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Abstract: A new asymmetric loss function, as a generalization of segharror loss function (SELF) have been proposed. For
application point of view, exponential distribution witltade parametef have been considered and Bayes estimator§ afe
obtained under SELF, LINEX loss function, General entropgd.Function (GELF) and proposed loss function. The sinauatudy

is carried out to compare their performances (in sense ohgamallest posterior risks).
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1 Introduction

An important element in the Bayesian paradigm of estimadhe specification of suitable loss function depending on
the situations. Initially, the loss function used was SEWRjch is appropriate in the case when over estimation and
under estimation of equal magnitudes are of equal impoetaBiat in the situation, when over estimation is more serious
than under estimation of the same magnitude and vice-vérsayse of SELF may lead to a wrong decision. For
example, in dam construction, an under estimation of thghteaf the dam is usually much more serious than an over
estimation. To sort-out this problems, Varian (1975) idtroed a very useful asymmetric loss function, in his applied
study of real estate assessment and it is called LINEX lasstion. It rises approximately exponentially on one side of
zero and approximately linearly on the other side of zeravéler, use of these loss functions is suitable for estimatio
of location parameters only. For estimation of scale pataméhe suggested alternatives were weighted SELF and
modified LINEX loss function, which are asymmetric loss ftioas. However, a drawback of weighted SELF is that it
always penalizes over estimation heavily than under esttimand behavior of modified LINEX loss function is same as
that of LINEX loss function. Several authors have used abos® functions to estimate the parameters of a number of
distributions. For example, Asgharzadeh, and Farsipddd&pdiscussed estimation of exponential mean time tortilu
with the help of symmetric and different asymmetric losschions, Dey and Maiti (2010) have considered Maxwell
distribution and derived Bayes estimators of its paransatising informative as well as non-informative priors under
different loss functions. Kazmi et al. (2012) have obtaiBeges estimators of the parameters of Maxwell distribution
under different loss functions and they have also carriggiooulation study to know the performance of the considered
Bayes estimators in terms of their posterior risks. Singhl.€2013) have considered (Inverse Weibull Distributib)D

and derived MLE and Bayes estimators of its parameters BEeF and GELF using gamma as informative prior.

In the present piece of work, we have introduced a new asynmhess function and we will call it as Quadratic Type
Squared Error Loss Function (QTSELF) and we defined it as,

Lot(8,0) = (3 — 6)2%0-9) (1)
where ce R is the loss parameter. Whext> 0, over estimation causes more serious than under estimatio when

¢ < 0, under estimation is more serious than over estimationc Eo0Q, it reduces to SELF. The seriousness can be seen
in the Figure 1 for the fixed positive and negative valuesef+0.5.
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Fig. 1. Plots ofL(u) = Lot (8,0), 4 = & — 6 for fixed c=£0.5.

Now the Bayes estimator of under the proposed loss functiof) (is the decision ruled which minimizes the
corresponding Bayes risk, viz

R(%T((S,G):/X/QLQT((S,G)h(Gp_()m()_()deX

and its minimization is same as that of the following intégra

Rer(8,6) = | Lar(8.6)n(6]do @
where,Rot (9, 8) is the posterior risk under the proposed loss function (1).

Now, by the principle of maxima and minima, for the optimuniuegs) ofRgr (8, 8) w.r.t. 4, we must have,

7}
J  A\2.5(5-6) _
:>c95/e(6 0)“€ h(6|x)d8 =0
After simplification, it reduces to

Ad’+B3+C=0 3)
where,

A=cE(e?|X)
B =2[E(e ®|X) — cE(Be ?|X)]
C =cE(6% |X) — 2E(6e *|X)

Now, as @) is a quadratic equation id, so that Shri Dharacharya method can be applied to solveBt. 4+ 4AC < 0,
then any real solution of §) can not be obtained and consequently we go for re-genaratithe dataX. On the other
hand, ifB% — 4AC = 0, then unique solution of it will be there, say itds= & = —% and it will be Bayes estimator @

provided &, 8 € ©. Finally, if B> — 4AC > 0, then we will have two real solutions, s@y= 61,8, of (3) and if
|[FmRer(6.0)]_, >0 and | f5Ror(3.6)|, <0, then & will be the desired Bayes estimator d; if

