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Abstract

The present paper deals with the Shrinkage Estimation of stress strength reliability model R=P[Y<X<Z]
Where X is the random strength and Y and Z are independent random stress variables follows Lomax
Distribution based on record values. In this paper we obtain the shrinkage estimation of R based on
record values using Classical and Bayesian Estimation method when the scale parameter A which is
common for all the distribution is known. We illustrated the performance of the estimators using
simulation study.
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1. Introduction
In the literature the problem of estimating the stress strength reliability R= P[X>Y] has been
considered as both distribution free and parametric frame works. In stress strength reliability
analysis the strength X and the stress Y are considered as random variables. In reliability
studies the stress- strength model describes the life of a component which has a random
strength X and is subjected to a random stress Y. In stress strength model the system fails if at
any time the applied stress is exceeds its strength, if the system functions only if its inherent
random strength is greater than the random stress applied on it. The stress strength reliability
have wide applications in Quality control, Engineering Statistics, Medical Statistics, Bio
statistics etc. An important case is estimation of R =P(Y<X<Z) which represents the situation
where the strength X should not only be greater than stress Y but also be smaller than the
stress Z. The model of P(Y<X<Z) have wide application in various subareas of engineering,
psychology, genetics, clinical trials etc. Minimum Variance Unbiased (MVU), Maximum
Likelihood and Empirical Estimator of R= P[Y < X < Z] was discussed by Singh (1980) [*°],
Dutta and Sriwastav (1986) ! deals with the estimation of R when Y, Z and X are exponential
random variables. Maximum Likelihood Estimate and Uniformly Minimum Variance
Unbiased Estimate of R when Y, Z and X either uniform or exponential random variable with
the unknown location parameter was considered by Ivshin (1998) [*3, Hassan et al. (2013) ¥
focused on the estimate of R= P[Y < X < Z], where Y and Z be a random stress and X be a
random strength have Weibull Distribution in presence of k outliers. Hameed et al. (2020)
focused on the estimate of R= P[Y < X < Z], when Y, Z and X are independent and that these
stress and strength variable follows Kumaraswamy Distribution. Karam and Ali (2021) 3
discuss the estimation of Stress — Strength Reliability for P[Y<X<Z] using Dagum
Distribution.
A shrinkage estimator is a new estimate produced by shrinking a raw estimate. For example
two extreme mean values can be combined to make one more centralized mean value;
repeating this for all means in a sample will result in a revised sample mean that has “shrunk”
towards the true population mean. Shrinkage is where extreme values in a sample are “shrunk”
towards a central value and the shrinkage estimator performs better than the usual estimator
when the initial value is close to the true value of the parameter Thompson (1968) 7]
suggested the single stage shrinkage estimators for the mean of a normal distribution when an
initial value p, of the mean is available by moving the usual estimator towards initial value.
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Glifin Francis et.al. (2022) 1 obtained the shrinkage estimator of stress strength reliability R= P[X<Y] when X and Y are
geometric distribution using record values.

Record values can be viewed as order statistics from a sample whose size is determined by the values and the order of occurrence
of the observations. In any field, whenever a high or low value is observed, in connection with the phenomena under study, it
becomes a part of history and will be designated as a record. Record values and associated statistics have wide application in
meteorology, hydrology, sports and life tests. Chandler (1952) [l introduced and studied some properties of record values. Feller
(1966) [ presented the some examples of record values and record value times. Balakrishnan and Ahsanullah (1994) @I discussed
the Relations for single and product moments of record values from Lomax Distribution. Ahsanullah (1991) ™ obtained the
Record values of the Lomax Distribution.

The layout of this paper is organized as follows. In section 2 we obtain the shrinkage estimation of R based on record values. In
section 3 we obtain the Bayesian shrinkage estimation of R based on record values. In Section 4 we illustrate the performance of
the estimator by simulation study. Finally in section 5 conclusions are presented.

