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ABSTRACT

Ranked set sampling (RSS) has proven to be an efficient alternative to simple random sampling, particularly
in situations where exact measurements are costly or difficult to obtain. Although extensive work has been
devoted to parametric estimation under RSS for univariate models, relatively limited attention has been
given to bivariate models, despite their importance in modeling dependence between random variables. In
this paper, the likelihood function under ranked set sampling for the Marshal-Olkin bivariate class of
distributions is derived in general and applies it on the bivariate generalized Burr distribution. Maximum
likelihood estimation is considered for the model's unknown parameters. Bayesian estimation is also
considered in both simple random sampling and ranked set sampling; moreover, the Bayes estimators are
obtained explicitly with respect to the square error loss function in both cases.

Keywords: Bivariate Ranked Set Samples; Marshall-Olkin Bivariate distributions; Generalized Burr
distribution, Maximum likelihood Estimation; Bayesian Estimation.

1. Introduction

Mclintyre (1952) was the first one to suggest the method for the estimation of pasture and
forage yields. He proposed a method of sampling to estimate mean pasture yields with greater
efficiency than simple random sampling (SRS). This method of sampling has come to be known
as ranked set sampling (RSS) because it involves a preliminary ranking of randomly selected units
from the population, after which only a certain few of these sampled units are quantified.
Mclntyre’s goal was to maintain the unbiasedness of unbiased for the estimator with increased
efficiency. The basic idea is that the collection of sampled units is randomly partitioned into small
groups. A group size (called the set size) of two, three, or four units is typical. The members of
each given group are then ranked relative to one another, and based on the ranking, exactly one
member of each group is chosen for quantification. Even if there are ranking errors, the method is
shown to be at least as efficient as SRS with the same number of quantifications.

The general distribution theory for concomitants of order statistics has been discussed by
Yang (1977). The asymptotic theory of concomitants of order statistics has been investigated by
David and Galambos (1974) under the assumption that (X,Y’) has a bivariate normal distribution.

Qinying (2007) has introduced an expression for the joint pdf of (X, ¥{;}) as follows
!
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Then, the marginal density function of Y[;; is given by

Frin@) = f f O [Fx(0)) 71 — Fx ()] dx.

G- 1)'(n N

The procedure of RSS using a concomitant variable described by Stokes (1977) is as
follows. Choose n independent bivariate samples, each of size n, and observe the value of the
auxiliary variable X on each of these units. For the first sample, select that unit for which the
measurement on the auxiliary variable X is the smallest and measure the Y variable associated with
it. In the second sample, choose Y associated with the second smallest X. This procedure is repeated
until Y associated with the largest X in the last sample is measured. The resulting set of # units is
called a ranked set sample. Let (X(;y;, Y};;) i = 1..n be the pair selected from the it" sample where
X(pyj 1s the it" order statistic of X in the i*"* sample and Y[i; be its concomitant of Y. Stokes
(1977) proposes RSS mean as an estimator for the mean of the study variate Y, when an auxiliary
variable X is used for ranking the sample units, under the assumption that (X, Y) follows a bivariate
normal distribution.

Dubey (1968) introduced the generalized Burr distribution by compounding the Weibull
distribution with the gamma distribution. She derived the compound Weibull distribution by
assuming a conditional random variable X follows the Weibull distribution, and its scale parameter
follows a gamma distribution. The resulting unconditional pdf is called the compound Weibull
(CW) distribution. Because the Burr distribution, which was defined by Burr (1942) is resulted as
a special case of the CW distribution, she renamed the CW distribution the generalized Burr (GB)
distribution.

A random variable with the generalized Burr (GB) distribution has a pdf, a cdf, a survival function,
and a hazard function for x > 0, in the following form.

fop (Ga,6,9) = 22 %@ (A +5)70, Fop (0,6,9) = 1— (1+5)77,

Sep (6@, 9,8) = (1+5)°  and e (1:0,9,8) == x* (1 +5) 1,

Respectively, where the quantities § > 0 is a scale parameter and @ > 0 and Y > 0 are
shape parameters, respectively. From now on, it will be denoted by GB(«, §, ). Figure 1 displays
different graphs for the pdf, hazard function, cdf and survival function of the GB distribution for
different parameters values.

The interrelations between particular cases of the GB distribution and other distributions
will be considered clearly as follows:

For § = 1, the GB distribution reduces to the Burr Type XII (Signh-Maddala) distribution.

For a = 1, the GB distribution reduces to the Lomax distribution.

