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Abstract

We study the problem of predicting future k-records based on k-record data for a large class
of distributions, which includes several well-known distributions such as: Exponential, Weibull
(one parameter), Pareto, Burr type XII, among others. With both Bayesian and non-Bayesian
approaches being investigated here, we pay more attention to Bayesian predictors under balanced
type loss functions as introduced by Jafari Jozani, Marchand and Parsian (2006b). The results are
presented under the balanced versions of some well-known loss functions, namely squared error loss
(SEL), Varian’s linear-exponential (LINEX) loss and absolute error loss (AEL) or L; loss functions.
Some of the previous results in the literatures such as Ahmadi et al. (2005), and Raqab et al. (2007)

can be achieved as special cases of our results.
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1 Introduction

Consider a sequence {X;, i > 1} of iid absolutely continuous random variables distributed according
to the cumulative distribution function (cdf) F(x;#) and probability density function (pdf) f(x;6),
where 0 is an unknown parameter. An observation X; will be called an upper record value if its value
exceeds all previous observations. Thus, X; is an upper record if X; > X; for every i < j. Records of
iid random variables and their properties have been extensively studied in the literature. Interest in
records has increased steadily over the years since Chandler (1952) formulated the theory of records.

See Arnold et al. (1998), Nevzorov (2001) and the references therein for more details on applications
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of records. An upper k-record process is defined in terms of the k-th largest X yet seen. For a formal
definition, we consider the definition in Arnold et al. (1998), page 43, for the continuous case. Let

Ty, =k, and for n > 2

Top=min{j:j > Th1, X5 > X1, | okt 1Ty 0 )

where X;.,,, denotes the i-th order statistic in a sample of size m. The sequence of upper k-records are
then defined by Ry = XTn,k_k+13Tn,k for n > 1. For k = 1, note that the usual records are recovered.
These sequences of k-records were introduced by Dziubdziela and Kopocinski (1976) and they have
found acceptance in the literature. Using the joint density of usual records, the joint pdf of the first

n, k-records Ryy = (Ry(x), ---» Bn(ky) 1s given by

_ - f(Ti(kﬁe)
(81 0) = K F (g O ] 2700
fi,., (r(k) ) [F(r (k) )] Zl_[l F(ﬁ‘(k)?‘g)

where vy = (71 - Tn(k)) and F=1-F, see, Arnold et al. (1998).

7 (1)

The problem of prediction of future usual (k=1) records based on observed record data has been
extensively studied by several statisticians in view of classical and Bayesian framework, see Ahsanullah
(1980), Awad and Raqgab (2000), Dunsmore (1983), Ali Mousa et al. (2000), Jaheen (2003, 2004),
Madi and Raqgab (2004), Ahmadi and Doostparast (2006) and Doostparast and Ahmadi (2006) among
others. Ahmadi et al. (2005) developed Bayesian inference and prediction based on k-record values
under a LINEX loss function.

The record statistics are of interest and importance, these statistics are applied in estimating strength
of materials, predicting natural disasters, sports achievements, etc. Consider a technical systems or
subsystems with k-out-of-n structure. A k-out-of-n system breaks down at the time of the (n—k+1)-th
component failure. So, in reliability analysis, the life length of a k-out-of-n system is the (n —k+1)-th
order statistic in a sample of size n. Consequently, the n-th upper k-record value can be regarded as
the life length of a k-out-of-T, ;. system. Several application of k-record values can be found in the
literature, for instance, see the examples cited in Kamps (1995) or Danielak and Raqab (2004b) in
reliability theory. Suppose that a technical system is subject to shocks, e.g. peaks of voltage. These
shocks may be modeled as realizations of records. If not record values themselves, but second or third
largest values are of special interest, then the model of k-record values is adequate. When record values
themselves are viewed as outliers, then second or third largest values are of special interest. Insurance
claims in some non-life insurance can be used as an example. So predicting future k-record values is an
important problem. Several statisticians have investigated upper bounds for the expectation of future
k-records, see Klimczak (2006), Klimczak and Rychlik (2004), Ragab (2004), Danielak and Raqab
(2004a, b) among others. One of the motivations here is the relative paucity of work concerning a
Bayesian approach to predicting future k-records.