[%RQT((S’G)LS:Q < 0 and Lf—;ZRQT((S,9)}&62 > 0, then & will be the Bayes estimator off; if
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{MzRQT(é 6)] 55, >0and{552RQT (6,8) 55, > 0, then the decision rule for whidR(J, 6) is the most least will be

the Bayes estimator d; lastly if {—ZRQT(& )}
re-generation of the sample

55, < 0and WRQT(é, 6)} 5, < 0, then we will again go to the

If 3QT be the Bayes estimator 6f thus obtained, then its posterior risk will be given by
Ro(8or6) = %1 [83:E(e7°?1X) + E (6% °|X) — 2857 (66 9|X) (4)

Let us consider the appropriate model for the given data(x1,X2,Xs, ..., Xn) is exponential distribution with probability
density function (pdf)

f(x|6) =0e % x>0, 6>0 (5)

and hence the joint pdf ofi, X2, X3, ..., Xn i.€. pdf of X is given by

L(x|0) |‘|f (%6)

zeneigzI:lxl

(6)

2 Different Priorsof 8 and Corresponding Posteriors:

The Bayesian deduction requires appropriate choice ofpfar the parameters. Arnold and Press (1983) pointed out
that, from Bayesian viewpoint, there is clearly no way in ethbne can say that one prior is better than any other.
The prior information is a totally subjective assessmerdroexpert before any data has been observed. Therefore, it is
very difficult to consider the informative prior due to assaent of their hyper-parameters. Also, Berger (1985) argue
that when information is not in compact form the Bayesianyamigusing non-informative prior or single most suitable
consideration. So, here we consider two non-informative (tniform and the Jeffreys) priors and one informativerprio
as the gamma prior.

2.1 Uniform Prior:

Let us consider prior fof as standard uniform distribution having pdf is
(@) 01 ;0<f<w (7)
and hence the corresponding posterior distribution hafotteeving pdf
hy (61x) OL(x|6) 1w (6)
Oe"e O2ikaX
0@"e 031X

enefs SiaXi
Jy ere frlixde

(ol = B gre oatan ®

which is obviously gamma distribution with parameters 1 andy | ; ;.
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2.2 Jeffreys Prior:

The most widely used method to choose non-informative psisuggested by Jeffreys (1961) and is termed as Jeffreys
prior, which is given by

m(6) = [1(6)]*? 9)
wherel (0) is Fisher information and is given by
2

1(6) = —E {0‘792 InL(x e)} (10)

Using (6) in ( 10), we get

I(G):—E[j—; (nln@—@ixiﬂ an

n
T 62
using (11) in ( 9), we get
n
o(6) = (12)
and hence the corresponding posterior pdf gfiven Xis obtained as follows
L(x 8)m(6)
h3(8|X) =—
O =T oymu(e)a0
N " (13)
_(2i=1xi) n—1,-5",%6
= 6 e i=1
I (n)
which is again gamma distribution with parameter n &tid, x;.
2.3 Conjugate Prior:
Let the prior for6 be gamma distribution with the parameters a and b havinggpdf a
a
%(0) = IE)—aea—le‘bg :0>0,ab>0 (14)
and hence the posterior pdf 8fgiven Xis obtained as follows
L(x 6)m(6)
hc(0|X) =—%
<OM =TT ome(0)a0
n n+a (15)
_ (b+3it1x) nta—1g-(b+3L;%)0
F(n+a)

which is again gamma distribution with parameter n+a brdy ! ; x; i.e. the prior gamma(a,b) considered fis a
conjugate prior.

Now, to have an idea about the shapes of the conjugate pribc@mesponding posterior pdf’s for different confidence
levels in the guessed value 6fas its true value, we randomly generate a sample from expiahdistribution for fixed
values n = 206 = 2, M=2, V=0.1 (showing a higher confidence in the guess vadung) V= 150 (showing a weak
confidence in the guess value). The sample thus generated is,

X=(0.44454268, 0.42825063, 0.90121861, 0.02375386, 08389, 0.0216787, 0.21266969, 0.46129670, 1.47181423
,0.45747565, 1.58447415 ,0.53206546, 0.08320718, 00B&EB 0.10585582, 0.60946017, 0.30534982, 0.25279858,
1.32600740, 0.28972998)

The graphs are shown below-
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Fig. 2: Conjugate Prior and the corresponding Posterior pdf fifr n=20,6=2, M=2, and V=0.1, 150 respectively.

3 Bayes Estimators and Posterior Risks Under Different Loss Functions

In decision theory, the loss criterion is specified in ordeobtain best estimator for which Bayes risk is minimum.
The simplest form of loss function is squared error loss fienc(SELF) which is suitable when over estimation and
under estimation of same magnitudes have equal importéloveever, in most of the real situations, this assumption is
not possible. Sometime, over estimation is more serious tina@er estimation and vice-versa. Motivated to this, sver
asymmetric loss function has been introduced in literatanel we have also proposed a new loss function as defined in
Section 1. Here, we will derive Bayes estimatorsfofinder SELF, LINEX, GELF and our proposed asymmetric loss
function and compare their performance in term of Posteisis.