For 9 = 1, the GB distribution reduces to the Weibull — exponential distribution.

For § = 1 and a = 1, the GB distribution reduces to the Pareto Type II distribution.

For Z = % and A = % , the GB distribution reduces to the inverted generalized Burr
(Dagum) distribution.
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For Z = % and & = 1 the GB distribution reduces to the inverted Burr Type XII
distribution.
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Figurel: Graphs for the pdf, hazard function, cdf and survival function of GB Distribution

The rest of the paper is organized as follows: In Section 2,Marshal-Olkin bivariate BGB
distribution is introduced, and the data description is also provided in Section 2. MLE based on
SRS and RSS for the BGB model are provided in Section 3. Bayesian estimation for the model
parameters is proposed based on RSS and SRS in Section 4. Finally conclusion of the paper is
given in Section 5.

2. Model Assumption and Data Description

2.1. Bivariate Generalized Burr Model

Muhammed (2019) defined the Bivariate generalized Burr distribution as a member of
Marshal Olkin's class of bivariate distributions as follows:

Suppose U;, U, and Usare three independent random variables, and U;~ GB (99; , a, §) for
i =1,2,3, where GB (19; , @, §) denotes a GB distribution.
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Define X = min(Uy,U;) and Y = min(U,, U3) then it is said that the bivariate vector (X,
Y) has a bivariate GB distribution with parameters (9;,9,,95,@,8) denoted by
BGB(91,93,93,,6).

It should be noted that the random variables U;, U, and U; have common parameters. This
ensures that the marginal distributions of X and Y are GB(9; + U3, @, ) and GB(I9, + U3, , )
respectively, furthermore, the distribution of min(X,Y) is GB(Y; + 9, + 93, a, §). In addition,
when 95 = 0, the two random variables X and Y will be independent, hence 95 can be considered
as a correlation control parameter.

The joint survival function of (X, Y) following the BGB distribution is given as follows
Seee (%, ¥) = Sep(x; 91, @, 8)Sep(y; U2, @, 8)Sep(2; 95, @, 6)
where z = max (x,y) and Sgp(x;9,a,8) =1 — Fgp(x;9,a,6) = (1 + %)‘19.
Then, S (x,y) can be stretched in the following form

Sep(x%;@,8,91)Sep(y; @, 6,9,3), x<y

Seep(%,¥) =14 Sgp (x; @, 8,913)Scp(y; @, 8,9,), x>y
SGB (x ) &, 61 79123)! X = y

Al’ld 1913 = 191 + 193, 1923 = 192 + 193 and 19123 = 191 + 192 + 193.
The joint pdf of (X,Y)~BGB(9;1,9,,95, a,d) is given as follows

(fGB (x;a,6,91) fep(y; @, 8,953) x<y

Facs (6, y) = ifGB(xi a,6,913) fep(¥; @, 6,9,), x>y
Bea(X,Y) =9 9

19_3 fGB(x ;a, 0, 19123): X =Y.
123

Figure 2 displays Surface plots of the absolutely continuous part of the joint PDF of the
BGB distribution at different values for the model parameters

The joint CDF of the BGB distribution is given as

Fp(x913) — Fep(y; 91)[1 — Fgp(y; 923)], x<y
Feep(x,y) =4 Fep(y;923) — Fp(y;92)[1 — Fgp(x5913)], X>y
[1— Fgp(x;9123)], X=Yy
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The joint hazard function of the BGB distribution is given as

a a

a X
(3208 Xyt 1+ A+ ) x<y
a Xa a
hgep(x,y) = 1 (3)2(1913)192 x* Tyl (1 4+ F) 1+ %) - X>y
© g xei(1 4y -
\ 6 3 6 ) y.

Figure 3 displays a surface plots for the joint hazard function for the BGB distributions

with different values of «, §,9,,9,, 5.

(a,8,91,95,95) = (4,0.2,0.3,0.4,0.5)

(a,8,9,,9,,95) = (10,20,0.25,15,2)

The joint Hazard Function of BGB

The joint Hazard Function of BGB

Figure 3: The joint Hazard function of the BGB distribution
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a=5,8 =209, = 15,95 = 2,and 9,=0.25,2.,5

’(\(91 = 025, \(01 = 2)

a=5,8=200, =195 = 2 and 9,=5,10,15

(0=1) (=19
N N

Figure 2: 3D plots for the joint pdf of BGB distribution

2.2. Data Description and Likelihood Function

Ranked Set Sampling (RSS) technique, introduced by Mclntyre (1952), is a useful
procedure when quantification of all sampling units is costly, but a small set of units can be easily
ranked, according to the characteristics under investigation, without actual quantification. The
procedure for obtaining the RSS can be summarized as follows:

Step 1: Randomly select m? units from the target population.
Step 2: Allocate the m? selected units as randomly as possible into m sets, each of size m.
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Step 3: Without yet knowing any values for the variable of interest, rank the units within
each set with respect to the variable of interest. This may be based on personal
professional judgment or done with a concomitant variable correlated with the
variable of interest.