2. Shrinkage Estimation of R based on Record Values

Let X be the strength of the random variable following Lomax distribution with parameters L(ay, A), where a, is the shape
parameter and A is scale parameter and Y and Z be the stress of the random variable following Lomax distribution with parameter
L(a,,A) and L(as,A) corresponding probability density functions are given below.

allal

f(X,O(l,)\):W;X>O,O!1>O,A>O (2.1)
A%2

f(y, oy, A) = @‘;T y >0, a, 0,1 > 0 2.2)
2193

f(z, as,A) = @ZAT 2>0, a3 >0, 1 > 0. (2.3)

The stress strength reliability R= P[Y< X < Z] :fooo P(Y <x,Z>x/X = x)dE,(X)
=" F,(0) F, (x) f(x)dx

_ a1a;
(a1 +az)((ay+az+az)

1 O<R<1. (2.9)

Letr = (ry1y,...,1,,) be the first (n,+1) upper record values with r,=x,, from (2.1) then its likelihood function is given by

1

L (rlar, ) = () [IT25" £08] = a2 2% Gy, + D)™ T2 25)
Lety = (¥1,Y2) -+» Yn,) be the random sample of n, observation from (2.2) then its likelihood function is given by

L lan ) = 12, =28 = e 2 [12, () + D)@ (26)
Let z = (2,2, ..., Zn,) be the random sample of n; observation from (2.3) then its likelihood function is given by

L(zlas ) = Ty oo = @™ A% T2, (7 + A)7@HD @7)
The joint likelihood function is given by

L,y zlay, ap a3 2) = ay™* A% (1, + )74 12,05+ D71 a2 A72%

[T72,(yj + A)~ @2t qgns nas [T (7, + 1)~ (@t (2.8)
From (2.8) we can obtain the MLE of a4, a, a3 as

@ = ﬁ (2.9)

@ = (2.10)

np ﬁ
ijllog(1+ =)
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—_ ns
Ay == 2.11
PN, log(1+ 2K (@.11)

Now using (2.9), (2.10) and (2.11) the MLE of R is given by

% : 0<R<1, (2.12)

R,,,==—2%3X2
mle (a+az)(ar+az+az)

2.1 Shrinkage Estimation with Constant shrinkage factor
In this case we obtain the shrinkage estimate given by Abdul Hameed (2020)

.ésh = l/)(.é).éub +(1- lp(.g)).éo

with w(ﬁ) = 0.01 the constant shrinkage weight factor suggested by Hameed et.al. (2020) this leads the Shrinkage estimates of
ay, azand as as

&\lsh = 0'01&11{.1) + 0.99&10

2.13)
a\zsh = 0-01d2ub + 099&20 (214)
And
(,1\35]1 = 0.01(,Z\3ub + 099&30 (215)
A n1—1 A nz—l A TL3—1
where & —_— =—anda =
tub Z?zlllog(1+ %) 2ub Z;Zl log(1+ J’_A]) 3ub ZZillog(1+ ZTk)

@10, @20 and &3, is taken as the boot strap estimate of a;, a, a3 .

PR — N (2.16)
(@1sht+@2sht3sp) (@1sht@3zsh)

From (2.16) expression, it is very difficult to find the exact variance and distribution of R;,. So we use the multivariate delta
method (See Wasserman, (2003) (81, Soliman et al. (2013) (6], Dhanya, M. and Jeevavand, E. S. (2018) [, Khan, M.J.S. and
Khatoon, B. (2019) [2 to find the approximate estimate of the asymptotic variance of Ry, which is obtained as follows

Let the Fisher Information matrix @

(25 BGaa) 5G]

0 (o 000060) | F (Gmt) £ (Z2) p (520) .17)
_92 _32 a2
B(om) p(c2m) g ()
and
B'= [:Ti ;Ti :Ti = [by b, bs] (2.18)

Then 2 =V(R) =B ¢~'B.

In this case
2
[ni_:z'l 0 0] [ni(il O 0]
1
? (o¢q oc)=| 0o = Olsoc)_l:l 0o = 0I
1,%2,%3 [ o2 j | n, |
n 2
o o3 o o9
3
Also
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_ OR — —¢p (X3 — oy 0g— &3) 219)
D700y (oq +0c0)2 (o + 0o+ oc3)2 -
_ OR _ oy (o xq3—of)
27 Gy (otg + og)? (otg + otp+ 3)2 (2.20)
And
— OR _ - —X1%3
bs = docg (0t + oXg) (g + g+ oz)2 (2.21)
Then
2 - _plp-1p — bix% | b3}  bi«d
= = = + +
Ok = VR) =B OB = o+t 2.22)

By replacing the parameters with their shrinkage estimate we get the estimate 51%5}1 of aﬁsh. In this case he asymptotic distribution
of Rgp, is N(R, 6210)-

2.2 The Modified Thompson Type shrinkage estimator
Here we use two the modified Thompson type shrinkage weight factor to find out the shrinkage estimator.
(a) suggested by Hameed et.al. (2020) here we take the weight factor as

) ﬁub_ﬁo
¢(R) " (Rup—Ro)2+var(Ryp)