A second important feature of this paper is the proposed use of balanced type loss functions, which



to us represent an interesting tool for decision making, or specifically here for predictions. In decision
theory, the loss function usually focusses on precision of estimation. However, goodness of fit is also
a very important criterion. Zellner (1994), introduced the notion of a balanced loss function in the
context of a general linear model to reflect both goodness of fit and precision of estimation. Often
loss functions reflecting one or the other of these two criteria, but not both have been employed
in statistical inferences. For example, least squares estimation reflects goodness of fit considerations
whereas the use of quadratic or LINEX loss functions involve a sole emphasis on precision of estimation.
Following Jafari Jozani, Marchand and Parsian (2006b) we introduce a general class of balanced type

loss functions of the form of

Lpwdo(y, d) = wp(do,d) + (1 —w)p(y,d), (2)

where p(y, d) is an arbitrary loss function in predicting y by d, while dy is a chosen a priori “target”
predictor of 4, obtained for instance from the criterion of maximum likelihood predictor, least square or
unbiasedness among others. Our objective is to predict a future k-record based on a sample of observed
k-record data from Bayesian point of view for a general class of distributions under balanced type loss
functions as in (2). As first modelled by Jafari Jozani, Marchand and Parsian (2006a) for a squared
error p in (2), the choice of the target dy in (2) is arbitrary. This constitutes a particularly appealing
feature with the Bayesian developments of Section 4 being applicable for any target predictor dg, such
as those presented in Section 3. In this paper, we shall use balanced squared error loss (BSEL), and
balanced absolute error loss (BAEL) or balanced L; loss functions as symmetric BLFs and balanced
LINEX loss function as an asymmetric BLF to derive the Bayes predictions of the future k-records in

a general class of distributions based on a sample of k-record values observed.

2 Preliminaries

Let X1, Xo,---, be a sequence of iid random variables from the class Cy of continuous distribution

functions with
Fz;0) =1—[G(2)"?, —co<c<z<d< oo, (3)

where () > 0 and G = 1 — G is an arbitrary continuous distribution function, free of unknown
parameters with G(c¢) = 0 and G(d) = 1. The family in C} is well-known in the lifetime experiments
as proportional hazard models (see for example Lawless, 2003), which includes several well-known
lifetime distributions such as: Exponential, Pareto, Lomax, Burr type XII, Resnick, Weibull (one
parameter) among others. Also, the family in C] is a subclass of a regular one parameter exponential
family of distributions.

Let g(z) = -LG(x) be the pdf corresponding to G(z), then

9

f(z;0) = a(0)g(x)[G(x)] ¥l —co < c <z < d < 0. (4)



Suppose that Ry, Ry, --- is the sequence of k-records coming from (3) with «(f) = 6, then the

following can be obtained easily ( see for instance Arnold et al., 1998):

e The joint pdf of Ry = (Ri(r), ---» Rn@)) is given by

) nrA 0 a g(rz(k))
fl,...,n(rl(k)a )Tn(k)ve) = (ke) {G(rn(k))}k Z1;[1 G(Tz(k))

e The marginal pdf of the nth k-records, R, ), is given by

Fn(Tnr); 0) =

190 {G (ra()}* ™ {=1og G (rua) "~ (6)

e The conditional pdf of Ry given Ry, ;) = rpp), s > n is
(k6) Glra)\ ™ 9lraw) (Glra) "
. T'n(k) 9(Ts(k) T's(k)
fsn Ts(k)ITn ’9 = log " = — . 7
sl 0= T Gy | Gl \ Gl ™)

The following results are an immediate consequences of (5) and (6):

® R, ) is a complete sufficient statistic for # among the first n k-records.
e —log G’(Rn(k)) has a Gamma distribution with parameters n and k6.

