
s—k—1 n—s
sl o) (FO-FM) T (1-F00) e o
B k; (s—k—1)!(n—9)! (1—F(T))n_k
P(K=k)

wherex = (Xg,...,X), X > T and@(T) = ———~——.
Yi=r P(K=j)
From ), we get

sasicans GO () () () 0=kt (Fo) T () i

]

fz(xSIQ)=kZr iZO ,Zo (n—s)l(n—k—1)! 53 (n) (F(T))j (1_F(T))n4
J

(10)

LetYim < Yom < ... < Ymm be the order statistics from a future random sample ofrsifrem the same population. Hence
the marginal density function of the sth order statistigs is given by
gYsm(yS|Q) = (

W:”n—s)' (F(YS))S_l (1— F(Ys)) " f(ys)

= TZOS % (Foa)™ " ove). (11)

wherer <s<m.

3 Bayesian prediction using MCMC technique

In this section, we use MCMC techniques to generate sampes posterior distributions, subsequently calculate the
Bayesian prediction intervals.

3.1 One-sample Bayesian prediction

The predictive density functioim(xs|x) of Xgp is

i) = [ £06l8) 7 (8x)d8. 12)

wheref (x| 8) is the conditional density function given b§)(or (10), rt*(8|x) is given by 6).
The predictive survival function ofs asH (xs|x) given by

HO6l8) = [ 06l 0) 7 (Bl de. (13)

where -
(x| 6) = /V (x| 8) dxs. (14)
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Upon substituting®) and (L0) in (14), we obtain

Case | ( L 1)( S) _
srins (—1) (=)t (21— (F(v))s ) (F(x) |
fi (x| 8) = Z) zo n—s)!(s—r—1) (Js—r—i+j)( (1F(Xr)))n(r ) "
Case Il
gy O )0 (1)) )
O & A TS e T () (e o)
3.2 Two-sample Bayesian Prediction
The predictive survival function ofsy, under Type-Il hybrid censoring scheme as follows:
G 8) = [, .0 (15 6) 77 (8]0 6. 17)

where,

Nen0518) = | Pren(e 8)lye

. /Mm-S
ms (<1 (, )m |
- : — S+l
- i;a (s—1)!(m—9)! (s+1) (1 (F(v)) ) s
Since (3 and (L7) do not permit explicit solutions for the prediction bouratsXs,, andYsm, we use MCMC samples
{6 =(8,B),i=M+1,M+2,...,N} a simulation consistent estimatorstdfxs| 0) andG(ys| 8), see Chen et allp], we
get -

N

H(xs0) = g £ (x| 6) Wi, (19)
=M1
and
N
YS|9 g y$| 6)wi, (20)
i=M-+1
. h(6i]x) : r
wherew; = TR M is burn-in.

We noted that for all MCMC samplg® = (§,8),i =M+1,M+2,...,N} can be used to calculatte(xs|8) andG(ys|6).
Moreover, we can obtain the two sided 106- 7)% prediction |ntervaI$L U) for Xsn andYsm through solving equations:

PXsn > LI = A(LIO) =12,  PlXen>UJX =A(UIB) = 5 (21)

T
L
PNem > LIX = G(LI8) =1- 5,  Pl¥am>UJx =G(U[8) = 5. (22)

In this case the analytically solution is not possible, tvermeed numerical technique to comp(ltel ) in (21) and @2).

4 Examples

This section computed the Bayesian prediction intervatsBB(J) distribution whend is unknown and ERD,y)
distribution when parametedsandy and are unknown.
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4.1 Exponentiated Exponential Distribution
In this example, we take (x; B) = x. The cdf and pdf of the E@) distribution respectively given by

5
Fx(x;é):(l—e‘x) . 5>0 x>0 (23)
5-1
fx(x;0) = 5e (1— e’x) . (24)
We consider the conjugate gamma prior &ois
— _ b? a—1,-bd
m(6)=mn(d) = @ 0 *e ™ a b d>0. (25)

From (), the posterior density function is

(3% O 5a+d_1e75(bfzid:lm(lfe—xi)) [1 B (1_ e‘c) 5} nfd. (26)

Hence,t*(d|x) of o take the form
' (3]x) 0 g(3x) h(3x),

where,g(d|x) is a gamma density with shape paramétke a) and scale parametéb —59,In(1- e"‘i)) ,and

h(3lx) = [1- (1) 5} i

Sinceg(d|x) follows gamma, it is quite simple to generate fr@gfd|x). Therefore the algorithm of Gibbs sampling
procedures are as follows:

Algorithm 1:

(1): Start with and°.

