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Abstract In this paper the prediction problem is studied under members of a class I* of multivariate distri-
butions, constructed by AL-Hussaini and Ateya (Stat Pap 46:321-338, 2005; J Egypt Math Soc 14(1):45-54,
2006). More attention is given to bivariate compound Rayleigh distribution, which is a member of this class,
as illustrative example.
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1 Introduction
This section deals with a class of continuous distributions J and its multivariate version J*, and the generation

of a multivariate sample from J*, and one and two-sample predictions.
Suppose that a class J of distribution functions is of the form

J = {F F = Fxjo(x]0) =1 —exp[—08i,(x)],

Ofa<x<b§oo,(9,5>0,(9,8,17)e§2)], (1.1)
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where @ and b are non-negative real numbers such that ¢ may assume the value zero and b the value infin-
ity, A,(x) is a continuous, monotone increasing, and differentiable function of x such that A,(x) — 0 as
x—a', Ay(x) — oo asx — b~ and 7 is a parameter (could be a vector), (6, §, n) belongs to a parameter
space 2. This class covers some important distributions such as the Weibull, exponential, Rayleigh, compound
Weibull, compound exponential (Lomax), compound Rayleigh, Pareto, power function, beta, Gompertz and
compound Gompertz distributions, among others. The failure rate and survival functions corresponding to
F € 3 are, respectively, 8«9)»;7(x) and e~?%%1%) 5o that the probability density function (pdf) is given, for
0<a<x<b<ooby

d(Ay)

fxi0(x]0) = 804, (x)exp[—054,(x)], where A (x) = p

(1.2)

The class I was used by AL-Hussaini and Osman [10], AL-Hussaini [4], Ahmad [1,2], Ahmad and Fawzy
[3], AL-Hussaini and Ahmad [5,6], and Jafar et al. [13].

1.1 A class of multivariate distributions

AL-Hussaini and Ateya [7,8] constructed a class of multivariate distributions by compounding members of
the class I with the gamma distribution. The resulting multivariate distributions form a class J*, given by

R —[F*‘F*—Fx(x) /fx(u)du]

where [ = [;'... [5,u = (u1,...,ux).du = dug...du; and fx(x) is the pdf of the random vector
X =(Xy1,..., Xp), glvenby
Mo+ k) k / —(a+k)
fx(e) = == [ilj[lc,-)\m (x;) ] {1 + chxm (x;) } (13)
c,-=5,~//3,705a<x,-<b§oo, i=1,2,.

It was assumed that ® is a positive random variable following the Gamma (¢, 8) distribution with pdf
ge(0) given by

ge(0) = ﬁ( )9“ e 6>0, (@>0,8>0). (1.4)
The pdf fx (x) in (1.3) may be obtained by writing
oor k
fx(x) = / [H fxi@(x,-|0)] go(0)do.
0 i=1

Maximum likelihood and Bayes estimation of the parameters of members of the class I* were obtained by
AL-Hussaini and Ateya [7,8] and particularly when the underlying population distribution is bivariate com-
pound Weibull or bivariate compound Gompertz.

1.2 Generation of a multivariate random sample of size n from the class J*

Assuming that Fx,e(x;[0) = 1 — exp[—08ir, (x;)] and go(@) = B*0* 'e™P?/I'(a), an observa-
tion x;; is obtained by first generating 6; from Gamma («, B), u; from U(0, 1) and then setting x;; =
)fr;-l(_(l” u;j)/0;é;),j = 1,2,...,n,i = 1,2,..., k. This is repeated until we obtain the required mul-
tivariate random sample.
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1.3 One-sample prediction

Suppose that x| < xp < --- < x, be the informative type II censored sample, representing the first r ordered
lifetimes of a random sample of size n drawn from a population with pdf fx(x), cumulative distribution
function (cdf) Fx (x) and reliability function (rf) R(x). In one-sample scheme the Bayesian prediction intervals
(BPI’s) for the remaining unobserved future (n — r) lifetimes are sought based on the first » observed ordered
lifetimes.