. . . . s pmle __ —n
¢ The maximum likelihood estimator (MLE) of 0 is 6™ = --—=7— o5 G R

e The UMVUE of 6 is 0 = W&%W

Suppose that we observed the first n upper k-record values R;) = r(;) from a distribution, with cdf
and pdf given, respectively, by (3) and (4) with a(f) = 6. Let Rw,s(k) = ¥ (Ryy)) be the point predictor

of R, s(x), then we consider the balanced type predictive loss function as follows:

Lp,w,Rg(k) (Rs(k)a Rw,s(k)) = wp(RS(k)a Rw,s(k)) + (1 - w)p(Rs(k)a Rw,s(k))» (8)

where w € [0,1) and p(Rs(k),Rw’s(k)) is an arbitrary loss function in predicting Ry by Rwﬁ(k),
while Rg(k) is a chosen a priori “target” predictor of Ry, obtained for instance from the criterion
of maximum likelihood predictor, best linear unbiased predictor, best linear invariant predictor, or
conditional median predictor among others. In the sequel, we first derive the target predictor Rg(k) of

Ry based on observed records via two methods namely, conditional median and maximum likelihood.

3 Non-Bayesian Prediction

There are several non-Bayesian methods for predicting future k-records. Here we present two schemes,
maximum likelihood and conditional median prediction, when the parent distribution is as in (4) with

alf) =0.



3.1 Conditional median prediction

The median of the distribution of Ryy) given R, ) = rp), whose density is given in (7), is called the
conditional median predictor (CMP) (see, Ragab and Nagaraja, 1995). The CMP, given in (9) below,

depends on € but we can derive a plausible predictor by using a plug-in estimate of §. We have

RO, d
/ Foin (M) Tn (k> 0)dr sy = /0 Fsin (s [Tk 0)dr(ny.-
Tn(k) Rs(k)

Grum))
G(rsk))

Now, suppose that we observed R, ) = 7,(1) then by taking ¢ = log ( ) the above identity can
be rewritten as follows

log ?(r%(k)) )
/ GE (1) ts—n—le—kOtdt _ / ts—n—le—kOtdt'
0

@(Tn(k) )
bg(G(Rg(k)))

From the above identity we conclude that

-1 _ _ Med(W) )

Ry =G (Glragy)e™ 50 (9)

where W has chi-square distribution with 2(s —n) degrees of freedom and Med (W) stands for median
of W. Substituting the MLE and unbiased estimator of 6 in (9) we get

_—1 _ Med(W)
By =G (IGrag) 7 57)) (10)
and
1 _ Med(W)
R?f,s(k) =G <[G(Tn(k))](1+ e )> ) (11)

respectively. For s = n + 1, using the fact that Med(xé)) = log4, (10) and (11) reduce to

-1 log 4

@ o _—1 — log 4
Rgmn-i-l(k) =G ([G(Tn(k))](l+ 2n )) and R(()J,n+1(k;) =G <[G(Tn(k))](1+2<”1))> ‘

Example 1 (i) (Exponential distribution): Taking G(z) = ¢ %,0 < x < oo, in (3), X has
Ezxponential distribution, and using (10) and (11) the target predictor (CMP) of Ry, on the basis of
Rn(k) = Tn(k) are

Med(W) Med(W)
0 0

For the predicting next record, s = n + 1, we get

log4 log 4
0 _ 0 _
RM,nJrl(lc) - (1 + m )Rn(kz) and RU,n+1(k) = (1 + m)Rn(k)

(ii) (Pareto distribution): Taking G(z) = L, = > n > 0, with known 0, in (3), X has Pareto
distribution, and using (10) and (11) the target predictor (CMP) of Ry on the basis of Ry ) = Tn(x)

are

Med(w))

Rn(k) ) B
n

Med<vv))

Rn(k) > -+ 2(n—1)

, and ROS :77(
U,s(k) n

R(J)W,s(k) =" <

)



For the predicting next record, s =n + 1, we get

log 4 log4
Rn(k:) —(14327) Rn(k) —(1+m)
Rg/[,n-i-l(k) =1 < n ) and R(I)Ln—i-l(k) =n < n ) :

For k =1 the results of Raqab et al. (2007) are obtained as an special case.