(0.001) (2.23)

fflub f"'\Zub
. i (a\lub+a\2ub+&\3ub)(a\1ub+&\3ub)
estimator will be

and var(ﬁub) is as defined in (2.22). So the modified Thomason type shrinkage

where Ry, =

Rrn = ¢(R)Ryy + (1 — p(R)R, (2.24)

(b) Shrinkage weight factor suggested by Mehta & Srinivasan (1971) here we take the weight factor as

= b(Ryp—Rp)?
@(R) = a.exp {— #ﬁu:)} (2.25)
where 0<a<land b>0 So the modified Thomason type shrinkage estimator will be
Rus = 9(R)Ryy + (1 — (R)R,. (2.26)

3. Bayesian Shrinkage Estimation of R based on Record Values

In this section we estimate the Bayesian shrinkage estimate of R under Squares Error and Linex Loss functions when A is known.
Letr =(ror,....... 1) be the first (n;+1) upper record values with r,=x,, from (2.1)
The gamma prior for a; is g (a;) o a;P~te™*1", ay,7,p > 0 (3.1)

Combining the likelihood function (2.5) and the prior distribution (3.1) and the posterior density of «; is derived as follows.
The posterior density of «, is given by

Tn1+)L

f (ay |£) a a1n1+pe—a’1(1’+ log( x )) aq,MtPe=al

f(ay |¥) aa,"te @Y, (3.2)

Tny+A
A

where U=1 + log ( ) V=n,+p+l

Similarly Ietz = (¥1,Y2 -+ Yn,) be the random sample of n, observation from (2.2)

The gamma prior for a, is g (a,) a a9 te~ %%  a,,W,q > 0 (3.3)
Combining the likelihood function (2.6) and the prior distribution (3.3) and the posterior density of «, is derived as follows.
The posterior density of a, is
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f(az

n2 . -
e—az(‘}'+ X2 log(yj+1)-nylog) a aZQ_le_azM (3.4)

np+q-—1
X)aaz 214

Where Q=np+q, M= W + Y72, log (y; + 4) — nploga
Similarly let z = (2,2, ... z,,) be the random sample ofn; observation from (2.3)

The gamma prior for a; is g (a3) a a3" e~ ", a;,n,r > 0(3.5)

Combining the likelihood function (2.7) and the prior distribution (3.5) and the posterior density of a5 is derived as follows.
The posterior density a;0f is

f (a3 |Z) a a3n3+r—1e—a3(n + Z}:illog(zk+l)—n3log/1)a a3W‘1e"“3N (3.6)
Where W=nz+1,N=n + X2, log (z, + A) — nzlogA

Assume that o, a,and asare independently distributed the joint posterior density can be written as

f(al’ az'a3) — alV—le—aan,zQ—le—azMaBW—le—agN :alV—lazQ—1a3W—1e—((11U+C¥2M+(13N) (37)
R R _ a1a; _ _ . - _ ﬂ
Applying the transformation R = @ita) @t a,ra) S=a;+a,+a; and T= a,,a; S>0, T>0,0<R<1 which gives =
_ _T2
a, =S —T,and a; =%

e —RyTs-r2\W 1 —(£U+(S—T)M+WN)
fRSTx,y,2) o (B0) (s — et (LT (s7) (laBrs=r2)) k3

= [(1—R)TS—T?]
aR"TLSV TV (=T (1 - RITS - TZ)W—l e_<(s__T)U+(S—T)M+(S—7T>N> o8
_<(§%)U+(S_T)M+([(1_P:9)_$TZ])N)

f(RS,T|x,y,2) =(C1(0)) 'RV sV TV (S—=T)VW (1-RTS-T2)" " e \¥ ,
$>0,T>0,0<R<1 (3.9)

where C is the normalizing constant
The Bayes estimate of R under the squared error loss function is given by

~ 1 C
Rspr =E(R|xy,2) = [} RfF (Rlx,y,2) dR =15 (3.10)

[1-R)TS-T?]

RST
where C,(d)=[, [;” i RERV1 SV TV (S—T)eV W (- R)TS —17)" e (s (=5

_<(g)”+(S—T)M+(W .