For the remaining (n — r) components, let y; = x,4¢ denote the future lifetime of the sth component to
fail, 1 <s < (n —r). The conditional density function of ys given that the » components had already failed is

g1(3510) o [R(x,) — ROHI“VIRGOT IR fx (3510), v > x,, (1.5)

0 is the vector of parameters.
The predictive density function is given by

g)lk(ys|x) = /gl(yslé’)ﬂ*(alx)d(), Vs > Xp, (1.6)
(S}
where 7*(6|x) is the posterior density function of @ given x and x = (x, ..., x,).

A (1 — 1) % BPI for y; is an interval (L, U) such that

o0

T
P(Ys > Lix) = /gi"(yslx)dys =1- 5 L > x, (1.7)
L
o0
T
PY; >Ulx) = /gf(yﬂx)dys =5 U > x,. (1.8)
U

By solving Equations (1.7) and (1.8), we get the interval (L, U).

1.4 Two-sample prediction

Letx;i <x» <--- <xrand 71 < 22 < --- < z, represent informative (type II censored) sample from a
random sample of size n and a future ordered sample of size m, respectively. It is assumed that the two samples
are independent and drawn from a population with pdf fx (x), cdf Fx(x) and rf R(x).

Our aim is to obtain the BPI’s for z5, s = 1,2, ..., m. The conditional density function of z;, given the
vector of parameters 6, is
82(z410) o [1 — RE)I“ " V[R@)I" ™ fx (z410), 25 >0, (1.9)

0 is the vector of parameters.
The predictive density function is given by

g (z5]x) = /gz(zs|9)7f*(0IX)d0, zs > 0, (1.10)
(]
7*(@|x) is the posterior density function of @ given x and x = (x1, ..., x,).

A (1 — t) % BPI for z; is an interval (L, U) such that

00
T
P(Zs > Lix) = /g;(Zslx)dZs =1- E’ (1.11)
L
o
T
P(Z; > Ulx) = /g;(zﬂx)dzs = 3 (1.12)
U

By solving Equations (1.11) and (1.12), we get the interval (L, U).
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2 Bayesian prediction intervals for future bivariate observations

The main goal in this section is to study the one-sample and two-sample prediction problems in case of bivariate
informative observations.

While ordering a set of univariate random variables is a clear and straight-forward matter as it can be done
by simply ordering the set of random variables, such ordering is not as clear if we are dealing with a set of
random vectors.

Barnett [11] classified the principles used for ordering multivariate data into four principles: marginal,
reduced (aggregate), partial and conditional (sequential) ordering. An interesting detailed discussion of such
principles with illustrative examples are given in Barnett’s paper.

In our paper, we wish to predict bivariate random vectors. The first components of the predicted random
vectors are based on the ordered first components of the informative sample, as it is done in the univariate
case. To predict the second components, we compute the norms of each vector of the informative sample,
order the norms and then predict the future norms as it is done in the univariate case. The relation between
the components of vectors and norms enables us to obtain the second components of the predicted vectors.
In other words, we obtain the second component of a predicted vector from the knowledge of the values of
the first component and the norm of the vector. Ateya [9] used this point of view to obtain the BPI's of future
observations from bivariate truncated generalized Cauchy distribution.

2.1 One-sample prediction

Let (x1, y1), ..., (x/, yr) be the first r bivariate informative observations from a random sample of size n
of bivariate observations. Suppose that the first components of such informative vectors are ordered, that is
X] < X3 < --- < x, and that their norms are given by z1, 22, ..., 2.
To obtain BPI's for the remaining future vectors, denoted by (x}, y{),..., (x;_,, yi_,), where x| <
x3 <---<xy_.and norms 7} < 25 < --- < z;_, we apply the following steps:
1. basedonorderedzy, z2, ..., z,,denoted by z1., 22, . . ., Zr.» compute the BPI’sforz}, s = 1,2, ..., (n—
r), say (Lis, Uis),
2. basedonxj < xp < --- < x, compute the BPI's for x}, s = 1,2, ..., (n — r), say (Lo, Uas),

3. from(1)and (2),compute the BPI'sfory}, s = 1,2, ..., (n—r) whichare ([L3,— L3 1V/2, [U} —U3,1"/?).
This is true, since 7 = (x*2 4 y*2)1/2,

