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1. INTRODUCTION

Let X, -+, X,, be independent and identically distributed (i.i.d.) random variables with a common distribution function (DF), say F, and

abbreviated by X, -+, X, Hi F. Denote in magnitude order of X;, -, X, by X;., < -+ < X,,.,,, called order statistics (OSs). The theory
of OSs has been widely assumption in literature. For example, in system reliability analyses, lifetimes of r-out-of- n systems coincide to
X.., where Xi, -+, X, stand for component lifetimes; For more information, see Barlow and Proschan [1] and David and Nagaraja [2] and
references therein.

In this setting, failure of a component does not effect the surviving components. There are various practical situations in which this investi-
gated and applied does not hold. For illustration, suppose that there exist n power generators with nominal capacity Gy, -+, G,,. The system
perform satisfactory if the total generated power is at least a given threshold, say A. If a generator fails, then the remaining generators have
to generate much powers to fulfill the nominal level A and hence more loads cause more pressure on the working generators. Therefore,
the generator lifetimes are decreased. For statistical modeling these kinds of systems, some generalizations of OSs such as fractional OSs
and generalized OSs have been introduced in literature. They are useful for providing more flexible tools and also a setting to unify simi-
lar results (David and Nagaraja [2], p. 21). In this paper, we deal with another unified concept, called the sequential order statistics (SOS),
which has also a motivation in reliability analyses as discussed above. Specifically, when the component lifetimes are i.i.d., the OSs are suit-
able for describing the r-out-of- n system lifetime. Here failing a component does not effect the DFs of lifetimes of surviving components.
Motivated by Cramer and Kamps [3], the failure of a component may result in a higher load on the surviving components and hence causes
the lifetime distributions change. More precisely, suppose that F;, for j = 1, --- n, denotes the common DF of the component lifetimes when
n — j + 1 components are jointly working. Then, the components begin to work independently at time ¢ = 0 with the common DF F;. If at
time x;, the first component failure occurs, then the remaining n — 1 components are working with the (left truncated) common DF F, at
x;. This process continuesupton —r+ 1 (r = 1, -+, n) components with the common DF F, work until the r-th failure occurs at time x,
and hence the whole system fails. The mentioned system is called sequential r-out-of- #n system or dynamic system and the system lifetime
is then r-th observed component failure time, denoted by X(*;). In the literature, (X(*l), e X(’; ) is called SOSs. Statistical properties of SOSs
have been studied by Kamps [4,5], Cramer and Kamps [3,6], Balakrishnan et al. [7], Beutner and Kamps [8], Hashempour [9], Bedbur
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[10], Hashempour and Doostparast [11], and references therein. We considered the problem of estimating the parameters on the basis of
s (= 2) independent SOSs samples under a new proposed power trend conditional proportional hazard rates (PTCPHR) model, defined by

FEH=1-(1- Fo(t))“J forj=1,---,rand a > 0, where the underlying CDF F,(¢) is assumed to be the exponential distribution, i.e.,
Fo(x;a)=1—exp{—<§>}, x>0, o>0. (1)

In this case, the hazard rate function of the CDF E;, defined by hj(t) = ];(t)/l?j(t) fort>0andj=1,:--,n,is proportional to the hazard rate
function of the baseline DF F, i.e., h;() = ajhy(t) for t > 0.

In this paper, we consider the problem of comparing non-homogeneous exponential populations on the basis of independent multiply SOS
samples coming from non-homogeneous exponential populations under the abovementioned PTCPHR model. Thus, this paper is organized
as follows: In Section 2, via the likelihood approach, statistical procedures including estimation, either point or interval, of the parameters
as well as the problem of testing homogeneity of baseline exponential populations are considered. In Section 3, Bayesian approach is used
for estimating parameters of interest. Finally, concluding remarks are given in Section 4.