=[RSV TV (S =TV W (1 - RITS —T2)" e =) ) dTdSdR (3.11)

Under Linex Loss Function the Bayes estimate of R is given by

PN 1
Rypp=logG, (3.12)

Where

_ _7T2
—((%)U+(S—T)M+([(1‘?;ST] N+kR

G=(C O [ [ RISV TV (S =TV W (1-R)TS—T2)" e ) ) dTdSdR (3.13)

3.1 Shrinkage Estimation
In this case we obtain the shrinkage Bayes estimate Rgg; ps, and Ry pgp, as

Rsgrrsh = W(B)Rsgrr + (1 — Y(B))R, (3.14)
And
Riur =v(BRLr+ (1 —yY(B)R, (3.15)
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with 0 < 1/)([?) < 1 and R, is the boot strap estimate of R obtained by taking prior parametersp =q=r=t=%¥=1n=0

4. Simulation Study

To obtain the boot strap estimate of R we use the following boot strap algorithm (Efron 1982).

Step-1. Simulate a random sample from Uniform (0,1). Using this simulated value compute random sample for X ~ L(4, a;), Y ~
L(4, ay) and Z ~ L(A, a3) respectively.

Compute the MLE of a,, a,, a3 Say @isn, Qasn, A3g, given in setion-2.

Step-2. Generate an independent parametric bootstrap sample using &y, @5, A3y iNStead of a4, a5, as.

Step-3. Calculate the maximum likelihood estimate of &, ;,, @,n, @35, Obtained in step-2 say @', @'25n, @'3sn

Step-4. Repeat the step-2 and step-3 N times to obtained the parametric bootstrap estimates &, ,, @,, and @s,. Then using these
values, calculate R,. In the absence of real data finally, we study the performance of the estimates obtained in the above section
using Monte Carlo Simulated data sets. All the computations are done by using R Program. Generate the sample of sizes

(ny = nyn3)(10,10), (10,25), (10,50), (25,10), (25, 25), (25, 50), (50, 10), (50, 25), (50,50) from Lomax Distribution with
parameter values 0.5, 2, 3.5 for a;, a, and a5. The bias, mean square error of estimates of R given in the following table.

Table 1: Bias, MSEs (in parentheses), of the estimates of, Ry, , Rrp,, Rus

Rgp Ryp Rys
N1=n2 n3 1= 02 a3 Bias Bias Bias

(MSE) (MSE) (MSE)

10 -0.00701 -0.20758 -0.07514
(0.00116) (0.06457) (0.01668)

10 25 -0.02565 -0.17593 -0.04839
(0.00312) (0.03719) (0.00861)

50 -0.0058 -0.21804 -0.01492
(0.00092) (0.07003) (0.00627)

10 0.08572 -0.22092 -0.16167
(0.00771) (0.09948) (0.010782)

0.07823 -0.19545 -0.06298

%25 0.5 0.5 (0.00645) (0.06981) (0.01592)
50 0.08142 -0.23407 -0.11294
(0.00712) (0.06299) (0.02260)

10 0.09930 -0.20892 -0.01861
(0.01017) (0.06356) (0.00953)

50 25 0.09656 -0.06563 -0.0113
(0.00945) (0.00513) (0.00050)

50 0.08088 0.20116 -0.03554
(0.00678) (0.07384) (0.00585)

10 -0.03095 -0.017106 -0.02739
(0.00146) (0.05878) (0.012126)

10 25 -0.02023 -0.08261 -0.00382
(0.00096) (0.02445) (0.00024)

50 -0.01662 -0.04911 -0.01169
(0.00055) (0.00761) (0.00047)

10 -0.0129 -0.06309 -0.01212
(0.00078) (0.00906) (0.00026)

-0.01053 -0.04558 -0.00254

NS 05 2 (0.00028) (0.00565) (0.00008)
50 -0.00947 -0.02666 -0.00532
(0.00029) (0.00213) (0.00010)

10 -0.01101 -0.0406 -0.01202
(0.00057) (0.00360) (0.00039)

50 25 -0.00945 -0.0139 -0.00166
(0.00015) (0.00045) (0.00003)

50 -0.00828 -0.03595 -0.00505
(0.00018) (0.00285) (0.00009)

10 -0.02125 -0.12268 0.00732
(0.00192) (0.08335) (0.00064)

10 25 -0.03046 -0.1301 -0.00482
(0.00237) (0.06001) (0.00011)

50 -0.01720 -0.0617 -0.00786

05 35 (0.00052) (0.01401) (0.00012)

10 -0.01614 -0.06476 -0.00342
(0.00060) (0.01402) (0.00010)

25 25 -0.02148 -0.0975 0.00116
(0.00076) (0.02243) (0.00016)

50 -0.02540 -0.06253 -0.00935
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(0.00088) (0.00591) (0.00010)
" -0.01615 -0.04646 -0.00815
(0.00033) (0.00408) (0.00010)