4. from (2) and (3), the BPI's for (x},y}),s = 1,2,..., (n — r) is (Lo, [L}, — L31'/?), (Uay, [U, —
U22s]1/2)'

2.2 Two-sample prediction

In this case the first  bivariate informative observations (x1, y1), . .., (x;, ¥-) from a random sample of size

n is such that x; < x2 < --- < x, with norms z1, 22, ..., z-. An independent future sample of size m is

O X7 -0 (0 Xp,), Where x < x5 < --+ < x,, and norms zj < z5 < -+ < z,. To obtain the BPI's of

the future sample, we apply the following steps:

1. basedonorderedzy, z3, ..., z,,denoted by z1., z2.r, . . ., Zr- compute the BPI's forzi,s =1,2,...,m,
Say (LIS’ UIS)9

2. basedonxj < xp < -+ < x, compute the BPI’s for x}, s = 1,2, ..., m, say (Lay, Uay),

3. from (1) and (2), compute the BPIs for y*, s = 1,2, ..., m which are ([L? — L3 ]/, [U}, — U1'/?).
4. from (2) and (3), the BPD’s for (x}, y¥), s = 1,2,...,mis (Las, [L3, — L3 1V/?), (Uay, [UZ, — U3 1Y?).

3 One-sample prediction in case of (BVCR) distribution

If, in (1.3), k = 2, A,(x) = x%, 4, (y) = y%,81 = 8 = lsothatc; = ¢ = 1/B = ¢, then (X, Y) has a
bivariate compound Rayleigh (BVCR) pdf, given by

Fxy @, y) =dal@+ DPxy[l +cx® +yH)]7@2, x>0, y>0. (3.1)

Springer



Arab J Math (2012) 1:283-293 287

The marginal pdf’s of the random variables X and Y are given, respectively, by

Fx(x) = 2acx[1 +cx?17@D ) x>0, (3.2)

Fr(y) =2acy[l +cy?17@D  y > 0. (3.3)
In this section we apply the steps given in Sect. 2.1.
Step 1

The norm Z of the vector (X, Y) is given by Z = (X2 + Y2)!/2. In Appendix A the pdf and hence cdf and
rf are derived. Such functions are given by

f2(2) = 2a(a + A1 +¢2217@? ) 2 >0, (3.4)
Fz(z) =1 —acz?[1 +¢z217 @D —[1+¢2°17%, z>0, (3.5)
R(z) = acz?[1 4+ cz217 @Y 4 [1 +¢2217%, z>0. (3.6)

From (3.4) and (3.6), the conditional density of Z; given (c, ) is obtained (see Appendix B), as

*
2(ky—j —aki— i—o—
g1 e a) o D By jusc e (o + NPTV g gy mekithit e

xz220=D (] 72, yToke—hetl (3.7)
where
* s—1 ki ko s—1\ /kiN k2
£55%a-()0)()
i=0 j=0 (=0 i J !

withkj=n—r+i—s,ko=s—i—(n—r)y—1l,ks=1—j—landks = —j — [.
Suppose that the prior belief of the experimenter is given by the pdf
w(c,a) = mi(cla)m(a), cla ~ Gamma(cy, o) and « ~ Gamma(ca, ¢3).
So that

(e, @) acl+czflcclflefot(c+63). (3.8)
The likelihood function of (c, o) given Zy., ..., Z,., is given by

Lc,alziy, .. zrr) o< [Rz)I™ [] £

i1=1

. 3, —(@+2)
n—r . nm—r
=2r0{rc2r(a+ 1)r HZ[] H(1+CZI21) Z( )an—r—llcn—r—ll
i i 1 h
XZ,%:(:l_r_ll)(l + ngzr)—ot(n—r)—(n—r)—i-ll . (3.9)
Since the posterior density 7*(c, ®|z1:y - .., Zry) X 7T(C, ) L(c, ®|Z1: - -+, Zrr), it fOllows, from (3.7) to
(3.9) that
K%
1(Zkle. o)™ (. alzr, .. 2r) = A D B} g e treamii=h
. 3 P —(a+2)
—j—l=l1— 20k —j)+3
Xan+cl+cz j—l—0I l(a+ l)r-‘rl Hzil H(l +CZZ'21) Z;k( (k1—j)+3)
i

i
X(l +CZ;Q)_akl_k1+j_a_223:(}‘f_i_ll_l_1)(1 +C'Z,%:r)_a(s_i_1)_S+i+ll+l+l

X exp[—ac — acs3], (3.10)
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where A is a normalizing constant and