2. LIKELIHOOD ANALYSIS

In the sequel, suppose that we have observed s (> 2) independent heterogeneous SOS samples. The available data may be represented as

X= [[xij]]i=1,~-,s,j=1,~~,rs 2)

where the i-th row of the matrix x in (2) denotes the SOS sample coming from the i-th population. The likelihood function (LF) for a single
SOS sample is

=i
. Tn+1) () —
L(Fl’ ’Frax) F(n . 1) ng( ]) < J+1(x > gﬁ(xr)Fy(xy) . (3)

Therefore, the LF of the available data given by (2) is then obtained from (3) as

n—j

il
| s s r—1 . F. (_xl) ; —[i
L(Fix) = (ﬁ) TT| I e | | A . @

i=1] j=1 Pii+1(xi]')

where F = {Fj[i],i =1,--,5j=1,- ,r} andfori = 1,--,5,j = 1,---,1, I_Jj[l](x) =1- Fj[i](x), and Fj[i] calls for the common DF of
component lifetimes of the i—th dynamic system. For more details, see Cramer and Kamps [6,12] and Hashempour and Doostparast [11].
Suppose that, the baseline DF of the i-th population (i = 1,---,s) follows the one-parameter exponential distribution with the mean o;.
Substituting Equation (1) into Equation (4) and under the earlier mentioned PTCPHR model in Section 1, the LF of the available data reads

L(oy, -+, 0, a;X)

#(IT) T1(4) TITT w22

i=1 j=1

()W) bzl

r+1

where B = (n!/(n—n!)andm; = (n—j + Da’ — (n — j)a/*! with convention (n — r)a™*! = 0. For sake of brevity, we assumed that the
proportional parameter a are the same among the s sequential r-out-of- n systems. In this section, we consider the problem of homogeneity
testing on the basis of independent SOS samples from different exponential populations, i.e.,

Hy:o0=--=0;
(6)
Hl:o',-;éaj di #j.

In sequel, two cases are considered: (i) a known, and (ii) a unknown.

If a is known, the results of Cramer and Kamps ([6], Chapters 4 and 5) can be used. Also, see Schenk [13]. A summarize for this case is
given in the appendix A.
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Suppose that the parameter a in Equation (5) is unknown. In this case, calculations are complicated. Here, the Hessian matrix (H) is
defined by
H=[[©& log(L)/aeiaej)ISi,j$s+l]]’

where 6; = 0;(1 < i < s)and 6, = a. After some algebraic calculations, the Hessian matrix simplifies to

B;; B
H= 11 12) ’ 7
(le B, @
where
23" af(n—k+ 1)D;
B, = diag{iz - Zk_l 3 d s
O-l O',- i=1,--+,8
—sr
B = dia {—} 5
22 8\ 2 JE
(n—j+ 1D
S L

: i=1,,5,j=1,-,r
where diag{c;}._ stands for a diagonal matrix with elements ¢, -+, c,, on its main diagonal.
Di=1,-,m 1 m

The Hessian matrix (7) is not necessary negative definite on the parameter space. Therefore, one needs to use numerically methods for
maximizing the LF (5) with respect to a and oy, -+, 0,. Note that the ML estimates of the parameters (if exist) are obtained numerically by
solving the following likelihood equations:

r 1 or . a
Gi=—z._1x,-jmj= Z (n=j+1)jDy, i=1,-,s,

-1

a=rs (Z;l Z];l(n —j+ 1)jDzj/5'i)

Here another approach for deriving the ML estimates of the parameters is suggested which is numerically simple. Recall that the profile LF
for the parameter a is derived by substituting &; given by (29), for i = 1,---, s, into the LF (5) instead of g;, i.e., L,(a;x) = L(8y, -+, 6, a; X).
The logarithm of the profile LF is

lp(a; X) logL (a;x)

Z [(n—j+1a'Dy
sr(r + D ———— log(a) — rZ log ( ) — 75, (8)

i=1 r

One may maximize the function (8) with respect to the parameter a numerically to derive the ML estimate of the parameter a. Then
substituting this estimate into (29) (the appendix), the ML estimate of 6;, for i = 1, ---, s, is derived.