3.2 Maximum likelihood prediction

Assume that we observed r(;) = (rl(k), ...,rn(k)) from a population with unknown parameter 6. We
intend to predict Ry, s > n based on r(;). The predictive likelihood function of Y = R, and 6 is
given by (see Basak and Balakrishnan, 2003)

L(r ey, msk), 0) = frml@)h(rsulrm), o)

= f(r(k) yg)fs\n(rs(k) ’rn(k)a 6)7
where the second equality is obtained by Markovian property of k-records. If there exists ROL s(k) =
R;’&e) and éL = g™ such that
L(r(k),R%,s(k),éL) = sup L(rpy,Ts(k), 0)s
Ts(k)79

then 07, and ROL s(k) are the predictive maximum likelihood estimator (PMLE) for § and the maximum
likelihood predictor (MLP) of Ry(r), respectively. Now suppose that k-records are obtained from our
proposed model (3) with a(f) = 6, then using (5) and (7) the predictive log-likelihood function is
given by

G(rs k ) =
Ur(ry, Ts()» 0) o< (s —n —1)log (log (C_v‘(m((k))))) +log g(rsr)) + (k0 — 1) log G(ry) + slog 6.

Substituting 6 by §™*€ in L(r (k> Ts(k), 0) the MLP of Ry, can be obtained from the following equation:

g(R%,s(k)> 14 8 _ _ s—n—1 _ _ QI(ROL,s(k)) (12)
G(ROL,s(k)) log G(R%’s(k)) log G(ROLS(k)) — log G (i) 0

9(RL ox))
Example 2 (continued) (i)(Exponential distribution:) For the case of exponential distribution

the equation (12) reduces to:

14 s . s—=n- 1 1
R%,s(k) Tn(k) = R%,s(k)

Hence the MLP of Ry, is
0 s

RL,s(k) T n + ]_R”(k)
(ii) (Pareto distribution): Taking G(x) =1, x > n > 0, with known 7, in (3) with a(8) = 6, the

mazximum likelihood predictor of Ry is given as a solution of the following equation in ROL’S(k) :

s—n—1 S

— =3.
log 7,1y — log ROL’S(k) logn — log ROL,s(k)

For k =1 the results of Raqab et al. (2007) are obtained as a special case.



4 Bayesian prediction

A Bayesian approach may be adopted in order to derive the necessary predictive distribution; see
Dunsmore (1983). Assuming that the parameter 6 is a realization of a random variable with prior pdf
7(0). We use Gamma(a, 3)-distribution as a conjugate prior for the parameter  with the following

density function,

7(0;a, B) = Fﬁ(;) o le= 9 >0, (13)

where a and (8 are positive constant.

It follows from (5) and (13) that the posterior pdf of the parameter 6 is given by

(ﬁ —k IOg G<rn(k)))n+a 9n+a71679(ﬁ7k10g é(rn(k)),

T(n + o) 0 >0, (14)

T(O171(k), s (k) =

where I'(.) is the complete gamma function.

Assume that we have observed the first n upper k-records r(gy = (71(k); ---, T (x)) from (3) with a(0) = 0,
and that, based on such a sample, prediction, either point or interval, is needed for s-th upper k-record,
s > n. Now, let Y = R,y be the s-th upper k-record value, s > n. The Bayes predictive density
function of Y given r(;) is given by (see, Arnold et al. 1998, p. 162)

Flole) = | 5wl 0)m(0rs))do (15)
Hence, we find the Bayes predictive density function as follows

frsmwylrng) = /0 F o) Tngr) 0)m (017 iy ) dO

_ ['(s+a) (5 + Kty k) >”+a L (O tn(k))s_in_lg(rs(k))
(s —=n)T'(n+a) \ B+ Kkt (B + ko)) "G (rory)

where ;) = —log C_T’(Ti(k)),i =mn,s and ry) < ryp) < d.