0 |2 20.0182 -0.06934 -0.00083
(0.00039) (0.00751) (0.00012)

” -0.01981 0.06253 -0.00044
(0.00045) (0.00951) (0.00010)

" 0.07580 -0.03661 0.04311
(0.01815) (0.01856) (0.00324)

w0 |2 0.05269 -0.21105 -0.12856
(0.02050) (0.09588) (0.07451)

" 0.06592 -0.21946 -0.03181
0.02050) 0.09899) (0.00548)

0 -0.03612 -0.20845 0.01071
(0.00354) (0.073041) (0.00221)

-0.06057 -0.26658 -0.01921

%525 2 05 (0.01217) (0.09346) (0.00270)
” -0.03808 0.2774 0.00283
(0.00464) (0.08461) (0.00164)

" 0.02926 -0.20393 0.05149
(0.00492) (0.09729) (0.00395)

0 |2 0.01559 -0.11548 0.02186
(0.00478) 0.03601) (0.00103)

” 0.03052 0.18074 0.04785
(0.00354) (0.06296) (0.00373)

" 20.0264 -0.18963 -0.00191
(0.00603) (0.05543) (0.000179)

w0 |2 -0.00321 -0.10259 0.02894
(0.00231) (0.02821) (0.00181)

" 0.00478 -0.16248 0.01924
(0.00290) (0.06628) (0.00227)

" -0.03938 -0.20862 -0.06496
(0.00285) (0.08678) (0.00728)

-0.01123 20.0626 -0.00457

%5125 2 2 (0.00050) (0.00794) (0.00010)
" -0.00521 -0.17162 -0.03161
(0.00049) (0.06574) (0.00183)

" -0.01246 -0.19903 -0.01983
(0.00213) (0.06816) (0.00138)

0 |2 0.01045 -0.06173 0.01934
(0.00124) (0.01823) (0.00113)

" 0.01882 -0.05177 -0.00342
(0.00064) (0.00754) (0.00010)

" -0.02149 -0.12207 0.02982
(0.00332) (0.08970) (0.00294)

w0 |2 -0.02169 0.0853 0.02855
(0.00260) (0.04194) (0.00088)

” -0.02889 -0.15902 0.02889
(0.00356) (0.09628) (0.00132)

" -0.00543 -0.13705 -0.00903
(0.00123) (0.03538) (0.00110)

-0.01145 -0.13158 0.00335

%2 2 35 (0.00082) (0.04930) (0.00017)
” -0.01903 -0.12326 -0.01346
(0.00105) (0.02365) (0.00025)

" -0.01226 -0.00124 0.00770
(0.00545) (0.03720) (0.00090)

o0 |2 -0.01852 -0.09225 0.02056
(0.00553) (0.01971) (0.00054)

" -0.00645 -0.10034 0.00144
(0.00101) 0.02147) (0.00023)

" -0.04111 0.05690 0.3267
(0.01207) (0.07114) (0.07409)

0 |2 -0.05424 0.13450 0.28117
. 05 (0.00831) (0.08507) (0.096151)

= : : -0.03176 0.20938 0.27899
(0.00577) (0.05707) (0.09212)

% |10 0.01210 0.06035 0.29035
(0.00423) (0.05079) (0.08737)
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" 0.01084 20.12604 0.28852
(0.00194) 0.09642) 0.08482)
” 0.01789) 0.1666 0.26743
(0.00294) (0.09883) (0.07214)
" 0.02293 -0.14975 0.14911
(0.00232) (0.03821) (0.02371)
0 |2 -0.01046 -0.21434 0.14916
(0.00338) (0.08174) (0.02374)
o 0.00494 -0.16677 0.13720
(0.00168) (0.04966) (0.02152)
" 0.03993 0.13473 0.17621
(0.00902) (0.09751) 0.03339)
" 0.039241 -0.12197 -0.00427
10 (0.00489) (0.07512) (0.00120)
” 0.058056 0.06207 0.14659
(0.00396) (0.02035) 0.02243)
" -0.03511 0.10015 0.10224
(0.00778) 0.04100) (0.01126)
-0.00374 0.08097 0.13958
25 35 2 (0.00272) (0.05094) (0.02136)
" 0.01293 0.09000 0.13845
(0.00213) (0.00962) (0.02060)
" -0.01243 -0.05436 -0.05248
(0.006789) (0.03444) (0.00515)
o0 |2 -0.016987 -0.25981 0.01887
(0.00230) (0.08767) (0.00245)
" -0.01243 -0.04837 0.00271
(0.00078) (0.00788) (0.00039)
" 0.04112 -0.14898 0.03428
(0.00519) (0.09120) (0.00225)
w0 |2 0.03312 2011114 0.04547
(0.00496) (0.02559) (0.00349)
” 0.02391 -0.26474 -0.03116
(0.00409) (0.08696) (0.00254)
" 20.0214 -0.19241 0.02849
(0.00810) (0.07846) (0.00222)
25 -0.05039 -0.16102 0.07814
25 35 35 (0.01143) (0.08775) (0.00638)
" -0.07402 -0.23652 0.02429
(0.01517 (0.06999) (0.00089)
" -0.02711 0.1667 0.02235
(0.01131) (0.06656) (0.00130)
0o |2 -0.05905 -0.21635 0.05292
(0.01206) (0.00626) (0.00305)
” -0.04303 -0.14337 0.02231
(0.00094) (0.04500) (0.00079)
0.7
0.6
0.5
0.4
03
wv
8 0.2
[=0]
0.1
0
i % 4 5 6 8 9
0.2
03 Rsh RTh RMs