Step 4: Choose a sample for actual quantification by including the smallest ranked unit in
the first set, the second smallest ranked unit in the second set, the process continues
in this way, until the largest ranked unit is selected from the last set.

Step 5: Repeat steps 1 through 4 for  cycles to obtain a sample of size mr.

Where X(;); is the i*"order statistic from the i*"set of the j** cycle, RSS uses only one
observation, namely, X(4); the lowest observation in the j th cycle, from this set, then X, (22)j the
second lowest from another independent set of m observations, and finally X(m); the largest
observation from the last set of m observations. This process can be described in Figure 4

X 1)j X(12)j X1 (m-1))j X@m)j X(11)j
X(21)j X(22)j X2 (m-1))j X@m)j X(22)j
X(m1)j X(m2)j Xm@m-1)) Xmm)j | X(mm)j

Figure 4: Display of m? observations in the j* set cycle sets of size m

Then the CDF and the PDF of X(;;); is given by
En (xqiny;: 0) = 1% (T) [F (g 0] % [1 = F (s 0)]™
and
m! i—-1 m—i
fn G013 0) = oamzan L (s O)IF (x5 )17 [1 = F(xqn 3 0))]

respectively where,—o0 < x(;;); < © x(;y;, F(x;0) and f(x; ) are respectively the CDF and
PDF of a random sample selected in step 1, and for simplification x;); is replaced by x(;;); . The
joint PDF of X(;;y;, i = 1,2,...,m, j = 1,2, ..., 7 is then given by

L(6;X) H§=1 | fm(x(ii)j; 9),
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The Ranked Set sampling (RSS) procedure can be applied to a bivariate population as
follows.

Consider the symbols m and 7 such that m: is the set size and r: is the number of cycles.
Step1: Select m? pairs from the population for the jt* cycle
Step2: Divide the pairs into the m sets at random.
Step3: Select the ith order statistics and its concomitant from it" set, where i = 1,2, ..., m.
Step4: Repeat steps 1-3 rcycle, j = 1,2, ..., 1.

Based on the RSS scheme, we have the following observations

For one cycle r = 1: [(x(1)1;}’[1]1)» (x(2)1:Y[2]1); ey (x(m)1:Y[m]1)]
Forrcycler > 1: [(x)j, Y1) i = 1L2,..,m,j=12,...,7].
Where X(;); is the it" order statistic of X in the j cycle and Y[;1; be its concomitant of Y.

The corresponding joint pdf of (X(;)j, ¥[;1;) can be written as

fem G V) = G IF oD ™ L = FoI™ ™ f (o viy)

Thus, the likelihood function is given as
L(®) = [Tj=1 IiZ1 fim Gy o V1t )

L(©) o [Tjoq T4 [F ((xy D17 HA = F((xyD1™ ™ f ey Vit j)-
Now, we introduce the likelihood function in the case of the Marshall-Olkin class of

bivariate distributions for the first time by taking into consideration the three scenarios of the
experiment variables as follows:

L(®) < [Tj=4 Hﬁ1[f1({(i)j;3’[i]j)]§1i [f2 oy o V1 j)1%% [fs (k)1
F (o] HF (e )]™ ™!

Where 8;;,8,; and 83; are event indicators for the j* cycle such that

1, X < YIilj 1, X(i)j > VIilj
5,:{ (0)j 11,5.:{ j J and
L 0, otherwise’ 0, otherwise -
5a; :{1' X)) = Vi)
3t 0, otherwise’

So, we can have
m1 = Z:Zl 511 N mz = Z:Zl 621 and m3 = Z:Zl 631 Such that m = ml + m2 + m3.