(2): Formi = 1 toN, generat&® form gamma distributiog(d|x).

(3): In case of one-sample Bayesian prediction, we get therd@and upper limits through solving non-linear equations

7.

ziNMHf*(ud) (31X) T sN wes UG _ T
P[Xsn > L|X| = =1——, PXsn>U - 27
Pon > L = 20N il o PP =UM="2w " 2 @)
where,
Case |
or s )\ (5Tt % i5
i ins (—1>i+i( ISR (1—(1—6 ) )(1—6 )
_ _1 _ _+ n—r °
zo zo n—s)! r—1!(s—r—i+j) (1_(1_6Xr)5>
Case ll

e O () () o)
o= = .Zﬁ zo n—sl(n—k-Dl(s—k-i+j 3j N
Efr(.) (1 e—) (1—(1_e—T)>

(4): In case of two-sample Bayesian prediction, we get lcavet upper limits through solving non-linear equatio2®) (

N *
St R UONGEN 1 S B, UINEN 1

SN N(3X) 2 B SN N(3]X) 2’

ms (=1 H_FS mi |
FenV19)= 2, 51 (ng—'s}! (5+1) <l‘ (1-¢) W))'

PYsm > L|x| =

where,
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4.2 Exponentiated Rayleigh Distribution

In this example, we take (x; B) = yx2, y > 0. cdf and pdf of the ERY, y) distribution are given, respectively,

2 6
F(X 3, y) = (1— g VX ) . x>0, 3,y>0. (29)
2 2\ 0-1
fu(x 3, y) = 28 yxe ¥~ (1—e—VX) . x>0, 8,y>0. (30)
We assum@ andy are independen§, ~ gamma(ag,b1) , y~ gamma(ay,by), thus
bil a;—1,-b1d bgz 1.-boy
— 1—1 =01 — p—1 =02
(o) o) oM e and 7(y) o) y2 e 2Y

whereay, by, ap, b, > 0.

m(6) = m(5. y) = ME)m(y) = — L2 gyt bud-bey
B I(a1)r (a2)
From @), (9, yIx) is
_ o d 2 76(blfz.dzlln(lfe’yxi2)) o e 2\ 91n-d
(3, ylx) O gtd-tyerd-Levbarsiix) g | e Tha-e" 1 (1-e¥) [ ()

Thereforem°(9, y|x) of & andy can be developed as
(3, vix) 0 01(3]y, X) 92(v1X) h(3, v, |x),

whereg:(d]y, X) is a gamma density with shape paramétet a;) and scale parametébl —59,In(1- e*VXiz)), and
g2(y|x) a proper density function is

Y1 g-vibp+ 3L, ¢)

d vy
|:bl _ zld:lln(l_ efyxlz):| +a1 ezgzlln(lfe v )

92(YIX) =

Moreover,
(3, v, %) = [1- (1~ efvczﬂ i

In this case, we utilize Gibbs sampling procedure to draw MICkamples with the help of importance sampling
technique as proposed b¥(. Sincegy(y|x) is not known, but its plot shows that it is similar to normadtdbution. So,
we utilize the Metropolis-Hastings method to produce randoumbers from these distributions. Moreover, since
01(dly, x) follows gamma, it is quite simple to produce random numbens1;(J|y, x). Hence, the algorithm of Gibbs
sampling procedures for parameewith Metropolis-Hastings technique for parameyer

Algorithm 2:

(1): Start with an(3(9, y(9).

(2): Sett =1.

(3): Generat&!) from gamma distributiony (3|, x).

(4): Generate/!) from g (y|x) using Metropolis-Hastings algorithm with th& {1 o) proposal distribution.

(5): Calculate3®) andyV.

(6): Sett =t + 1.

(7): Duplicate Step 3- 6N times and obtaifidy, y1), (02, Vo), ..., (O, W )-

(8): In case of one-sample Bayesian prediction, we comghéeldwer and upper limits through solving non-linear
equations2).