Fig 1: Bias of the estimate when n=10
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Fig 2: Bias of the estimate when n=25
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Fig 3: Bias of the estimate when n=50
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Fig 4: MSE of the estimate n=10
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Fig 5: MSE of the estimate n=25
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Fig 6: MSE of the estimate n=50

Table 2: Bias and MSEs (in parentheses) of the shrinkage Bayes estimates of Reliability under squared error loss function and Linex Loss

function
¥(B)=0.99 Y($)=0.01 ¥(B)=0.99 Y(3)=0.01
. = Rsprrsh Rspirsh RyjFrsh Rijpsh
fa=h | fla | 1= o2 ] a3 Bias Bias Bias Bias
(MSE) (MSE) (MSE) (MSE)

10 -0.01220 0.15700 0.24745 0.07959
ind (0.00125) (0.024906) (0.07963) (0.00637)

10 25 -0.03051 0.16536 0.12661 0.07884
i (0.00307) (0.02734) (0.04180) (0.00623)

50 -0.01104 0.16267 0.02411 0.09355
(0.00104) (0.02647) (0.03887) (0.00948)

10 0.007724 0.16661 0.27096 0.07620
ind (0.00629) (0.02776) (0.08354) (0.00581)

25 25 0.5 0.5 0.06982 0.16574 0.16815 0.07579
i (0.00531) (0.02747) (0.03257) (0.00575)

50 -0.01103 0.16634 0.25143 0.07636
(0.00101) (0.02766) (0.07033) (0.00583)

10 0.09062 0.16658 0.28835 0.07521
ind (0.00853) (0.02775) (0.08339) (0.00565)

50 25 0.08796 0.16487 0.28805 0.07544
ind (0.00804) (0.02718) (0.08322) (0.00569)

50 0.07254 0.16657 0.28361 0.07673

~116~



https://www.mathsjournal.com/

International Journal of Statistics and Applied Mathematics https://www.mathsjournal.com

(0.00570) (0.02774) (0.08345) (0.00588)

0 -0.04921 -0.01046 0.10282 -0.01423
ind (0.00244) (0.00039) (0.01106) (0.00186)
10 | -0.23995 0.00221 0.10825 -0.03883
i (0.08427) (0.00153) (0.013487) (0.00181)
50 -0.05891 -0.00612 0.05577 -0.01583
(0.003772) (0.00059) (0.00313) (0.00055)

0 -0.55163 -0.11814 0.04357 -0.05314
ind (0.00361) (0.05660) (0.00201) (0.00315)
s 25| o5 ) -0.05289 -0.01084 0.03894 -0.06500
il (0.00296) (0.00020) (0.00155) (0.00433)
50 -0.05181 -0.06305 0.04207 -0.06144
(0.00287) (0.01425) (0.00180) (0.00377)

0 -0.05369 0.00550 0.16071 -0.06009
il (0.00332) (0.00022) (0.09183) (0.00362)
g0 |2 -0.05214 0.03492 0.18363 -0.05997
il (0.00280) (0.00709) (0.09894) (0.00360)
50 -0.01724 0.03057 0.13408 -0.06062
(0.00039) (0.00093) (0.09114) (0.00368)

10 -0.02177 0.00269 -0.26415 -0.08531
ind (0.00079) (0.00438) (0.09614) (0.00728)
10 |5 -0.02535 0.0052 -0.10334 -0.08335
il (0.00103) (0.00022) (0.05988) (0.00696)
50 -0.02689 0.00549 -0.01388 0.08329
(0.00105) (0.00021) (0.04795) (0.00695)