3. Maximum Likelihood Estimation for the BGB model

This section deals with parametric estimation for the BGB distribution based on SRS and
RSS. Two algorithms for generating bivariate random samples are provided.
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3.1. MLE based on Simple Random Sample

Suppose that there are n independent pairs of components (X;,Y;), i = 1 ...n under
experiment, and each of them has BGB(9,,9,, 93, a, §) distribution. The following is an
algorithm that describes how to get an SRS from a BGB distribution

Algorithm 1: Generate SRS from BGB distribution

Step 1. Generate Uy; , Uy; and Us; ,i = 1..n from U(0,1).
Step 2. Compute Z; = [§(U;*"* - 1) ]i, Zy; = [8(UM" — 1) ]i
and Z3; = [5(U3il/193 -1) ]é'
Step3. Obtain X; = min (Zy;,Z3;) and Y; = min (Z,;,Z3;) ,i = 1..n.
Step4. Define the indicator functions as
511':{01; Xi <Yi 521':{0;1; Xi > Vi and63i={1; Xi =Yi

;  otherwise’ otherwise 0; otherwise’

StepS. For the SRS (X;,Y;),i = 1,2, ..., n, the corresponding sample size n must satisfy
n=ng + n, + ns Such that ny = Z?=1 511, y n, = Z?=1 621 and ns = Z?=1 63i.

The likelihood function of the SRS of size n [ (X;,Y;),i = 1,2, ...,n] is given by
L(6) = TIioa[fa (as %20)1%8 [fo (eas %20)1%% [ (%1, %2:)1%%0.

Where Tll = Z?=1 611 5 le = Z?=1 521 and Tl3 = Z?=1 531 SuCh that n = Tll + nz + n3.

The log-likelihood function of the SRS of size n from the BGB distribution is given by
() = (2ny + 2n, + n3)(loga —logd) + nylogY; + nylogd,s + nylog?d,
+n,logdis + nzlogds + (@ — D{XL, (61 + 82;) logx;y; + 63; logx;}

~( + DT 8y log (1+755) = @ + DXL, 8y log (1+%°)
=15 + D 2y 01 log (1 + %) — (9, + 1) XiL, 6y log (1 + 3%)

~ (123 + 1) Xty 851 log (1+75). (1)

The first derivatives of the log- likelihood function with respect to 9;,9,,93, @ and § are as

follows:
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al n n x; @ x;% x;®
To = St gE = Xy 8y log (1+75) — Ty 8y log (1+75) — Ty 8y log (1+55),

al n n vi% vi% x;%
6_‘192 :19_22+19_213_ ?:1 61i log (1 +T) - ?:1 62i log (1 +T) - ?:1631' log(l +?)7

Ol _Mm3 M M yn o ( yi‘)_n . ( ﬁ)
6193—191+1923+1913 Dieq6q; log(1+ s Yieq 6, log(1+ 5

— >, 83 log (1 + %),

ol 2N+ 2n,+ ns x;%/8?

a/s2
= R (9 + DI, Oy e + (3 + DI, 81y Fa /9
06 5 (1+XLT) (1+3%>

/82 /82
+(913 + D Ty 8z ~rzt (P2 + D T, 8 y7+(19123 + 1) X 62 T
(1+lT) (1+%) (1+‘T>

oL o IurInaths SN By + 6) logxiyi + 851 loga-(9; + 1) Tl 8y 0B

Jda a = = S+x;%

xia/az

i*logy; i*log ;
(O3 + 1) T 8y ToB2 — (915 + 1) T, 8y L8

8+yl-“ 6+xi“
9 DY § yi®lo 9 NY . s x;*log x;
-(9, + 1) XLy 62 oty -(9123 + 1) Xieq 63 rx

3.2. MLE based on Ranked Set Sampling

In this sub-section, we discussed the MLE for BGB distribution parameters based on RSS as
explained in Algorithm 2. Assume [(x(;;, V1), = 1.2,...,m, j = 1,2,...,r] denote RSS from
BGB(91,9,,9s, a, §) distribution, for simplicity, assume x;; = x(;); and y;; = yp;; -

Algorithm 2: Generate RSS from BGB distribution

Step 1. Generate a bivariate random sample (X;,Y;),i = 1,2, ..., m? using Algorithm 1 for j"
cycle.

Step 2. Divide the units in the sample randomly into m sets of size m each

Step3. Rank the units in each set from the smallest to the largest according to the variable X
Step 4. Select the order statistics X ;) and its concomitant Y};) from the ith set

Step 5. Repeat Steps 1-4 r times if we need to obtain a sample of size n = mr.

[(X(l)], Y[l]]), i = 1,2, e, m ,j = 1,2, v, I

Where X(;); is the it" order statistic of X in the j* cycle and Y[;; be its concomitant of Y.