3.1 Sguared Error Loss Function

The squared error loss function was proposed by LegendB5§Ethd Gauss (1810) to develop least-square theory. The
squared error loss function (SELF) is defined as

Ls(3,0) = (6 — 6)? (16)

Now, we consider Bayes estimator under SELF to search aidecide ds for which Bayes risk is minimum i.e.
Rs(8.6) = [ (8- 6)%n(6]xdo an

And the Bayes estimator & under above loss function is the decision réilechich minimizes the posterior risk {) and
same is given by

s =Eq(6|X) (18)

which is nothing but the posterior mean.
Putting the value ofX8) in (17), we get the corresponding posterior risk as follows,

Rs(3s, 8) = 82 — 284E(6]X) + E(6%X) (19)

Equation (9) is equal to the posterior variance. Thus, under SELF piostesk of Bayes estimator is equal to posterior
variance.

The Bayes estimators & corresponding posterior risks opﬂrameteﬂ of exp(6)-distribution under SELIEg(9, 0) for
different priors, viz unn‘orm Jefferys & conjugate pri@ee given by

_ _n+l
- i nx| ) 53] XI ) 63: b+2|7nxl) and

Ro(B2.0) = (5P"Ls Re(89.0) = (5, Re(Bic. ) = -2
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3.2 LINEX Loss Function

A symmetric loss function assumes that positive and negjatirors of the same magnitudes are equally serious. However
in some estimation problem such an assumption may be inppate and several loss functions have been introduced to
handle such a problem, one of them is LINEX loss function.dsvintroduced by Klebnav (1972) and used by Varian
(1975) in the context of real estate assessment. Zelln86jkhd Varian (1975) have discussed its several properties
LINEX loss function is defined as

LL(5,8) =h[e10~0) _c;(5—6)—1] (20)

Where,b; > 0 andc; # 0.

The constant; determines the shape of loss function. It is to be noted thaihe; > 0, over estimation causes is more
serious than under estimation and whgn< 0, under estimation more serious than over estimation. Novposterior
risk corresponding to this loss function is given by

R.(6.0)= [ L(5.6)n(8do (21)

the Bayes estimator of the paramefeunder this loss function is
& = — niE(e 0] 22)
From @22), we get Bayes estimator under different priors for LINEXddunction for different priors are given below,

P c s _ n C S . _ nta c
Bu =gt (L gy ). B = G in (1+ 5t ) anddic = T2in (L4 gty )

Using (22) in ( 21), we get posterior risk under LINEX loss function for diféet priors.

3.3 Generalized-Entropy Loss Function
Calabria and Pulcini (1996) defined generalized-entrogy fanction (GELF) which is given by

\“% )
LG(6,6):b2K5> —czIn <5) —1} ;Cp £ 0,bp > 0. (23)
The posterior risk under GELF is given by
R(8.6) = [ La(8.6)n(Blx)d6 (24)
The Bayes estimator under GELF is given by
b = [E(62|x] Y/ (25)

providedE (6~ %|X) exists and finite. When, > 0, a positive errorcfz > 0) causes more serious consequences than a
negative error.

In particular forc, = 1, we get entropy loss function
o o
L = —]=In{=]-1
o2 -t|(5) = (5) -
The Bayes estimator under the entropy loss function is tiségpior harmonic mean.

The Bayes estimators of the parameienf exp(0)-distribution under GELR.g(0, 6) for different priors, viz uniform,
Jefferys & conjugate priors are given by

-1

Boc = [Ffra b+ 57,07 2,
& .
deu = [r(rnﬁ_l?)(zi”:m)cﬂ ? anddg) = [r(rn<n§2)(zi”:1><i)cz 2
Now, using @5) in (24), we get the posterior risk of the Bayes estimatorfamder GELF are given below

Ro(8c.8) = bz [BZE(82|X) — c2In & + C2E(In]X) — 1] (26)
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3.4 Quadratic Type Square Error Loss Function (QTSELF)

Using 3), the bayes estimator & of exp(0)-distribution under the proposed loss functidi, for different considered
priors viz., uniform, Jefferys, conjugate priors are theresponding posterior risks will be given in terms of A, B & C,
where

Cc 7(n+a)
A=c1+ S
< b+ Einlxi>

—~(n+a)
B:Z(l— c(n+a) )( c ) +
b+c+ 31X b+ X
_( c(n+a+1) _2>( (n+a) ><1+ c ><”+a>
“\b+c+3M X b+c+ 3N, % b+3 1

It is to be noted here that the above values of A, B, C are cporeding to conjugate prior only. The value of A, B, C
corresponding to uniform prior can be obtained by taking,&=D and those for Jefferys prior can be obtained by putting
a=0, b=0.