10 -0.02556 -0.04017 0.01509 0.08244
ind (0.00098) (0.00919) (0.03810) (0.00680)
-0.03077 0.00472 0.11171 0.08292

S i R (0.00124) (0.00019) (0.06022) (0.00688)
50 -0.03466 -0.04127 0.02859 -0.01388
(0.00142) (0.0078) (0.04345) (0.00041)

0 -0.02556 0.00163 0.10246 0.08330
ind (0.00072) (0.00062) (0.04175) (0.00694)
. -0.02920 -0.00422 0.10574 0.08313
il (0.00092) (0.00139) (0.04436) (0.00691)
50 -0.02776 0.00329 0.10812 0.04379
(0.00085) (0.00076) (0.08301) (0.00689)

10 -0.28474 -0.00483 0.27846 0.27378
il (0.09320 (0.0001) (0.07895) (0.07500)
10 |5 -0.28814 -0.00468 0.28660 0.33769
il (0.09767) (0.00010) (0.08380) (0.06382)
50 0.07077 0.02949 0.28233 0.27386
(0.01657) (0.00538) (0.08119) (0.07504)

10 0.18196 -0.02091 0.26383 0.27381
ind (0.04845) (0.00242) (0.0698) (0.07502)
or |25 ) 05 0.15346 -0.00487 0.26701 0.27383
il (0.04754) (0.00011) (0.07149) (0.07502)
50 0.17546 -0.02098 0.26419 0.27382
(0.05208) (0.00245) ((0.06996) (0.07502)

0 0.17176 -0.0595 0.25689 0.34150
ind (0.05012) (0.02042) (0.06632) (0.06179)
50 |28 0.15836 -0.06129 0.25748 0.26987
i (0.05007) (0.02176) (0.06661) (0.07289)
50 0.16281 0.29523 0.24928 0.27383
(0.05058) (0.01041) (0.06219) (0.07502)

0 -0.03308 -0.06129 0.16528 0.08351
il (0.00632) (0.02176) (0.02732) (0.00700)
10 |2 -0.01033 -0.03872 0.16471 0.08196
i (0.00334) (0.00866) (0.027136) (0.00673)
50 -0.00218 -0.00499 0.16442 0.081374
(0.00120) (0.00011) (0.02704) (0.00663)

10 ) ) -0.04548 -0.00677 0.16486 0.17431
il (0.00335) (0.00114) (0.02718) (0.03038)
or |25 -0.01801 -0.00604 0.16486 0.15187
il (0.0007) (0.00010) (0.02718) (0.02496)
50 -0.01173 -0.00713 0.16546 0.08458
(0.00059) (0.00012) (0.02738) (0.00716)

-0.0191 -0.00695 0.16350 0.084456

50 |10 (0.00231) (0.00011) (0.02673) (0.00715)
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. -0.21311 -0.01974 0.17016 0.09464
il (0.05154) (0.02805) (0.02896) (0.00897)
50 0.01182 0.15954 0.16443 0.08457
(0.00042) (0.02552) (0.027038) (0.00715)

10 -0.02954 -0.10357 0.09141 0.02241
il (0.00368) (0.06256) (0.00836) (0.00134)
10 |5 -0.02988 -0.01139 0.09143 0.0208
il (0.00302) (0.00052) (0.00836) (0.00110)
50 -0.03686 -0.0103 0.09169 0.02478
(0.00404) (0.00051) (0.00841) (0.00171)

10 -0.01344 0.09511 0.09082 0.02347
ind (0.00135) (0.00904) (0.00825) (0.00176)
o5 |2 ) - -0.01961 -0.12165 0.09106 0.02279
il (0.00107) (0.08649) (0.00829) (0.00162)
50 -0.02693 -0.00354 0.09696 0.022136
(0.00141) (0.00003) (0.00834) (0.00136)

0 -0.02061 0.09467 0.090107 0.02386
ind (0.00569) (0.00896) (0.00830) (0.00174)
50 |28 -0.12407 -0.0058 0.091314 0.02048
i (0.02612) (0.00013) (0.00834) (0.00112)
50 -0.01461 0.09495 0.09087 0.01861
(0.00117) (0.00901) (0.00825) (0.000910