The likelihood function for the RSS {[(X(;y;, ¥[;1;), i = 1.2,...,m,j = 1,2,...,r} of sizen = rm
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is given as:
L(©) o [Tfoq T4 [f2 Ceij yi)10% [f2 (xijo yii)1%% [f3 (i )13 [F (Ceep)] 7 HF (e D)™

The log-likelihood function [(®) = log L(®) of the RSS of size n = r m from the BGB
distribution is given by:

[(®) = (2rmy + 2rm, + rmy)loga — (2rm, + 2rm, + rmy)logd + rmylogd,
+rmqlogV9,; + rmylog?d, + rmylogY,; + rmslogs

+(a — DX XiZ1(81; + 62 +63;) logx;j + (81 + 63;) logyij}
~(91 + 1) oy Ty 810 log(1 + 70 —(95 + 1) oy T 8 log(1 +25)
~(B13+ 1) $jey N4 8y log(1 + 29— (8; +1) Sy T, 85 log(1 +20)
~(F123 + 1) oy I 83 log(1 + 20
~(913 + 1) Tjoy By (m — ) log(1 + 2L

+ 32 S (1 - Dlog [1— (1 + 25 ~00], @)

The first derivatives of the log- likelihood function with respect to 9;,9,, 93, @ and § are as

follows

al rm rm xi:% xi &
5o = g+ = X By Oy log (14 70) — B, T, 8y log 1+ %)

xii® . x; %
—Xio12i%1 03 log (1 + T]) —Yie1 Xizs(m =) log (1 + T])
(1+%)“913 log(1+%>

-9
i e
5

- §=1 2?;1@ - 1)

2

ol rm rm vii%® vii%®
75 = ot~ i N 6y log (14+55) - Xi, B 6y log (14+7F)

xi-“
— ¥y N 6y log (1+7L),

oL _rmy  rmy  TMz  op m Yii"\ _ vr m X%
99, ~ 9y + s + ey j=12i=151i IOg(l +T) j=lzi=152i log (1+T)
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= Sjr Xl 5 Tog (1+75) = X Bt (m — ) 1og (1+ %)

( xU > -913 xija
14— log< 5 )
12 L,-1) .

-9 3
1—(1436% '
5

4. Bayesian Estimation for the BGB model

This section deals with Bayesian estimation for the BGB distribution parameters based on
RSS and SRS. Unlike those of MLEs, the Bayes estimators are obtained explicitly under the
squared error loss function for both cases.

4.1. Bayesian Estimation based on Ranked Set Sampling
The Bayesian estimators for the BGB distribution are derived explicitly in the case of
RSS in this sub-section as follows.
The prior assumption:
When the shape parameter « is known, we assume the same conjugate prior on 9;,9, and
U3
Assume 94, 9, and 95 are independent and distributed as gamma as following

m(/l)—ﬁﬂ“l e7P9i i =123,9,>0.

The joint prior density of 9J;,9, and 193,

b%i _
o (91,9,,93) = l 1T(a) 9;“ “lemb ¥,

Posterior Analysis and Bayesian Inference
Assume we have a bivariate RSS from BGB (94, 9,,95, @, §) distribution, and it is denoted
as follows
D =[(xwpHym)ti=12,..,m,j=12..,r] Again, for simplicity, assume x;; = x;); and
Yij = Y -
Letm=my+my, +m3, 9153 =91 + 9, + 93,913 =9; + 93 and 9,3 = 9, + I;.

Then the likelihood function given in Equation (2) can be rewritten as

L(D\®) = Exp(log L(D\©))

Lo\e) < 7 3z () () o izt (M)

S
_191””2"'5 e—191T1(a,5)192rm2+ke—192Tz(0l,6)_193”” ke~ —1937"3(“6)'

Where
T(a,6) =Z(a,6) + Z3(a,8) + Zy(a,6) + Zs(a, 5) ,
T,(a,8) =Zy(a,6) + Z5(a,8) + Z,(a, ) ,
T5(a,6) =Z,(a,8) + Z5(a,6) + Z,(a,8) + Zs(a, 6) ,

2,(0,8) = $joy Ny 8 log (1475, 2,(a, 8) = £y B, 8y log (1 +24)

25



JPSS Vol. 24 No.1 February 2026 pp. 14-28

Z3(a,8) = Xi=1 Xit1 03 log (1 + ) Z4(@,8) = Y1 Xz (m — i) log (1 +%),
Z5(@,8) = (i— 1 - 1)log (1 +%).

Since Bayes theory states that: f(D,0) = L(D\®) m,(0)
and since f(D) = [ f(D\®)d ® = [ 1,(©)L(D\O)d 6.