Consider again the hypotheses testing problem (6). It is easy to verify that the unique ML estimates of the parameters under the null
hypothesis H,, are given by

6, = P z Zx,]mw E Z Z(n —j+ 1DjDjy, 9)
i=1j=1 i=1j=1
and
g = = do, (10)

Yoo X (n—j+ DDy

where #iy; = (n — j + 1) jag — (n — j)(j + 1) 8y, with convention d,(r + 1) = 0. Therefore, the generalized likelihood ratio test (GLRT)
statistic for the hypotheses testing problem (6) is

o TT(E) T1(2) wrfE5 (-2} o

j=1 i=1 i=1j=1

where 7i1; = (n — j+ 1) &; — (n — j) &;,. The logarithm of the GLRT statistic A; in Equation (11) reads

1ogA2_rslog( >+r210g< )+Zz<é’——>xﬁ. (12)

i=1j=1
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The null hypothesis H, rejects if
—2log A, > ¢, (13)

where c is a positive constant and determined on the basis of the test level (Lehmann and Romano [14]).

Exact distribution of the statistic —2log A, in Equation (13) under the null hypothesis H; is complicated and we could not obtained an
explicit expression. This remains as an open problem. In practice, one may use numerical methods such as Monte Carlo simulation study
to derive the threshold c in the rejection region (13).

3. SOS-BASED BAYES ANALYSIS

Bayesian statistical inference on the basis of homogeneous multiply SOS samples have been considered in literature. For example, Mohie
El-Din et al. [15] considered the problem of SOS-based Bayesian estimation and one-sample prediction under the CPHR model for Weibull
and Pareto distributions. Schenk et al. [16] derived Bayes estimates of the parameters under the CPHR model when the baseline population
follows the one- and two-parameter exponential distributions. Also, the Bayesian estimation and the two-sample Bayesian prediction based
on homogeneous multiply SOS samples was studied with more details by Shafay et al. [17]. See also Hashempour and Doostparast [11].
In this section, we consider the problems of estimation, either point or interval, of parameters and hypotheses testing (6) on the basis of
s independent heterogeneous SOS samples arising from the exponential populations under the PTCPHR model with known a. When the
parameter a is unknown, the mentioned problems are complicated and works in this direction are under investigation and we hope to report
findings in future.

3.1. Bayesian Point Estimates

We here consider the problem of estimating unknown parameters via a strict Bayesian approach. To do this, we assume that a is known and
suggest the conjugate prior distributions for the scale parameters ¢;,i = 1, -+, s, i.e.,

g; NIG(di,Ci), i= 1,"',5, (14)
be independent random variables where IG(d, c) calls for the inverse gamma distribution with parameters d and ¢ and density function

(o) = %o‘(‘”” exp {— <§)}, c>0, d>0,c>0. (15)

From Equation (14) and the LF (5), the joint posterior density function of oy, ..., 0, is readily obtained as

[

Td) "

s Yo (n—j+1)a@D; +¢
xH(exp —( = S ) ) (16)
i=1 i

r(r+1) Cdx
i —(d,+n-1
(01, 0, | X) = Ba 2 g
1

which implies
j=1

0',-|§~IG(d,-+r,Z(n—j+1)ajD,-j+c,->, i=1,---,s. (17)

As we expected given x, the parameter o; are independent. Under the squared error loss function, the Bayes estimate of the parameter is the
mean of the associate posterior distribution. Here, the Bayes estimate of o; is

r . i
) ijl(n —j+1)dD;+¢; 16+
Oip = =

= = ,i=1,s, 18
’ d,-+r—l di+r—1 ( )

where ; is the ML estimate of o; given by Equation (29). Since the SOS samples are independent, the Bayes estimates in Equation (18)
depend only on the respective samples.
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Remark 3.1. Fori=1,---,s:

* The mode of the posterior distribution (17) is

Y e i AR R (19)
Gin = = .
o di+r+1 di+r+1

* The Bayes estimates (18) is a weighted mean of the mean of the prior (14) and the ML estimate (29); i.e., 6;5 = E(c) w; + (1 — w;) &;,
where w; = (dz - 1)/(d, +r— 1),

+ The Bayes estimate (18) is biased, i.e., Bias(; ) = (0;(d; — 1) — ¢;) / (d; + r — 1);
* The risk function of the Bayes estimates (18) is

G? (r+ (L= d)?) + 2601 — do, + & %
(di + r— 1)2 , ( )

R(G;p,0) =

* The minimum of R(8; 3, 5;), as a function of g, occurs at point b;(d; — 1)/[(1 — d)? +rl;

* Forr=nanda=16,, = 2;21 x;j/nand 6; 5 = (Z;’zl X+ c,») /(d; + n — 1), which are, respectively, the well-known ML and the

Bayes estimates of the exponential parameters on the basis of a random sample of size n.

3.2. Bayesian Test

Under the null hypothesis Hy : 0; = --+ = 0,, we assume that the common value of g; (i = 1, -++, 5), say o, follows the IG(d,,, ¢,)-distribution
where d;, and ¢, are known positive hyper parameters. Therefore, the Bayes factor (BF) is derived as (Berger [18])

a —(sr+d,)
T + d S X ) +1 S
pr= 2Tt II ditc) ST+ 6 : (21)
T(do) 2

d;
i=1 dic.’
1

Proof. Under the null hypothesis H; in (6), the LF (5) reduces to

L(o;x) = <(n+'r)'> <Haj> G'“expi—%ZZx,-jmj},

j=1 i=1j=1

and

s r 5 oo d,
! . E [
T = <ﬁ> (Hl aj) L U_SreXp{_< Jor'C())}r(tio)c_(d”H)da
P

N r $ d(! [o)
((n n! 5 > <H a]-> FC((Z:I ; I exp {_ (E '; Co )}O.—(sr+d0+l)do-
— ) 0 Jo

=1

where E= 3| Z;:l x;;m;. If we use change of variable x = 1/0, then

s/ s
! , c
(x| Hy) = (ﬁ) <]1_[ a1> F(iio) J 2+~ exp {—(E + ¢o)x} dx

=1 0
s 4
nl A\ ¢ TGr+dy)
—_— @ —_— 22
<(n - r)!> <E ) T(dy) (E + ¢p)*o (22)

Under the alternative hypothesis H, in (6), we have

L(o,...,05%) = <(nz!r)!> <H0(j Hi%expg—z%ﬁ
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where T; = Z;_l XM and

Let u; = 1/0;, then

3
Pas
®
T
<
/N
—~
S
| [
=
8 ~——
VR
E; <
QU
\/M
ii -
=
s [0
<

s d
N st | S/ T+ 1)
= _ J
(5) (1) | | LI (5)

n! S\ dic;'
= _ J —_ .
<(n - r)!> (E @ > ,131: ((Ti + )it > (23)

From Equations (22) and (23), the Bayes factor is derived as

a, —(sr+d,)

¢'T(sr+ dy) | 15 (T; + ¢,)%H! s ’

BF = -2 — T, + ¢ .
T(dy) 11 ; 0

d
i=1 dic.’
1

Under the “0 — K;” loss function (Berger [18]), the Bayes test rejects the null hypothesis H,, in (6) if

K
() (2):
Kk, T

where 77; and K;, for i = 1, 2, are prior probability for the hypothesis H; and the loss of the accepting H; when H;(j # i) is correct, respectively.