N * N *
PlXen > L] = 2i=met LG W YY)y T g oy - 2z UG WG W) T o))

SN a1 (&, v[x) 2’ SN a1 h(8, ¥[X) 2’
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where,
Case |
o (_1)i+j (s—r—l) (nj—s) (n—r) <1_ (1_eyv2)5(s—r—i+j)> (1_e,yxr2)i5
Mo,y = Zﬁ Z) n—s)l(s—r—1!(s—r—i+j) s\"' '
(1— (1—e—V><r2) )
Case Il

O T T e A o
f2(v3,y) = KA i/ .
A k; ‘;’ J'; (n=g)t(n—k=1)! (s—k—i+]) Sir (T) (1—efyT2)5j (1—(1—evT2)6> j

(9): In case of two-sample Bayesian prediction, we get theetcand upper limits through solving non-linear equations
(33.

pRVIT] stm(L|(§ ¥)h(d, ylx) 1 17 P[Yem > U|x] = Siiui Ny (U18, ) (8, X

T
Y msa h(8, v[X) 2 N Sme1 (&, ¥1X) -2

ms (~1) ") m |
NnlM1) = i; (s—1)! (ngis))! ) (1— (1_ewz)5(s+>>.

5 Numerical Results

P[Ysm > L|X] = (33)

where,

The procedures developed in the previous sections can Baimeg through presenting a numerical study for(&EE
distribution whend is unknown and ERD, y) distribution when both parametedsandy are unknown.

Example 5.1. To explain the prediction results of the &5 distribution, wherd is unknown, we consider a real life
data given by BjerkedaP[l]. The Kolmogorov-Smirnov (K-S) distance between empliraga fitted distribution function
equals 0.224051 and corresponding p-value equals 0.0611We observed that EB) distribution represents a good fit
to these data, hence these data utilized to examine twaeliffdype-11 hybrid censoring schemes:

Scheme 1. Let = 61 andT = 170, thenT > Xg1-72.

Scheme 2. Let = 63 andT = 170, therxgz.72> T.

According to the two Schemes 1 and 2 , we utilize the finding®duced in Section 4 to construct 95% one-sample
Bayesian prediction intervals for future order statistlgs,, wheres = 64,...,72. In addition, we compute 95% two-
sample Bayesian prediction intervals for future orderigtias Y520, Wheres=1,...,20, from a future sample of size

m = 20. Tables 1 and 2 reported the lower and upper 95% one-séBaglesian prediction bounds fof72, where
s=64,...,72, for selectinga= 0,0.3,0.8 andb = 0, 2, 5. The lower and upper 95% two-sample Bayesian prediction
bounds forYsm,, wheres= 1, ..., 20, for selectinga= 0, 0.5, 1 andb =0, 0.7, 12 are presented in Tables 3 and 4.

Example 5.2. To explain the prediction results of the ER y) distribution, when both parametedsand y are
unknown, let us consider the data given in Table 5. It in@is&89 liver cancers patients from EI-Minia Cancer Center,
Ministry of Health-Egypt, in (1999). The K-S space betweempéical and fitted distribution function equals 0.22785
and corresponding p-value equals 0.02917. It is obviousER&d, y) distribution provides a good fit to the data. For
computational ease, we have divided each data point by 1@0utized these data to examine two different Type-lI
hybrid censoring schemes:

Scheme 1. Let = 28 andT = 70, thenT > Xog:39

Scheme 2: Let = 30 andT = 70, thenxzg.39> T.

We can use the results presented in Section 4 to compute 98%eanple Bayesian prediction intervals for future order
statisticsXs39, Wheres = 31,...,39. In addition, we compute 95% two-sample Bayesian prietichtervals for future
order statistics/s20, Wheres=1,...,20, from a future sample of sizen = 20. Tables 6 and 7 reported the lower and
upper 95% one-sample Bayesian prediction bound¥dars = 31,...,39, for selecting(as, ap, b1, bp), (0.1, 2, 0.6, 3),
(0.2,4,0.8,5). The lower and upper 95% two-sample Bayesian predictiom@storYsm, s = 1,...,20, for selecting
(a1, ap, by, bp), (0.1,2,0.6, 3), (0.2, 4,0.8,5), are presented in Tables 8 and 9.
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Table 1: 95% One-sample Bayesian prediction bound¥g#h, s= 64, ...,72 from the EEJ) distribution in Case |