4 Real Data Application
In this section, a real data set is considered and analyzethdéok the suitability of the proposed asymmetric loss
function over the other existing loss functions such as SEHFL_F and LINEX loss functions. The considered real data

set is the remission time (in months) of 128 bladder canceemia data extracted from Lee, E. T., & Wang, J. (2003).

Some of the statistical properties such as mean, modenearigskewness and kurtosis of the posterior distributiof of
given the real data s&t corresponding to UP, JP, and CP has been calculated and &hdaiole 1.

The Bayes estimators @ and the corresponding risk (in parenthesis) under SELFEIXNGELF and proposed loss
function with respect to uniform prior (UP), Jeffreys pr{dP) and Conjugate prior (CP) are shown in the Table 2.

Table 1: Properties of Posterior distributions 6fgiven the real data set corresponding to UP, JP, and CP

Prior Mean Mode Variance | Skewness Kurtosis
upP 0.1067174| 0.1058901| 8.83E-05| 0.1760902| 0.04651163
JP 0.1058901| 0.1050629| 8.76E-05| 0.1767767| 0.046875
CP 0.1097994| 0.1089738| 9.06E-05| 0.173422 | 0.04511278

Table2: Bayes estimates and Posterior Risk (in parenthesis) urifieredit Loss Functions and priors for the considered reghd

Prior SELF CINEX GELF QTSELF
CI=2 CI=2 C2=2 = C=05 C=05

UP 0.1067174 0.1066292 | 0.1068058 | 0.1054757 | 0.1071302 | 0.1066512 | 0.1067837
(0.0000883) | (0.0001764) | (0.0001768) | (0.0164467) | (0.0146828) | (0.0000882) | (0.0000884)

P 0.1058901 0.1058026 | 0.1050778 | 0.1046484 | 0.1063030 | 0.1058245 | 0.1059550
(0.0000876) | (0.0001750) | (0.0001754) | (0.0169891) | (0.0143846) | (0.0000875) | (0.0000877)

CPV=01 0.1367188 0.1366076 | 0.1368301 | 01354974 | 01371250 | 01366353 | 0.1368022
(0.0001113) | (0.0002223) | (0.0002228) | (0.0116683) | (0.0122128) | (0.0001112) | (0.0001114)

CPV=150 | 0.1059110 0.1058235 | 0.1059987 | 0.1046693 | 0.1063239 | 0.1058454 | 0.1059768
(0.0000876) | (0.0001750) | (0.0001754) | (0.0148241) | (0.0165430) | (0.0000875) | (0.0000877)

5 Simulation Studies:

In this section, we have compared the considered Bayes aIsﬁis,&_,ég,cA?QT of the parameterf of
exp(0)-distribution in terms of the posterior risks under diffieréoss functions for different priors viz informative as
well as non-informative priors. For the purpose we have gerd 5000 different samples. It is clear that the posterior
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risks are the function of n, the no. of observations put ontés¢ hyper parameters a and b of the informative prior
distribution taken and the loss parameters of the loss ifum&tonsidered. The different values of n taken are 10,05, 2
25, 30, 40, 50, 60, 70, 80; the arbitrarily chosen value$ @ire 1, 1.5, 2. The different values of loss parameters of
different asymmetric loss functions are arbitrarily talest; = +3, b; =1, ¢ =43, b,=1 and c=+2.
Tables 3-6 shows the posterior risk of the different estirsadf 6 for the variation of values of n an@l under Uniform,
Jeffreys, Conjugate priors (with high and low confidencelerespectively. Table 5 shows posterior risks under CP for
different values of n where the prior mean M is kept 1.5 andmvariance is low (V=0.1), whereas Table 6 shows
posterior risks when prior variance is high (V=150). Whiléop mean M is again kept as 1.5. To achieve this goal, the
values of hyper-parameters were taken as a= 0.015, b= ®@QAkhgsM=1.5, V=150). Table 7 shows the posterior risks of
different estimators o for fixed value off= 1, whereas guessed valuetbi.e, prior mean M is taken as 0, 1 and 2 and
prior variance varies as 0.05, 0.1, 0.5, 1, 2, 5, 10, 80, 250.