3.3. HPD Credible Sets

In this section, the problem of finding highest posterior density (HPD) credible set is considered. To do this, from Equation (16), we see that

Z;zl(n —j+DaD; +¢ )
R =2 X~ asn - (24)

a:

1

Therefore, an equi-tailed credible set at level y for g; (i = 1, -+, s) is obtained as

i (n=j+ D@Dy +¢ X (n—j+ @D+
G = 5 , 5 . (25)
Xad,+n,(1+7)2 Xad +n),0-y)2
The HPD credible set forg; (i = 1, -+, 5) is
dn > (n—j+1DaD; +
jcri e @) 1exp {— = 5 L SN , (26)
i
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where k is a constant determined by the condition on the level of the credible set, i.e.,

o 3 (n—j+ 1)aD; + ¢
P (Ul (d["'i‘) 1 exp i_ < j=1 — i > k | X — y' (27)

Hence, the HPD credible set for o; (i = 1, -+, s) in Equation (26) is an interval, say (L;, U;), where L; and U; are derived from the following
non-linear equations:

Ui d+r+1 B Ui _ Li w )
L,‘ = exp UiLi X, a
r(r+1)

2¥i(x, a) 2¥i(x,a)\ I'd) -a d4r
Flf(d,.m <—Ui > - FXf(d,.m <—Li > =% <—F(di g ¢ ‘a 2 (4¥(x,a)

where ¥i(x, a) = Z;zl(n —j+Dd Dj; + ¢;, and F, () stands for the CDF of the y,, -distribution. For the proof see Appendix B. In practice,
one may use numerical methods for solving the above equations.

4,

CONCLUSIONS

In this paper, based on independent SOSs coming from non-homogeneous exponential populations, the ML and the Bayes estimates of
parameters were obtained on the basis of multiple SOS samples. The GLRT and Bayesian test were also derived for testing homogeneity of
the exponential baseline populations. In Bayesian inference, when the parameter a is unknown, the mentioned problems are complicated
and works in this direction are under investigation and we hope to report findings in future. The results of this paper may be extended in
some directions. For example, the Bayes estimates may by obtained under some asymmetric loss functions such as linear-exponential loss

function.
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APPENDIX A.

Suppose that the parameter a in Equation (5) is known. Under the null hypothesis H; in (6) (Cramer and Kamps [12]), the unique ML
estimate of the common mean of the s exponential populations, say oy, is

6y = 1 > DUn—j+ 1Dy = 1 22 xym, (28)
rs i=1j=1 rs i=1j=1

where Dj; = x;; — x;;_y, forj=1,---,r. Here x;y := 0 fori = 1,---,s. When the baseline exponential populations are heterogeneous, from
Equation (28), the unique ML estimate of g; (i = 1, -+, s) is derived as

.1y , : 1y
6 == >(n—j+1)adD; == x;m,. (29)
= =
Corollary 1. Under the PTCPHR with the one-parameter exponential baseline CDF,
r
T, =Y ,(n—j+ @Dy ~T(r,0), i=1,,s, (30)
j=1

where I'(a, b) calls for the gamma distribution with shape and scale parameters a and b, respectively. Notice that Z;zl x;m; = Z;zl(n —j+1)
ajD,»j,fori =1,-,s.
Now consider the problem of hypotheses testing (6). The generalized likelihood ratio test (GLRT) statistic for testing the problem (6) is

M TH(E) wfS5 (1)

i=1 i=1j=1

where Q = {(0,+,0,) : g; > 0,i = 1,---,s} =: R** is the whole parameter space and Q, = {(0},...,0,) : 0, = -+ = ¢} denotes
the parameter space under the null hypothesis H,. After some algebraic manipulations, the logarithm of the GLRT statistic A; given by
Equation (31) reduces to

s T.
logA, = erog( Ss : ), (32)

i=1 Zj:l T]

where T; is defined by Equation (30) and "log” stands for the natural logarithm. Under the null hypothesis H; in (6) and the usual regularity
conditions (see Lehmann and Cassella [19]), —2log A has asymptotically the chi-square distribution with 1 degree of freedom. Thus, for
large n, the rejection region of the GLR test of size y is

—2log Ay > X7y, (33)

where x3 ., is the y-th percentile of the chi-square distribution with v degrees of freedom. Also, the actual level of the GLRT may be obtained
by conducting a Monte Carlo simulation study for given a and o.