r==63 and T=170
b=0 b=2 b=5
a s Lx, Ux,, Length Lxe, Ux,, Length Lx, Ux,, Length
64 175294 217.427 421332 175.292 217.258 41.9663 175.2B16.983 41.6928
65 177.979 242927 64.9479 177.961 242.642 64.6810 177.9242.307 64.3668
66 183.106 269.164 86.0584 183.059 268.783 85.7272 183.0REB.405 85.3993
67 190.318 298.505 108.186 190.245 298.157 107.912 190.1387.641 107.503
0 68 199.724 333.316 133.592 199.610 332.916 133.307 189.4532.380 132.924
69 211.825 377.247 165.449 211.658 376.818 165.160 211.487.217 164.780
70 227.732 437.938 210.206 227.529 437.501 209.971 227.2836.844 209.612
71 250.026 535.539 285.927 249.729 535.421 285.682 249.Fm®I.755 285.397
72 286.716 766.505 479.789 286.338 765.954 479.616 285.9085.320 479.419
64 175294 217.490 42.1490 175.292 217.236 41.9442 175.280/7.022 41.7319
65 177.977 242.898 64.9208 177.963 242.664 64.7014 177.242.315 64.3734
66 183.109 269.191 86.0814 183.066 268.860 85.7939 183.08EB.411 85.4045
67 190.322 298.523 108.201 190.260 298.231 107.971 190.12%7.678 107.532
0.3 68 199.732 333.341 133.610 199.624 332.969 133.345 4389.332.385 132.926
69 211.840 377.312 165.473 211.680 376.878 165.198 211.4516.285 164.823
70 227.749 437.975 210.226 227.541 437.521 209.980 227.2685.902 209.644
71 250.043 535986 285.943 249.780 535.515 285.735 249.4234.878 285.453
72 286.693 766.468 479.774 286.383 766.020 479.637 285.9185.323 479.418
64 175294 217.461 42.1673 175.292 217.293 42.0004 175.2207.046 41.7553
65 177.983 242994 65.0117 177.966 242.712 64.7462 177.982.375 64.4303
66 183.118 269.251 86.1335 183.071 268.903 85.8319 183.(A@8.497 85.4791
67 190.347 298.645 108.298 190.261 298.229 107.968 190.1E%7.728 107.571
0.8 68 199.760 333.447 133.687 199.644 333.042 133.397 4@B9. 332.415 132.948
69 211.888 377.444 165.556 211.707 376.955 165.248 211.4916.361 164.871
70 227.813 438.116 210.303 227.588 437.626 210.039 227.30®7.014 209.705
71 250.073 536.034 285.961 249.814 535573 285.759 249.834.909 285.466
72 286.816 766.650 479.834 286.417 766.069 479.616 285.9835.407 479.445

6 Conclusions

1.The Bayesian prediction intervals for exponentiatedifadistributions utilizing Type-Il hybrid censored is deed.
Two examples are given: EB) distribution wher is unknown and ER, y) distribution wherd andy are unknown.
The result obtained in Section 3 can be applied to EW, expaated Burr Type Xl distributions ,...etc.

2.1t can be seen from Tables 1-4 and 6-9, the correspondidthweif the Bayesian prediction bounds increase as s
increases.

3.1t has been noticed from Tables 1 and 2, in case of one-sal@gylesian prediction of the EE distribution, the lower
as well as the upper bounds are comparatively insensititheetepecification of the hyper-parametg@sh).

4.1t is evident from Tables 6 and 7 that, in the case of the ERidution, lower and upper bounds are sensitive to the
specification of the hyper-parametéssg, ap, by, by).

5.1t has been noticed from Tables 3, 4 and 8, 9, in case of amapte Bayesian prediction, lower and upper bounds are
sensitive to the specification of the hyper-paramei®rls) and(as, ap, b1, by).

(@© 2018 NSP
Natural Sciences Publishing Cor.



J. Stat. Appl. Pro7, No. 2, 307-319 (2018)www.naturalspublishing.com/Journals.asp

N <SS 2 315

Table 2: 95% One-sample Bayesian prediction bound¥g#h, s= 64,...,72 from the EEJ) distribution in Case I

r=61 and T=170
b=0 b=2 b=5
a s Lxe, Ux,, Length Lx, Ux,, Length Lxe, Ux,, Length

64 171.822 239.699 67.8770 171.730 239.204 67.4738 171.528B.423 66.3800

65 174.251 260.322 86.0713 174.013 259.799 85.7864 173.588B.704 85.1237

66 179.121 284.019 104.898 178.534 283.264 104.730 177.6282.048 104.402

67 186.635 311.375 124.741 185.927 310.675 124.748 184.65¥.462 124.803

0 68 197.371 345.108 147.737 196.383 344.181 147.798 1B4.8342.821 147.979
69 210.650 387.801 177.151 209.607 386.826 177.219 208.(B&b.511 177.436