From Tables 3 and 4, it is seen that the posterior risks of theeB estimator under proposed loss QTSELF is smallest as
compared to those of other Bayes estimators when samplssg@ll. On the other hand, for large sample sizes, among
considered asymmetric loss function, our proposed Bay@ma®r has the smallest posterior risk but when we
compared Bayes estimators under all considered loss @nstiBayes estimator under SELF outperform. Bayes
estimators under considered asymmetric loss functiortseisénse of having smallest posterior risk when samplesize i
large.

Further, Tables 5 and 6 shows the posterior risks of therdiftetBayes estimators for CP 8funder different considered
loss functions when prior variance is taken as V=0.05 & V=té&gpectively. The performance of the Bayes estimators
are found similar to Tables 3 & 4. It is also noted that posterisks for V=150 is higher than the corresponding
posterior risks for V=0.05.

Finally, Table 7 shows the posterior risk of different Bayestimators under different loss functions with respect to
conjugate prior (CP) when mean & variance of the CP (i.e, seésalue M & confidence level V of the guessed value
of ) are varying. It is calculated for M=0.5, 1, 2; V=0.05, 0.1501, 2, 5, 10, 80, 250 and the fixed valuebafl. It is
observed from this table that the posterior risk of the Bastsnator ofd under the proposed loss function is smaller as
compared to those under other considered loss functionlftreaconsidered values of loss parameters of the different
asymmetric loss function considered. Whatever may be that&n of seriousness , i.e, either over estimation is more
serious than under estimation or vice-versa. It is remdekpbint to note here that the posterior risks of the différen
Bayes estimators increases with increase in the priorivegi®, for each considered value of the prior mean M.

6 Conclusion

In the present piece of work, we have proposed a new asynuess function QTSELF as a generalization of SELF
and the proposed loss function can be used in the situati@mwher estimation is more serious than under estimation
and vice-versa unlike weighted squared error loss fundW8ELF). To exhibits its application for long run use, we
have performed simulation study and the study that the Baggmator of the parametér of exp(6)-distribution has
smallest posterior risk, as compared to other asymmetss fanction LINEX & GELF as well as SELF in some
situations. Thus, we recommended its application in Bayegaradigm in order to have estimation closed to the reality
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Table 3: Posterior Risk for Different Loss Functions under UnifornoP
n [Z] SELF LINEX GELF QTSELF
ci=3 | cg=-3 | =3 | cp=-3 c=2 c=-2
1 | 0.12735| 0.47332| 0.73754 | 0.47605| 0.39245| 0.06563| 0.11406
10 | 1.5 | 0.12973| 0.48141| 0.75337 | 0.47603| 0.39247 | 0.07298| 0.11508
2 | 0.13151| 0.48747| 0.76529 | 0.47598 | 0.39252 | 0.07154| 0.11580
1 | 0.10232| 0.39703| 0.55303 | 0.31102| 0.27310| 0.06248| 0.09364
15| 1.5| 0.11736| 0.45124| 0.64313| 0.31098| 0.27314 | 0.06595| 0.10236
2 | 0.13095| 0.49988| 0.72565| 0.31103| 0.27309 | 0.06656 | 0.10933
1 | 0.07446| 0.29930| 0.38241 | 0.23098| 0.20953 | 0.05565| 0.07181
20 | 1.5 | 0.08804| 0.35084| 0.45740| 0.23115| 0.20936 | 0.06400| 0.08216
2 | 0.09083| 0.36164| 0.47245| 0.23095| 0.20957 | 0.05943| 0.08463
1 | 0.05631| 0.23176| 0.28022 | 0.18379| 0.16992 | 0.04541| 0.05576
25| 1.5 | 0.06359| 0.26049| 0.31837 | 0.18381| 0.16990 | 0.06117| 0.06212
2 | 0.07234| 0.29471| 0.36476 | 0.18381| 0.16990 | 0.05589| 0.06935
1 | 0.04546| 0.18998| 0.22198 | 0.15266| 0.14288 | 0.03945| 0.04544
30 | 1.5 | 0.05349| 0.22227| 0.26295| 0.15261| 0.14292 | 0.04407| 0.05268
2 | 0.05674| 0.23534| 0.27961 | 0.15265| 0.14289 | 0.04432| 0.05559
1 | 0.03294| 0.14024| 0.15731| 0.11396| 0.10846 | 0.03353| 0.03312
40 | 1.5 | 0.04009| 0.16979| 0.19261 | 0.11397| 0.10844 | 0.04200| 0.03983
2 | 0.04153| 0.17574| 0.19971 | 0.11393| 0.10849 | 0.03429| 0.04119
1 | 0.02540| 0.10940| 0.11971 | 0.09089| 0.08743 | 0.02679| 0.02560
50 | 1.5 | 0.03061| 0.13134| 0.14494 | 0.09091 | 0.08741 | 0.03346| 0.03061
2 | 0.03275| 0.14030| 0.15531 | 0.09089| 0.08742 | 0.02877| 0.03264
1 | 0.02093| 0.09083| 0.09788 | 0.07573| 0.07309 | 0.02395| 0.02110
60 | 1.5 | 0.02690| 0.11616| 0.12640 | 0.07557 | 0.07325| 0.04305| 0.02685
2 | 0.02703| 0.11975| 0.12703 | 0.07565| 0.07317 | 0.02433| 0.02700
1 | 0.01771| 0.07725| 0.08234 | 0.06467| 0.06303 | 0.02280| 0.01784
70 | 1.5 | 0.02194| 0.09537| 0.10234 | 0.06480| 0.06289 | 0.02168| 0.02197
2 | 0.01812| 0.11751| 0.10242 | 0.06477| 0.06292 | 0.01952| 0.01911
1 | 0.01527| 0.06687| 0.07067 | 0.05661| 0.05521 | 0.01997| 0.01538
80 | 1.5 | 0.01925| 0.08405| 0.08941 | 0.05659| 0.05524 | 0.01982| 0.01928
2 | 0.01163| 0.10840| 0.09707 | 0.05655| 0.05528 | 0.01866| 0.01435
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Table 4: Posterior Risk for Different Loss Functions under JeffrByior