K3k * Nn—r n—r
J— * p— P
> =23 =)
11=0 l

1

It then follows, from (1.6) and (3.10) that the predictive density function of Z} is given by
o0 0
81 @ |zrs s 2rr) =//g1(zi‘|c, ) (e, alzr, ..., 2 )deda. (3.11)
0 0

To obtain (1 — ) % BPI for Z}, say (L1, Uis), we solve the following two nonlinear equations, numerically,

oo

T
P(Z;k > Lislztrs oo 2ry) = / gT(Z;k|Zl:ry ce er:r)de; =1~ E, Lig > zpp, (3.12)
L
00
T
P(Z;F > Uislzirs o5 2rr) = / gik(z;k|zl:ra ce aZr:r)dZ;k = E, Uis > 2p:r. (3.13)
Uy

Step 2
By using the pdf (3.2) and its cdf, the predictive density function of X} can be written as follows

o X0
gl (xxt, .oy xp) =//g1(x;k|c, a)n*(c,alxy, ..., x)dcda, (3.14)
0 0
where

s—1 r
gi(x}le, )m (e alxr, ... x) = A1 D Biyca ot (T,
i=0 i

, —(a+1)
X H(l +C.xl~21) x;k(] +Cx:2)(—ot(n—r+i—s+l)—l)(] +Cx3)—0{(s—i—1)
i
X exp[—oc — acs], (3.15)

s—1
where A is a normalizing constant and B; ; = (— 1)

i
To obtain (1—1) % BPIfor X}, say (Lo, Uay), we solve the following two nonlinear equations, numerically,

o0
* _ * ok * __ i
P(X; > Loglx1,...,x) = grxdlxt, ..o xp)dxy =1 — > Lo > x,, (3.16)
LZ.Y
o
T
P(X} > Uslxi, ..., x;) = /g’f(x;‘|x1, ce Xp)dx] = 5 Uss > x,. (3.17)
UZS

Step 3
From Steps 2 and 3, a (1 — 7) % BPI for Y;* is (L7 — L3 1Y%, [U}, — U31Y?).
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4 Two-sample prediction in case of (BVCR) distribution
In this case we apply the steps in Sect. 2.2 as follows

Step 1
Substituting from (3.4) and (3.6) in (1.9) and then using (3.8) and (3.9) we can write

ksk
—l+k—j+1
g(ZEle, ) (. alzi, o 2r) = A D Bf AT

- - —(a+2)
TIPS i 2(k—j)+3
wxgttertetk—j l'((x + 1)r+1 Hzil H(l +CZI-2]) Z;k( (k—j)+3)

i i
X(l +CZ;Q)7otk7k+j7a72zz:(rnfrfll)(1 +czgzr)fa(n7r)7(nfr)+ll

X exp[—oc — acs], 4.1)
where

o sl koo NN
ZZZZZ’B:LS,mZ(_l)i( )()( ), k=m-—s+1,

i=0 j=01,=0 i h

and A is a normalizing constant.
It then follows that the predictive density function of Z; is given by

o0 o0
8 (5|2 o 2rr) =//gl(z;"lc, ) (e, |zt ..., zr)de da. 4.2)
0 0

To obtain (1 — ) % BPI for Z}, say (L5, Uis), we solve the following two nonlinear equations, numerically,

o
T
P(Z;( > Lislzts ooy Zry) = / g;(zﬁzlzr: cees Zr:r)dzj =1- 57 Lis >0, 4.3)
L
o0
k % k * T
P(Zs > Uislziyy ooy 2rr) = / & (Zs 210 v Zr:r)dzs = Ea Uis > 0. 4.4)
Uis
Step 2
Using the pdf (3.2), its cdf and the same prior as in (3.8) the predictive density function of X is given by
o0 0
& (51X, - xp) =//gz(x‘§‘lc, a)*(c, alxy, ..., x)dcda, (4.5)
0 0
where
s—1 r
ga(xfle, )™ (c,alxr, ... x,) = Ay D Bisc a1t T x,
i=0 i
, —(a+1)
X H(l +C.xl~21) x;k(l +Cx;k2)(—a(m+i—s+1)—l)(1 +Cx3)—a(n—r)
i
X exp[—ac — acs], (4.6)
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where A is a normalizing constant and