B—Fklog G(Ryx))
Let U = ————"%¢
et U B—klog G(Ry(1))’
distribution which is independent of R,y). Thus we can use U to construct a Bayesian prediction

then it is easy to verify that U given R, ) = ry) has a Beta(n + a, s — n)-

interval for R ). Let b, be the yth percentile of a Beta(n+a, s—n)-distribution, then the 100(1—+)%

prediction interval for Ry, is given by (L1, L), where

O !

and

(17)

_ 1 — klog G(r,
Ly=G"! {exp (8- iw(n :L)ga y_(z))))] }



Remark 1 We get the results of Ahmadi et al. (2005) by taking G(x) = e=® (Ezponential distribu-
tion) in (16), and (17), and the results of Ragab et al. (2007) by choosing G(z) =2, x > n >0, with

known n (Pareto distribution) and k =1 in (16), and (17), as special cases, respectively.

Here we consider the Bayesian point prediction of R) under BLF, LPaWaRO(k>’ as in (8). When w = 0,
we simply use Lo instead of L, RO, unless we want to emphasize the role of p. The following
lemma and proof are quite similar to Lemma 1 in Jafari Jozani, Marchand and Parsian (2006b), and

establishes a connection between Bayesian prediction under BLF (8) for the cases w > 0 and w = 0.

Lemma 1 For predicting Ry with target predictor Rg(k) under balanced loss function L as

pw,RY 1
in (8) and for a prior w(0), the Bayes predictor vas(k) corresponds to the Bayes solution R:(k) with

respect to f*(rgx)|Tnek)) under Lo; where

P (s lrnmy) = wlpo, 3 () + (L= w) f(rsw raer)):

i-e., f*(roiy|Tnk)) 18 a mizture of a point mass at Tg(k) and the conditional distribution Ryy) given

Ry = (k).

Proof: Let y, and v, be dominating measures of f(ry)|rn)) and f* (7|7 k), respectively. With

the definitions of R:(k), R, s(xy and Lo, and with X,() standing for the sample space of Ry), we have

R, = ngmrw(k)/x(k) Lo, r0 (Ts(h)s Teos() F (s i) [ r) ) dn (75 k)
= argmmrw(k) /Xs(k)U{TO(k>}p(Ts(k)vTw,s(k))f*(rs(k)’rn(kz))dyn(rs(k))

= argmin, / Lo(Ts(kys Teo,s (k) (T Tn(k)) A (Ts(r))
’ Xs(k)U{Tg(k)}

= B

4.1 Bayes predictor under BSEL function

Choosing p(y,d) = p1(y,d) = 7(y)(y — d)?* with 7(-) > 0, the balanced predictive loss function in (8)

becomes

LPL%RS(M (Rs(k), R%S(k)) = WT(RS(k))(RS(k) — Rw,s(k))Q + (1 — W)T(Rs(k))(Rs(k) — Rw,s(k))2'

Er[RyryT (R (1)) Tn (k)]
Er[T(Rs(1)|7n (k)]

EF[Ri(k)T(Rs(k))Vn(k)] < o0; i = 0,1; for all 7,()). Thus, following Lemma 1, the Bayes point

Under Ly and the prior 7w, we have RO,s(k) = (subject to the finiteness conditions

8



prediction of R, under Lp17w7Rg(k) is given by

5 _ Ep- [Rs(k)T(Rs(k))|Tn(k)]
w,s(k) Ep«[T(Ry))ITn )]

sz(k)U{Tg(k)} Ts() T (Ts () ) (s () | 7)) AV (75 (1))

sz(k)U{Tg(k)} T(Rs(e)) f* (s () | 7)) A (75 (1))

Wil T(rdy) + (1 = W) Ep[Ry (Rygr)) rng)]
wr (1Y) + (1 — W) Ep[T(Ryr))Irnw)]

Taking 7(-) = 1 the predictive loss function L o reduces to the balanced predictive SEL function.
)

In this case the Bayes predictor of Ry, simplifies as

= WRg(k) +(1- u1)];30,5(1g)~
Remark 2 It may be noted that the Bayes predictor of Ry under balanced predictive SEL function
s a convez linear combination of the target predictor Rg(k) and the Bayes predictor of Ry, under the
usual predictive SEL function. Also, it is observed that when w =1, R, ) reduces to the classical
predictor Rg(k), whereas, for w = 0, Rw,s(k) reduces to RO,s(k) which is the Bayes predictor for Ry,

under SEL function.