n F] SELF LINEX GELF QTSELF
c1=3 |¢g=-3]| =3 | cp=-3 c=2 c=-2
1 | 0.13332| 0.48957| 0.78878| 0.53257| 0.43024 | 0.06572| 0.11826
10 | 1.5 | 0.13419| 0.49247| 0.79477 | 0.53287| 0.42994 | 0.06594 | 0.11856
2 | 0.13457| 0.49374| 0.79739 | 0.53265| 0.43016 | 0.07021| 0.11869
1 | 0.10535| 0.40634 | 0.57457 | 0.33413| 0.29081 | 0.06302 | 0.09660
15| 1.5| 0.11777| 0.45071| 0.65015| 0.33412| 0.29082 | 0.07349 | 0.10356
2 | 0.12915]| 0.49112| 0.71999 | 0.33414| 0.29079 | 0.06615| 0.10942
1 | 0.07737| 0.30952| 0.39995| 0.24357| 0.21970| 0.05587 | 0.07438
20 | 1.5 | 0.09799| 0.38671| 0.51630 | 0.24362| 0.21966 | 0.07549| 0.08874
2 | 0.09575| 0.37892| 0.50229 | 0.24347| 0.21981 | 0.06130| 0.08833
1 | 0.05745| 0.23586| 0.28677 | 0.19169| 0.17653 | 0.04674 | 0.05696
25| 1.5 | 0.06637| 0.27084 | 0.33393 | 0.19165| 0.17657 | 0.05357 | 0.06460
2 | 0.07265| 0.29533| 0.36731 | 0.19164| 0.17658 | 0.05222| 0.06983
1 | 0.04738| 0.19743| 0.23213| 0.15793| 0.14765| 0.04510| 0.04725
30 | 1.5 | 0.05672| 0.23484| 0.28015| 0.15805| 0.14754 | 0.05259| 0.05557
2 | 0.05910| 0.24443| 0.29233| 0.15792| 0.14767 | 0.04468| 0.05775
1 | 0.03318| 0.14115| 0.15860 | 0.11688| 0.11117 | 0.03170| 0.03340
40 | 1.5 | 0.04080| 0.17257| 0.19631| 0.11696| 0.11109 | 0.04218| 0.04053
2 | 0.04263| 0.18012| 0.20537 | 0.11694| 0.11111 | 0.03498| 0.04225
1 | 0.02564| 0.11037| 0.12094 | 0.09274| 0.08919 | 0.03074 | 0.02586
50 | 1.5 | 0.03174| 0.13597 | 0.15048 | 0.09277| 0.08915 | 0.03201| 0.03169
2 | 0.03416| 0.14612| 0.16227 | 0.09282| 0.08911 | 0.03397| 0.03399
1 | 0.02096| 0.09093| 0.09805| 0.07697| 0.07435| 0.02605| 0.02114
60 | 1.5 | 0.02592| 0.11200| 0.12176 | 0.07693| 0.07440 | 0.02519| 0.02595
2 | 0.02068| 0.12115| 0.14867 | 0.07695| 0.07437 | 0.02401| 0.03099
1 | 0.01775| 0.07738| 0.08251 | 0.06564| 0.06390 | 0.02013| 0.01789
70 | 1.5 | 0.02221| 0.09650| 0.10365 | 0.06567 | 0.06387 | 0.02232| 0.02224
2 | 0.01601| 0.10969 | 0.11548 | 0.06568| 0.06386 | 0.02131| 0.02780
1 | 0.01534| 0.06715| 0.07100 | 0.05735| 0.05588| 0.01731| 0.01545
80 | 1.5 | 0.01926| 0.08405| 0.08945| 0.05732| 0.05592 | 0.02211| 0.01929
2 | 0.00887| 0.07075| 0.08352 | 0.05728| 0.05595 | 0.01955| 0.02569
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Table5: Posterior Risk for Different Loss Functions under Conjedatior with high confidence level V=0.05 & M=1.5