70 227.740 447.356 219.616 226.824 446.480 219.656 225.1424.950 219.798

71 251.373 544.436 293.064 250.363 543.441 293.078 248.@321.824 293.141

72 289.456 773.871 484406 288.315 772.714 484.399 286.6ABL.075 484.429

64 171.833 239.754 67.9202 171.740 239.258 67.5186 171.628B.502 66.8969

65 174.332 260.515 86.1832 174.003 259.751 85.7482 173.6%8.870 85.2334

66 179.110 283.971 104.860 178.654 283.432 104.778 177.7222.155 104.433

67 186.890 311.641 124.751 186.049 310.820 124.771 184.830.610 124.785

0.3 68 197.434 345.138 147.705 196.406 344.181 147.782 98DB4. 342.940 147.960
69 210.737 387.874 177.137 209.799 387.043 177.244 208.3%H.581 177.477

70 227.838 447.438 219.600 227.029 446.669 219.671 225.25.015 219.792

71 251.427 544.482 293.054 250.363 543.421 293.058 248.7361.853 293.114

72 289.509 773.906 484.397 288.480 772.875 484.395 286.86BL.300 484.435

64 171.850 239.851 68.0013 171.759 239.369 67.6096 171.623B.559 66.9406

65 174.354 260.572 86.2180 174.062 259.882 85.8198 173.6%8.985 85.2980

66 179.289 284.252 104.963 178.666 283.406 104.740 177.7282.245 104.450

67 187.020 311.766 124.747 186.189 310.952 124.762 184.9819.769 124.807

0.8 68 197.488 345.153 147.665 196.550 344.299 147.750 1095. 343.024 147.914
69 210.998 388.158 177.160 209.895 387.089 177.194 208.3@b5.750 177.352

70 228.080 447.667 219.588 226.944 446.569 219.626 225.5b.272 219.748

71 251.673 544.718 293.045 250.595 543.641 293.047 249.0B®.180 293.127

72 289.679 774.076 484.397 288.756 773.165 484.409 286.9921.415 484.423

Table 3: 95% Two-sample Bayesian prediction bound¥gfp, s= 1,

...,20 from the EEJ) distribution in Case |

r==63 and T=170
(a,b) (0,0) (0.5,7) (1,12

S Lxe, Ux,, Length Lx, Ux,, Length Lxe, Ux,, Length

1 0.77184 35.6488 34.87696 0.40186 29.4732 29.07134 (9258%.95170 25.69301
2 4.00928 49.6047 45.59550 2.62063 42.4926 39.87200 119198B.05560 36.13660
3 8.22637 61.9211 53.69470 5.82628 54.1920 48.36572 4862149.30370 44.68190
4 12.8310 73.4937 60.66260 9.60859 64.8404 55.23180 70864:0.14170 52.27740
5 17.9060 85.4790 67.5731 13.7772 76.0993 62.32210 11.568%33450 58.77110
6 23.1986 96.643  73.3443 18.3635 86.9843 68.6207 15.8072.4048  65.59760
7 28.8399  108.41 79.5704  23.4637 98.7961 75.3324  20.3948.68%2  72.2905
8 347793 120.739 859599 28.8559 110.815 81.9595 25.418D4.48  79.0617
9 41.2957 134.772 93.4762  34.6987 123.6 88.9013  30.9407 .5137 86.5743
10  48.3102 148.631 100.321 41.2532 138.072 96.8184 37.04031.152  94.1113
11 55.8574 164.402 108.544 48.1071 152.759  104.652 43.69%16.288 102.563
12 63.8974 181541 117.644 55.866 169.754 113.888 50.95682.836 111.900
13 728263 200.118 127.291  64.198 188.527 124.329 59.46382.249  122.786
14 83.1246  223.13 140.006  74.0783 211.36 137.282 68.37163.128  134.762
15  94.3641 248.855 154.491 84.8968 236.983 152.086  79.44829.914  150.466
16 107.608 281.276 173.668 97.5308 268.802 171.271 91.66281.389 169.727
17 123.103 322.656 199.552 112.826 310.095 197.269 106.5802.773 196.182
18  142.057 380.241 238.183 131.466 368.047 236.581 125.2860.667  235.383
19 167.869 475.391 307.523 157.303 463.844 306.541 150.4885.956 305.499
20  209.040 703.247 494.207 197.699 691.155 493.456  190.3883.108  492.715
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r==63 and T =170