] s—1
B,»,s=(—1>’( )

To obtain (1 — t) % BPI for X, say (Lag, Uas), we solve the following two nonlinear equations, numerically,

o0
T
P(X? > Losl|x1, ..., x;) = /gi‘(x;"bcl,...,xr)d)c;k =1- 5 Log > 0, 4.7
Lo
o0
% %k * k T
P(X; > Ulxy, ..., x) = / & (xlxr, .o xp)dxg = > Ups > 0. 4.8)
U2s

Step 3
From Steps 2 and 3, a (1 — 7) % BPI for Y is (L3 — L3 1'/2, [U}, — U31'/2).

5 Numerical example

In this section we follow the steps

Table 1 One-sample prediction 95 % BPI’s for z}, yi and x, s = 1,2,3

r €1,62,¢3 o c 7] 75 %
1 9,743 9,865 9,897

10 2 (3.9064, 5.6565) (4.4398, 6.6373) (4.8985, 7.8809)
3 1.7501 2.1975 2.9824
1 9,633 9,742 9,799

20 1,15,2 0.76,1.3 2 (3.8761, 5.4953) (4.4523, 6.4451) (4.8723,7.1942)
3 1.6192 1.9928 2.3219
1 9,580 9,612 9,687

45 2 (3.7670, 4.8779) (4.3687, 6.1819) (4.7585, 6.8615)
3 1.1109 1.8132 2.1030

r ci, 2,03 o, c xy x5 x5
1 9,611 9,841 9,884

10 2 (2.4110, 3.0393) (2.7269, 3.7051) (3.1654, 4.4564)
3 0.6283 0.9782 1.2910
1 9,588 9,623 9,716

20 1,1.5,2 0.76,1.3 2 (2.3720, 2.9688) (2.5971, 3.4690) (3.0912, 4.1933)
3 0.5968 0.8719 1.1021
1 9,541 9,592 9,610

45 2 (2.2891, 2.7694) (2.4870, 3.2379) (2.9714, 3.9531)
3 0.4803 0.7509 0.9817

r ¢y, 2, C3 o, c i y; i
1 9,740 9,804 9,867

10 2 (3.0736, 4.7706) (3.5036, 5.5069) (3.7389, 6.4999)
3 1.6970 2.0033 2.7610
1 9,689 9,708 9,768

20 1,1.5,2 0.76,1.3 2 (3.0655, 4.6243) (3.6164, 5.4319) (3.7661, 5.8457)
3 1.5588 1.8154 2.0796
1 9,588 9,650 9,712

45 2 (2.9917, 4.0155) (3.5917, 5.2661) (3.7167, 5.6083)
3 1.0238 1.6744 1.8916

1, Number of samples which cover the BPI’s from 10,000 samples; 2, BPI’s for z}, x;, y; 3, length of the BPI’s
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Table 2 Two-sample prediction 95 % BPI’s for z¥, y¥ and x}, s = 1,2,3

r c1, €2, C3 o c ] z 23
1 9,698 9,778 9,865

10 2 (1.4319, 2.1823) (2.2627, 3.4651) (3.3804, 5.2912)
3 0.7501 1.2014 1.9108
1 9,579 9,645 9,703

20 1,15,2 0.76,1.3 2 (1.4053, 2.0401) (2.2816, 3.1608) (3.2239, 4.5159)
3 0.6348 0.8792 1.2920
1 9,498 9,514 9,639