The observed Fisher Information, denoted by i(G;, :-+, ;), on the basis of available SOSs data is equal to minus of the Hessian matrix
evaluated at the MLEs of the parameters, i.e.,

i(6y, -+, 6) = [[(—0?1og(L)/80,00)1<i j< o, =6, - 0,=6, -

,0s=05

It is well known that the unique MLEs have asymptotically the multivariate normal distribution with mean vector (oy, -+, 0,) and the
variance-covariance matrix [i(8;, -+-, 6,)] 1. Here, the observed Fisher Information for o; is derived as

i, ,6) = diagHU;”.
i

Notice that, by Equation (30), one can see that 27 (8;/0;) ~ x3,. Hence, an approximate equi-tailed confidence interval for o; is

. i i
0; — Zy/z 7, O; + Zy/z 7 5 (34)
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where z, stands for the y-percentile of the standard normal distribution. Therefore, an equal-tail exact confidence interval at level 100y %

forg;(i=1,---,s)is
2r8; 2r6;
: = , (35)
Xor4pyiz Xor(i=p)2

where x5 , calls for the p-th percentile of the y3-distribution.

APPENDIX B.

By definition, we have

d. r
LT P Z o

L j=t
Let t; = 2¥(x, a)/0;, then

2W(x,a)

r d; —(d;+r)—1
Ci ZIP(X, Cl) ! { t,‘ } zlP(X, 61)
= j—t == — | ——= ) dt:
Vi JZW(X a) E a F(dl) < ti > exp 2 tlz i
d 2¥(x,a)
r ¢’ t; 2¥(x, a)
— ll-/ i 2P d+n-1 t d+r+1 {__1} _ dt.
LT vt 05 207 ) x| e )%
U
r(r+1) d‘ 1 2 x.a)
- _ i (d +7) L, (di+7)—1 {_E} )
a 2 F(d )(Z‘P(x a))” J W) t expi—> dt;
U,

r(r+1) d;+n—1

T, +7) . @tn 2=— ¢ t,
_a 2 ( i T’)di1 < 2 ) J L, i exp{——’}dti
I'(d;) Y(x, a) L, Y& T(d; + r)2dtr 2
U,

Tdi+na( 2 \“" 2 2¥(x, q) 20(x, a)
T T Trd) G\ ¥xa a2 N\ ooy \ = ) ~Feora) =3 :

After some algebraic calculations, y; is simplified to

r(r+1) I'd;+71) d d+r 2¥(x, a) 2W(x, a)
. < () W > <F"§“ﬂ+'> ( U > =i (L—>> =%

r(r+1)
2W(x,a) 2W(x, a) _ r(di) —d, d+r
FX§<'1,+'> <—Ui > - FX%(d,-M) <—Li = —T(di gy ¢ a2 (4¥(x,a) .
Since 7 (L; | x) = (U, | x), then
—(d+n—1 Wi(x, a) —(d+n—1
] (22

exp i_ (qji(xs a))l and( _ exp{lpi(x’ a) _ qji(x’ a)}
U B

and then

Ll ks

L; U

U —L;
exp{ UL ¥i(x,a)) } .

Finally,

U d+r+1 U I
i _ i i )
(2)  -ool(Gn) wesa)

r(r+1)
2¥,(x, a) 2¥,(x, a) I'(d) -a dtr
Fxg(diw) <—Ul - F)(;(diw) —Li =Y —F(dl T r) Ci a 2 (4lpi(X, a)) i .
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