0 0.23451 0.18247 0.30507 0.312644
il (0.06765) (0.08680) (0.09365) (0.09775)
10 s 0.19818 0.18446 0.19785 0.31163
il (0.06068) (0.09295) (0.09252) (0.09713)
50 0.21992 0.18169 0.28555 0.31251
(0.06976) (0.09173) (0.08302) (0.09767)

10 0.22501 -0.27634 0.29665 0.31166
ind (0.06902) (0.07755) (0.08830) (0.09713)
0.18647 -0.27852 0.29837 0.31167

S i S (0.06716) (0.07589) (0.08938) (0.09714)
50 0.21108 -0.274 0.29732 0.31166
(0.07170) (0.07637) (0.08874) (0.09714)

10 0.24427 -0.28392 0.19963 0.31019
ind (0.08401) (0.08150) (0.08857) (0.09623)
50 |28 0.21764 0.11677 0.18335 0.31003
il (0.07777) (0.08886) (0.07132) (0.09613)
50 0.23730 -0.28425 0.22433 0.31093
(0.08705) (0.08171) (0.06493) (0.09668)

0 0.03457 0.24192 0.18436 0.150809
ind (0.00852) (0.05853) (0.03691) (0.02274)
10 |2 0.03377 -0.01001 0.18421 0.15278
nd (0.00448) (0.00018) (0.03713) (0.02336)
50 | -0.19471 -0.0068 0.183662 0.15278
(0.03854) (0.00014) (0.03684) (0.02335)

10 0.10981 -0.00855 0.181536 0.149988
ind (0.00135) (0.00018) (0.03587) (0.02249)
s |o5| 35 ) 0.12095 -0.0289 0.18098 0.14998
il (0.01982) (0.00272) (0.03573) (0.02249)
50 0.12736 0.21857 0.17879 0.14998
(0.02193) (0.04966) (0.03464) (0.02248)

10 0.11614 0.23078 0.17927 0.15335
il (0.02076) (0.05365) (0.03474) (0.02354)
g0 |2 -0.02246 0.23500 0.18458 0.15315
il (0.00247) (0.05542) (0.03701) (0.02348)
50 0.12699 0.23561 0.17882 0.14938
(0.02161) (0.05542) (0.03465) (0.02231)

10 0.03402 0.16190 0.09607 0.07225
ind (0.00463) (0.02621) (0.01191) (0.00525)
10 |5 0.02582 0.12946 0.09641 0.07288
nd (0.00452) (0.02203) (0.01194) (0.00525)
50 0.01695 0.12908 0.09681 0.07229
35 |35 (0.00379) (0.02187) (0.01196) (0.005257)

0 0.02231 0.06180 0.09590 0.07228
ind (0.03683) (0.03789) (0.01213) (0.00525)
25 | -0.05763 0.10384 0.09974 0.07232
i (0.01223) (0.01718) (0.01286) (0.00526)
50 -0.08073 0.03783 0.10078 0.07233
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Fig 8: Bias of the estimate when n=10, ¥(8)= 0.01
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Fig 7: Bias of the estimate when n=10, ¥(8)= 0.99
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Fig 9: Bias of the estimate when n=25, ¥(B)= 0.99
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Fig 10: Bias of the estimate when n=25, ¥(8)= 0.01
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Fig 11: Bias of the estimate when n=50, ¥(8)= 0.99
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Fig 12: Bias of the estimate when n=50, ¥(8)= 0.01
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Fig 13: MSE of the estimate when n=10 W(8)= 0.99
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Fig 14: MSE of the estimate when n=10 ¥(8)= 0.01
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Fig 15: MSE of the estimate when n=25 ¥(8)= 0.99
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Fig 16: MSE of the estimate when n=25 ¥(8)= 0.01

w
(%]

0.1
0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01

3 4 5 6
e RSELFSh  ===RLLFsh

Fig 17: MSE of the estimate when n=50 ¥(8)= 0.99
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Fig 18: MSE of the estimate when n=50 ¥(8)= 0.01
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5. Conclusions

In this paper we considered the shrinkage estimates of R
based on record values using Classical and Bayesian
Estimation method when the scale parameter A which is
common for all the distribution is known. From the numerical
study conducted so far we can conclude that

1.

2.

(2]

10.

11.

12.

13.

14,

When sample size increases bias and mean square error
decreases.

In classical method bias and mean square error of
estimate of R, is less than that of Ry, and R,,s. SO Ry, is
performs better than R, and

In Bayesian method of estimation bias and mean square
error of estimate of Rgg; ¢, is less than that of Ry pgp,. SO
the estimates under squared error loss function is
performs better than that of Linex loss function.
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