n 2] SELF LINEX GELF QTSELF
cl=3 cl=-3 c2=3 c2=-3 c=2 c=-2
10| 1 | 0.04825| 0.20160| 0.23564 | 0.14526| 0.13638| 0.04211| 0.04786
1.5 | 0.05414| 0.22537| 0.26566| 0.14531| 0.13633| 0.04581| 0.05314
2 | 0.05505| 0.22903| 0.27026| 0.14519| 0.13645| 0.04228| 0.05396
15| 1 | 0.03984| 0.16832| 0.19203| 0.12513| 0.11837| 0.03850| 0.03980
1.5 | 0.04712| 0.19806| 0.22845| 0.12499| 0.11851| 0.05270| 0.04645
2 | 0.04654| 0.19572| 0.22547| 0.12499| 0.11851| 0.03716| 0.04597
20| 1 | 0.03540| 0.15057| 0.16925| 0.10975| 0.10470| 0.04428| 0.03537
1.5 | 0.03851| 0.16348| 0.18452| 0.10981| 0.10465| 0.03540| 0.03832
2 | 0.04041| 0.17135| 0.19392| 0.10982| 0.10463| 0.03308| 0.04009
25| 1 | 0.02962| 0.12694| 0.14040| 0.09782| 0.09380| 0.03658| 0.02975
1.5 | 0.03430| 0.14652| 0.16323| 0.09783| 0.09378| 0.03035| 0.03420
2 | 0.03570| 0.15232| 0.17003| 0.09784| 0.09377| 0.03002| 0.03551
30 1 | 0.02628| 0.11319| 0.12389| 0.08825| 0.08491| 0.04619| 0.02642
1.5 | 0.03051| 0.13101| 0.14433| 0.08816| 0.08501| 0.03023| 0.03048
2 | 0.03203| 0.13737| 0.15166| 0.08825| 0.08492| 0.02734| 0.03191
40 | 1 | 0.02174| 0.09431| 0.10168| 0.07372| 0.07150| 0.02602| 0.02186
1.5 | 0.02545| 0.11009| 0.11938| 0.07383| 0.07139| 0.02383| 0.02546
2 | 0.02649| 0.11449| 0.12434| 0.07375| 0.07147| 0.02376| 0.02645
50| 1 | 0.01817| 0.07927| 0.08449| 0.06335| 0.06169| 0.02053| 0.01829
1.5 | 0.02212| 0.09620| 0.10318| 0.06336| 0.06167 | 0.02226| 0.02213
2 | 0.02268| 0.09857| 0.10580| 0.06339| 0.06165| 0.02090| 0.02267
60 | 1 | 0.01580| 0.06918| 0.07315| 0.05557| 0.05421| 0.02267 | 0.01589
1.5 | 0.01909| 0.08337| 0.08862| 0.05554 | 0.05423| 0.01883| 0.01912
2 | 0.01971| 0.08605| 0.09155| 0.05551| 0.05427| 0.01832| 0.01972
70| 1 | 0.01372| 0.06028| 0.06331| 0.04948| 0.04836| 0.04368| 0.01381
1.5 | 0.01690| 0.07407| 0.07820| 0.04945| 0.04839| 0.01661| 0.01693
2 | 0.01774| 0.07633| 0.07668| 0.04949| 0.04835| 0.01740| 0.01762
80 | 1 | 0.01232] 0.05424| 0.05668| 0.04454| 0.04371| 0.01629| 0.01239
1.5 | 0.01520| 0.06679| 0.07013| 0.04454| 0.04370| 0.01604| 0.01523
2 | 0.01665| 0.06904| 0.07220| 0.04461| 0.04374| 0.01676| 0.01634
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Table 6: Posterior Risk for Different Loss Functions under Conjegatior with low confidence level V=150 & M=1.5.
n F] SELF LINEX GELF QTSELF
c1=3 |¢g=-3]| =3 | cp=-3 c=2 c=-2
1 | 0.13330| 0.48959| 0.78852 | 0.53186| 0.42938| 0.06594 | 0.11823