Hence, the joint posterior density function of © = (9;,9,,95, a,8) given the data D,
denoted by m,( ®\D) can be written as

f(D,©)
m(e\D) =22,

m(e\D) e« A3 5 (M) (M) Mo I Sizi- 0 (M)

S
_,91‘115_1 e—191[T1(0—’,5)+b1],92 a2k =1 5 =0;[T2(2,6) +bz] 93 a3s—1,-05[T3(a,6)+b3] (3)
Where

A= 1

rml rmp
Z 25 1 Hr 1Hm121 1Al.kSl

rmq\ (Tmy\ /m — i I'(ass) Tazy) I'(ass )
and Ages; = (=1)' ( )( s )( l )'[b1+T1(a,5)]als'[b2+Tz(a,5)]azk'[b3+T3(a,5)]ass’

alS:a1+rm1+S,
a, = a, +rm, + k,
and azg, = az +rm—k —s.

Therefore, under the assumption of independence of 99;,9,and Y5 and a and § are assumed
to be known. It is possible to get the Bayes estimators of 9;, 9,and 95 explicitly under the square

error loss function using Equation (3), and they will be as follows:

Zrml Tmz r

O = 1 Xi21 Akst G,

Zrml Tmz ‘r

U, M Yis Akst Qs

bz +T,
and

T'ml Tmz ‘r A
i a .
b3+T Z =1 Z iksl 3sk

4.2. Bayesian Estimation based on Simple Random Samples

In this sub-section, the Bayesian estimators are derived explicitly for the BGB distribution
under the square error loss function in the case of SRS

We consider the same prior assumption as in the RSS case with known parameters a and 6
So, the joint prior density of the independent parameters 9;, 9, and U3, is given as

b%i _
o (91, 92,93) = lglr(a) ﬂal teb i,
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Assume we have a bivariate SRS from BGB (94, 9,, U3, , §) distribution, and it is denoted
as

D =[(xyy)i=12,..,n]
Letn=ny +n, +n3, 9153 =91 + 9, + 93,013 =91 + U3, 0,3 =9, + 5

and © = (94,9,,93).

Then the likelihood function given in Equation (1) can be rewritten as

L(D\®) = Exp(log L(D\0))

L(D\@) = an ny (Tl1) (le)_§1n1+se—191T1(a,6)_192n2+ke—192T2(a,5)_193n—k—se_19373(a,5),

s=14k=1\ [ S
Where
T(a,6) =Z,(a,8) + Z3(a,6) + Zs(a, 6) ,
T,(a,8) =Zy(a,6) + Z,(a,8) + Zs(a, ) ,
T5(a,0) = Z3(a,8) + Z4(a, 6) + Zs(a, §) ,

Z,(@,8) = ¥y 61log (1+L), Z,(2,6) = Bk 65log (1+2L).
Z3(@,8) = Xy 6log (1+L) , Zy(a,6) = T, 8y log (1 +2L).
Z5(,8) = ¥k 63 log (1+ L),

Furthermore, the joint posterior density function of ® given the data D, denoted
by m,( ®\D) can be written by gamma densities as follows

m1(O\D) & AY2, Ml Ay Gammal9y; arg, by + T1(a, 8)].
.Gamma [93; az, by + Ty2(a,8)]. Gamma [93; az, , by + T3(a, )], @)

1
Z?jlzZilAks ’
A, = (nl) (nz) ['(aik) Fays) I'(ass )
fes k S /" [b1+T(a,8)]%1s” [by+Ty(a,6)]%2k * [b3+T3(a,8)]*3sk’
a5 = aq +nq+s,
Ak =a2+n2+k,
and azg, = az3 +n—s—k.

where A =

Hence, using Equation (4), the Bayes estimators of 9;,9,and Y5 are obtained explicitly
under the square error loss function based on SRS as follows:

g _ _A4A ny nq
191 - b1+T1 Zszl Zk:l Aks als)

g _ A ny ny

192 - by+T, 2321 k=1 Aks Aokes
and

g _ A ny ny

193 - byt T Zs:l Zk:l Aps A3
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5. Conclusions

Based on ranked set samples, this paper aims to deriving the likelihood function and to full
Bayesian and non- Bayesian estimation procedures for the dependent variables described by using
Marshal — Olkin bivariate models in general and considering Marshall-Olkin bivariate generalized
Burr distribution especially. The Bayesian estimates are obtained in explicit forms. But non-
Bayesian ones cannot be obtained in explicit form.
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