When F' € C;, we have

RO,s(k) = E[Ryuw|rnm]

= B [G_l (é(rn(k))%e_%l?f]>

%m given R,y = 7y(k) has a Beta(n+a, s—n)- distribution.

rn(k):| ’

where the random variable U =

Thus we may rewrite (18) as

A _—1 7 _ 1 _B1-U
Rw,s(k) = wRS(k) + (]. — (A))EU |:G (G(Tn(k))Ue kU )

Rn(k):| - (19)
Example 3 (continued) (Exponential distribution:) For the case of exponential distribution the

equation (19) reduces to

~

g 1 B

B 0 s+a—1 I} 0
= WRs(k)Jr(l—w){nJra_l (Rn(k)+k> e[

Taking Rg(k) = R% s(k) = w1 Bo) as the MLP of Ry, then for s =n+1 we get

® n+ « I5] 8
Roniig) = whag) + (1 - w) {n+ozl (Rnw) + k:> - k} '

When k =1 and w = 0, we find the results of Jaheen (2004) as an special case.



4.2 Bayes predictor under BAEL function

Following Jafari Jozani, Marchand and Parsian (2006b), taking p(y,d) = p2(y,d) = |y — d|, we get

balanced absolute error loss (BAEL) function as

Ly o,r0,,, (Bs(r), Ry (k) = IRy = Busiiy] + (1= w)| Ry — o]

Since the Bayes prediction of Ry under L, RO, is the median of the Bayes predictive density
function f(r)|7nk)) = [ f(rs (&) |Tn(k), 0)7(0)d, following Lemma 1, the Bayes prediction of Ry

under BAEL, L isa medlan of

P2,W,Rg(k) ’

S sy ramy) = wlpo 3 (rsm) + (1= w)f (rsg Iram)),

(k)}
for all r,,(1). It is easy to realize that when w > 1 2 ]A%%S(k) = Rg(k), i.e. the point mass of Rg(k) has large
enough probability to force the median to be Rs(k). For w < %, the cdf corresponding to f*(rs(k) ]rn(k))

is given by

* (1_w)P(Rsk Srsk|rnk)’ Tsk<rg ’

F*(r oy Pney) = (k) (k) 1"n(k) (k) 0(k)
w+ (1 - W)P(Rs(k) < 7ﬁs(lc)|7an(k))v Ts(k) > Ts(k)-

Taking ((rpk)) = (1 — w)P(Ryw) < ro)lrnr)) and Fs_‘i as the inverse cumulative Bayes predictive

density function, straightforward calculations lead to

Fsﬁ(zh_—%))a 0 < {(ragy) < 3 —w,

~

Rw,s(k‘) = RS(k)’ % —w < C( ) < 2, (20)
Fo(gamy)s 3 < Clray) < L.

Note that the above result is general with respect to the choice of the target predictor, the model
and the prior distribution. Also in predicting R,,;(x), when the target predictor is chosen to be the
maximum likelihood predictor of R, (), i-e. Rn+1(k) Ry k), it is easy to see that ((ry)) = 0 and
80 Ry nti1(k) = Tn(k)- Let B(:,n+a,s—mn) be the cdf of a Beta(n + a, s —n)-distribution. For F' € Cy,

we can easily show that

(B logg(ra(k) )
o) =1 B(ﬂ—klogg(Tg(k))m—i_a’s n),

and

F(rogylrnm) =1-B < f = log 9(rn (k) n+ao,s— n) .