45 2 (1.7919, 1.9721) (2.2502, 3.0318) (3.1705, 4.1634)
3 0.1801 0.7816 0.9925

r ¢y, 02, C3 o, c xf x5 x5
1 9,753 9,799 9,836

10 2 (0.8941, 1.2541) (1.3730, 1.9512) (2.1106, 2.9016)
3 0.3601 0.5782 0.7910
1 9,655 9,698 9,713

20 1,1.5,2 0.76,1.3 2 (0.8714, 1.2152) (1.2537, 1.6696) (2.0943, 2.7255)
3 0.3438 0.4159 0.63111
1 9,581 9,630 9,703

45 2 (0.8680, 0.6083) (1.2301, 1.6013) (2.0805, 2.5665)
3 0.2403 0.3709 0.5861

r c1,C2,C3 o, c yT y}‘ y;
1 9,863 9,870 9,949

10 2 (1.1184, 1.7859) (1.7985, 3.2524) (2.6405, 4.4264)
3 0.6676 1.4539 1.7840
1 9,797 9,813 9,901

20 1,15,2 0.76,1.3 2 (1.1025, 1.6387) (1.9062, 2.6839) (2.4510, 3.6011)
3 0.5362 0.7776 1.1496
1 9,678 9,690 9,762

45 2 (1.0681, 1.5677) (1.8842, 2.5744) (2.3924, 3.2783)
3 0.4816 0.6902 0.8859

1, Number of samples which cover the BPI's from 10,000 samples; 2, BPI’s for z}, x°, y5; 3, length of the BPI’s

Nk

=

One-sample prediction

given the set of prior parameters, generate the parameters (c, o),
generate 0; from Gamma (o, 1/¢) and u; from U0, 1), j =1,2,...,nandi =1, 2,
the bivariate sample will be in the form (x;, y;) = (/= In(u1)/0;, /—In(u2)/0;), j =1,2,...,n,

for the first » informative observations from the previous sample, compute the norms, z1, 22, - - - , Zr»
based on the first r ordered norms, z1.r, 22:, - - . , Zr:r, compute the BPI’s for z¥, s = 1,2, ..., n —r, say
(L3, U},) as mentioned in step 1 of Sect. 3,

basedon x| < x2 < --- < x,, compute the BPI's for x7, s = 1,2, ..., n—r,say (L3, Us,) as mentioned

in Step 2 in Sect. 3,
from Steps 5 and 6, the BPI for y?, s = 1,2,...,n —ris (Las, [L? — L3 1V/?), (Uas, [UE, — UL1V?).

Two-sample prediction

based on the first » ordered norms, z1., 22, - . ., Zr:r,» compute the BPI'’s for z},s = 1,2, ..., m, say
(L3, U},) as mentioned in step 1 in Sect. 4,
based on x; < x2 < --- < x,, compute the BPI’s for x, s = 1,2, ..., m, say (L3, U},) as mentioned in

Step 2 in Sect. 4,
from Steps 1 and 2, the BPI for y¥, s = 1,2,...,mis (Las, [L3, — L3.1Y?), (Uay, [U}, — U1V,

In Tables 1 and 2, a 95 % BPI’s are computed in case of the one- and two-sample predictions, respectively,

with the same parameters c, «, hyperparameters c1, ¢z, ¢3 and using informative samples of different sizes, r.

6 Results and discussion

In Tables 1 and 2 we take different sizes for the informative sample, 10, 20 and 45 and predict the first three
future observations.
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In these tables, we observe that

1. the length of the BPI’s and the number of samples which cover these intervals increase by increasing s and
decrease by increasing the informative sample size,

the results become better as the informative sample size r gets larger.

In all cases, the simulated percentage coverages are at least 95 %.

There is no particular reason for choosing the hyperparameters (c, c2, c3) as (1, 1.5, 2).

If the hyperparameters are unknown, they can be estimated by using the empirical Bayes method (see
Maritz and Lwin [14]) or the hierarchical method (see Bernardo and Smith [12]).

A

Open Access This article is distributed under the terms of the Creative Commons Attribution License which permits any use,
distribution, and reproduction in any medium, provided the original author(s) and the source are credited.