Table 4: 95% Two-sample Bayesian prediction bound¥@fp, s=1,...,20 from the EEJ) distribution in Case Il

(a,b) (0,0) (0.5,7) (1,12

5 Lxe, Ux,, Length Lxe, Ux,, Length Lx, Ux,, Length
1 0.79302 36.1067 35.31368 0.41251 29.9685 29.55599 (04262865.0077 25.74566
2 4.06531 50.6138 46.5485 2.65352 42.8279 40.1743 1.9942831%2  36.8369
3 8.26958 62.6093 54.3397 5.8488 53.8481 47.9993 4.6159437Q0® 44.7541
4 12.9341 73.6194 60.6852 9.66476 65.3284 55.6636 7.902ZR93&3  52.0361
5 17.9301 84.9416 67.0115 13.9061 77.5204 63.6143 11.67584746  58.7987
6 23.3825 97.1678 73.7853 18.5767 87.8353 69.2586  15.796R28B5  65.4846
7 28.9834 109.167 80.1836  23.5009 98.7146  75.2137 20.56582842  72.7190
8 34.9808 121.217 86.2358 28.9232 110.719 81.7958 25.64715.284  79.6160
9 41.3681 134.687 93.3193 34.9921 125.226 90.2335 30.913b7.481 86.5673

10 48.3028 148.410 100.107 41.3257 138.196 96.8700 37.10B%1.280 94.1710
11 56.1538 165.025 108.871 48.2805 153.318 105.038 43.94146.912 102.965
12 63.9793 181.162 117.183 55.9008 169.786 113.885 51.231K43.343 112.106
13 73.1566 200.494 127.338 64.4612 188.991 124530 59.51180.224  122.712
14 82.8610 221.955 139.094 74.3209 211.340 137.019 68.74A®3.489 134.747
15 94.4406 248.649 154.208 85.2162 237.510 152.294 79.68530.185  150.499
16 107.769 281.576 173.807 97.9615 269.496 171.535 92.060%.018 169.958
17 123.256 322.574 199.318 112.564 309.528 196.964 106.88%.930 196.065
18 142,505 380.874 238.369 132.081 368.797 236.715 125.483.828 235.425
19 168.355 475.975 307.521 157.557 463.965 306.408 150.6426.300 305.686
20 209.314 703.557  494.242 197.698 690.976 493.278 190.42.138 492.716

Table5: Survival times (in days) of liver cancers patients

10 14 14 14 14 14 15 17 18 20
20 20 20 20 23 23 24 26 30 30
31 40 49 51 52 60 61 67 71 74
75 87 96 105 107 107 107 116 150

Table 6: 95% One-sample Bayesian prediction boundX¥gfy, s= 31,...,39 from the ERJ, y) distribution in Case |

r=30 and T=70
(6.17 b]_7 ap, bz) (0.17 2, 0.67 3) (0.27 4, 0.87 5)

S Lxe, Ux,, Length Lxe, Ux,, Length

31 74.1210 92.5085 18.3875 74.1465 96.1958 22.0493
32 75.2330 104.018 28.7845 75.4720 110.039 34.5675
33 77.1971 112.760 35.5625 77.9325 123.072 45.1396
34 79.8629 121.843 41.9800 81.3086 139.817 58.5087
35 83.4422 138.492 55.0499 85.5040 156.531 71.0272
36 88.0565 160.877 72.8209 90.9748 178.430 87.4554
37 93.1241 174.234 81.1095 97.5746 221.112 123.538
38 99.6728 193.681 94.0086 105.602 235.431 129.829
39 110.724 257.776 147.052 119.808 295.055 175.247
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Table 7: 95% One-sample Bayesian prediction bound¥gfo, s= 31,...,39 from the ERJ, y) distribution in Case I

r=28 and T=70
(8.]_7 b]_7 ay, bg) (0.17 27 0.6, 3) (0.27 4, 0.8, 5)