B —klogg(rsmy)’
Choosing B~1(-,n + a, s — n) as the inverse cdf of a Beta(n + a, s — n)-distribution, then (20) leads
us to the following Bayes prediction of R,y under BAEL,

11 1 B—log g(rn(k))
B (2(17w)7n+a,s—n), §+WSB(WQZTE§(}C)),H+Q,S—H)<1’
? = 0 1 B-logg(ra(k)) _
Rw,s(k) = Rs(k)a < B(ﬁ klog g(r (k)) , N+, s n) <3;tw

WI= o=

— — 1 n(k
B 1(2%1_2Z),n+a,5 -n), 0< B(iﬂ k‘ifg’& ((k)))) n+a,s—n)<

10



4.3 Bayes predictor under balanced LINEX loss function

The choice of p(y,d) = pa(y,d) = e*W=9 —a(y —d) — 1, a # 0, in (8), leads to balanced LINEX loss

function L as follows

paw R )
wfe s ™) _ a(RYgy — Rusy) = 13 + (1 = w){etBewRosw) — (R, gy — Ryyy) — 1}

The choice of such an asymmetric p, is especially appropriate when over-prediction and under-
prediction of the same magnitude have different economic consequences. For more details on LINEX
loss see the review paper of Parsian and Kirmani (2002). The unique Bayes prediction of Rg) under
. with respect to the prior distribution 7(6) is given by R ) = —% log Er [e_aRS(k>|rn(k)}.

(k)
Following Lemma 1, the unique Bayes predictor of R,y under L

Ly 0,R0

o 1s given as follows
pa7w7RS(k) g

~

1 —a
Rygy = ——logEp:[e™® | Ry p)]
1 e -
= ——log(we Bw + (1 -w)EFle aRS(k)|Rn(’f)D
a

1 _ .
= ——log(we Ry 1y +(1- w)e_aRO,s(k))
a
and for F' € C; reduces to

~ 1 —aROk =1 = 1
Ry, sk) = —alog we ek 4+ (1 —w)E |exp{G (G(Rn(k))Ue

Eallsy
—
-]
L
N—
—
2
z
| S
~
—
\o}
—_
S~—

where Ulry, ) ~ Beta(n + a,s —n).

Example 4 (continued) (Exponential distribution:) For the case of exponential distribution,

since
A _ k) B1-U
e~ Fo.sm) = E[e a( v tET ) Tn(k)}
_aB
= €’ Ve(a, o, Bk, ro))
B(n—i—a’s—n) S 9 ) 9 9 n(k‘) Y
where
IF'(n+ a)l'(s—n)
B(n+a,s—n) = (s + o) ,
and

1
\I/S(av a?ﬁa ka Tn(k’)) = / €Xp <_a(rn(k) + i)i) unﬂl*l(l — ’LL)Sinildu7
0

the Bayes prediction of Ry, obtained from F € Cy under balanced LINEX loss function is given by

_aB
k

A 1 _ 1 _
Ry sk = “a log <we arls) + ( w)e

v .
B(n+a,s —n) (a2, 8.k, rn(kﬂ)

For k=1 and w = 0 the results of Ahmadi et al. (2005) are obtained as an special case.
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5 Conclusion

e The balanced type loss function, L, RO, 8 in (8), is a mixture of two loss functions, p(Rw, s(k)s Rg( k))
and p(Ry, s(k)s Rs(k)). Therefore it may be more appropriate than either of them in predicting the fu-
ture records. This loss, which depends on the observed value of RS(k)? reflects a desire of closeness of
Rw, s(k) both to R,y and Rg(k). In this paper, under non-Bayesian and Bayesian frameworks, we have
studied the prediction of future k-records based on observed records which come from a general class
of continuous distributions. The Bayes predictors of the s-th future k-record are obtained under BLF.
We presented the results for the balanced type version of some well-known loss functions namely SEL,
Ly and LINEX loss.

e Taking a sequence of iid random variables X1, Xo, - -, from the class Cy of continuous distribution

function F'(z;0) with
F(z;0) = [G(2)]’, —co<c<z<d<oo, >0

where G(x) is an arbitrary continuous distribution function free of unknown parameter and G(c) = 0,
G(d) = 1. Tt is easy to show that the results of this paper are also hold true for lower k-record data
from C5 with some modifications. The above family of distributions is well known in the lifetime
experiments as proportional reverse hazard models (see Lawless, 2003) and also a subclass of one

parameter exponential family.
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