Appendix A

Proof of Equations (3.4)—(3.6)

From the joint density function of the random variables X and Y which is given by (3.1) and using the trans-
forms X = Zcos® and Y = Z sin ® we get the joint density function of the random variables Z and ® in the
form

f2.0(z,0) = da(o + 1)c*2 sin cos O[1 + ¢z2]~@2, 250, 0<0 <m/2. (A.1)

Integrating (A.1) with respect to 6, we get the density function of Z as in (3.4).
The (cdf) of the random variable Z is given by

Ve
Fz(2) = 2a(a + 1)c? / W1+ cu?1”@Dgy, (A.2)
0

The cdf (3.5) is obtained by integrating by parts the integral in (A.2). The rf is then obtained as in (3.6), since
R(iz)=1-Fz(2).

Appendix B
Proof of Equation (3.7)

From (1.5), (3.4) and (3.6) we have

g1, &) o [R(zry) — REHISVIREHI ™[R} f2(2F)
s—1

= Z(—l)l’(
i=0

where the reliability function R(z), given by (3.6) yields

s—1

1

)[R(zj)]”—’—”"[R(zr;r)]s—"*”—”—lfz(zf:), (B.1)

)ck—iak—iz2(k—i)(1 + CZZ)—O[k—k"ri. (Bz)

k:z(

i=0 N

Using (B.2) and (3.4) in (B.1) we get (3.7).




Arab J Math (2012) 1:283-293 293

References

. Ahmad, A.A.: Moments of order statistics from doubly truncated continuous distributions and characterization. Statis-

tics 35(4), 479-494 (2001)

Ahmad, A.A.: On Bayesian interval prediction of future generalized order statistics using doubly censoring. Statis-
tics 45(5), 413-425 (2011)

Ahmad, A.A.; Fawzy, M.A.: Recurrence relations for single moments of generalized order statistics from doubly truncated
distributions. J. Stat. Plan. Inference 117(2), 241-249 (2003)

AL-Hussaini, E.K.: Predicting observables from a general class of distributions. J. Stat. Plan. Inference 79, 79-91 (1999)
AL-Hussaini, E.K.; Ahmad, A.A.: On Bayesian predictive distributions of generalized order statistics. Metrika 57, 165-176
(2003)

AL-Hussaini, E.K.; Ahmad, A.A.: On Bayesian interval prediction of future records. Test 12(1), 79-99 (2003)
AL-Hussaini, E.K.; Ateya, S.F.: Parametric estimation under a class of multivariate distributions. Stat. Pap. 46, 321-338
(2005)

AL-Hussaini, E.K.; Ateya, S.F.: A class of multivariate distributions and new copulas. J. Egypt. Math. Soc. 14(1), 45-54
(2006)

Ateya, S.F.: Bayesian prediction intervals under bivariate truncated generalized Cauchy distribution. J. Stat. Res.
Iran 7(1), 133-153 (2010)

AL-Hussaini, E.K.; Osman, M.L.: On the median of finite mixture. J. Stat. Comput. Simul. 58, 121-144 (1997)

. Barnett, V.: The ordering of multivariate data. J. R. Stat. Soc. A 139(3), 318-355 (1976)

Bernardo, J.M.; Smith, A.F.M.: Bayesian Theory. Wiley, New York (1994)

. Jafar, A.; Mohammad, J.; Eric, M.; Ahmad, P.: Prediction of k-records from a general class of distributions under balanced

type loss functions. Metrika 70(1), 19-33 (2008)
Maritz, J.S.; Lwin, T.: Empirical Bayes Methods, 2nd edn. Chapman and Hall, London (1989)

Springer




	Bayesian prediction under a class of multivariate distributions
	Abstract
	1 Introduction
	1.1 A class of multivariate distributions
	1.2 Generation of a multivariate random sample of size n from the class Im*
	1.3 One-sample prediction
	1.4 Two-sample prediction

	2 Bayesian prediction intervals for future bivariate observations
	2.1 One-sample prediction
	2.2 Two-sample prediction

	3 One-sample prediction in case of (BVCR) distribution
	4 Two-sample prediction in case of (BVCR) distribution
	5 Numerical example
	6 Results and discussion
	Appendix A 
	Appendix B 
	References