5 Lx, Ux,, Length Lx, Ux,, Length

31 70.4928 101.289 30.7962 70.7403 111.693 40.0953
32 71.0461 115.039 43.9925 71.6041 128.043 56.4386
33 71.9192 122.031 50.1119 72.6661 129.739 57.0729
34 73.1369 135.254 62.1175 75.9007 147.449 58.5087
35 76.2165 146.430 70.1239 79.7631 166.265 86.5019
36 80.9166 169.194 88.2770 86.8236 196.417 109.593
37 90.9685 206.007 115.039 94.2483 243.716 149.468
38 97.5879 211.852 114.264 103.448 249.167 145.718
39 108.174 261.025 152.850 117.471 298.560 181.089

Table 8: 95% One-sample Bayesian prediction bound¥sgf, s= 1,...,20 from the ERJ, y) distribution in Case |

r=30 and T=70
(a1, by, ap, by) (0.1,2,0.6,3) (0.2,4,0.8,5)

S Lx, Ux,, Length Lx, Ux,, Length

1 0.03824 16.8492 16.8110 0.01602 14.6455 14.6295
2 0.52757 24.3935 23.8659  0.30029 22.5789 22.2786
3 1.45372 18.5058 17.0521 1.11478 29.5454 28.4306
4 2.67354 28.8629 26.1893 2.42722 37.2318 34.8046
5 5.15485 41.7161 36.5613  3.92650 44.0185 40.0920
6 7.66935 46.5578 38.8884 6.19380 49.3211 43.1273
7 10.6157 56.0661 45.4504 9.13160 64.2265 55.0949
8 12.9124 65.3622 52.4497 12.0233 72.1548 60.1315
9 16.5328 69.4780 52.9452  15.3964 71.0766 55.6802
10 20.5064 76.5500 56.0436  19.3209 81.3380 62.0171
11 24.5619 81.3755 56.8137 24.0498 92.0755 68.0257
12 28.7324 93.5942 64.8618  28.2890 98.5833 70.2943
13 33.3905 98.9126 65.5221 33.8132 112.162 78.3491
14 37.5301 101.216 63.6862 39.4961 121.781 82.2852
15 44.0727 119.586 75.5130 45.5419 131.563 86.0209
16 50.9219 131.271 80.3488 52.5118 149.640 97.1278
17 56.0859 142.284 86.1981 60.9624 185.198 124.235
18 65.4389 166.910 101.471 69.3278 184.977 151.649
19 73.8568 200.507 126.651 81.3575 225.582 144.224
20 89.4045 233.445 144.041 97.8258 288.318 190.492
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Table 9: 95% One-sample Bayesian prediction boundsef, s= 1,...,20 from the ERJ, y) distribution in Case Il

r=28 and T=70
(6.17 b]_7 ao, bz) (0.17 2, 0.67 3) (0.27 4, 0.87 5)

S Lxe, Ux,, Length Lxe, Ux,, Length

1 0.03447 15.7089 15.6744 0.01302 13.7507 13.7377
2 0.51945 23.1007 22.5812 0.24221 21.9969 21.7546
3 1.39082 32.6462 31.2554 1.00724 29.4567 28.4495
4 3.17143 36.1015 32.9301 2.25483 38.4734 36.2186
5 5.40420 46.2500 40.8458 3.87887 44.3140 40.4351
6 7.10627 48.0975 40.9912 5.83209 49.7065 43.8744
7 10.0213 56.8367 46.8154 8.64751 57.9587 55.0949
8 13.3055 63.3451 50.0396 11.9291 68.1493 56.2202
9 17.3587 69.6019 52.2432 15.1386 76.2789 61.1402
10 19.1977 74.0190 54.8213 19.6895 85.4603 65.7708
11 24.0745 83.9021 59.8275 23.4840 89.0166 65.5326
12 29.1537 93.6459 64.4923 28.9306 112.451 83.5203
13 33.2964 98.3151 65.0187 34.4942 120.436 85.9414
14 39.4523 108.258 68.8060 40.3178 129.787 89.4690
15 44.2093 118.523 74.3137 47.4760 153.077 105.601
16 51.5572 145.788 94.2304 54.7259 160.069 105.343
17 58.2895 148.468 90.1782 62.6288 179.496 116.868
18 68.8551 179.557 110.702 71.5247 200.879 129.354
19 77.4139 212.603 135.189 84.8466 239.624 154.778
20 91.4764 246.546 155.070 101.177 296.807 195.630
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