10 | 1.5| 0.13388| 0.49152| 0.79247 | 0.53184| 0.42940 | 0.06894 | 0.11843
2 | 0.13453| 0.49367| 0.79692 | 0.53165| 0.42959 | 0.07601| 0.11865
1 | 0.10446| 0.40317| 0.56910 | 0.33362| 0.29066 | 0.06177 | 0.09606
15| 1.5| 0.11787| 0.45110| 0.65063 | 0.33381| 0.29047 | 0.06765| 0.10363
2 | 0.12893| 0.49040| 0.71850 | 0.33370| 0.29058 | 0.07077| 0.10934
1 | 0.07779| 0.31108| 0.40229 | 0.24341| 0.21950| 0.05630| 0.07465
20 | 1.5 | 0.09152| 0.36282| 0.47906 | 0.24342| 0.21949 | 0.06400| 0.08483
2 | 0.09520| 0.37691| 0.49909 | 0.24336| 0.21955 | 0.06256| 0.08799
1 | 0.05676| 0.23322| 0.28311 | 0.19138| 0.17661 | 0.05052 | 0.05640
25| 1.5 | 0.07092| 0.28846 | 0.35844 | 0.19158| 0.17642 | 0.06057 | 0.06815
2 | 0.07228| 0.29393| 0.36532| 0.19147| 0.17652 | 0.05439| 0.06955
1 | 0.04624| 0.19291| 0.22624 | 0.15792| 0.14751| 0.04052| 0.04628
30 | 1.5 | 0.05684| 0.23532| 0.28073 | 0.15789| 0.14753 | 0.05222| 0.05568
2 | 0.05928| 0.24513| 0.29325| 0.15789| 0.14754 | 0.04518| 0.05789
1 | 0.03343| 0.14219| 0.15986 | 0.11692| 0.11105| 0.03417 | 0.03363
40 | 1.5 | 0.03933| 0.16656| 0.18900 | 0.11691| 0.11106 | 0.03872| 0.03919
2 | 0.04286| 0.18109| 0.20655| 0.11692| 0.11105 | 0.03557 | 0.04246
1 | 0.02587| 0.11134| 0.12206 | 0.09278| 0.08909 | 0.02601 | 0.02608
50 | 1.5 | 0.03159| 0.13537| 0.14978 | 0.09281| 0.08906 | 0.03102| 0.03156
2 | 0.03365| 0.14400| 0.15979 | 0.09281| 0.08905 | 0.02943| 0.03351
1 | 0.02101| 0.09112| 0.09827 | 0.07692| 0.07437 | 0.02356 | 0.02118
60 | 1.5 | 0.02610| 0.11275| 0.12260 | 0.07699| 0.07430 | 0.02617| 0.02611
2 | 0.07324| 0.30197| 0.36452 | 0.07689| 0.07439 | 0.02442| 0.05243
1 | 0.01781| 0.07766| 0.08282 | 0.06568| 0.06383 | 0.02230| 0.01795
70 | 1.5 | 0.02214| 0.09623| 0.10335| 0.06570| 0.06381 | 0.02186| 0.02218
2 | 0.07280| 0.31026| 0.36917 | 0.06575| 0.06376 | 0.02031| 0.05382
1 | 0.01530| 0.06700| 0.07083 | 0.05735| 0.05586 | 0.01715| 0.01542
80 | 1.5 | 0.01936| 0.08448| 0.08992 | 0.05734| 0.05587 | 0.01930| 0.01939
2 | 0.07002| 0.29283| 0.34196 | 0.05732| 0.05589 | 0.01858| 0.05240
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Table 7: Posterior Risk for Different Loss Functions under Conjegatior with varying confidence level and guess value9fdt &

n=20.

\% M SELF LINEX GELF QTSELF
cg=3 | c1=-3| =3 | cp=-3 c=2 c=-2

0.5 | 0.06238| 0zs273 | 0.31679| 0.24353| 0.21974| 0.04445| 0.06278
0.05| 1 | 0.03549| 0.15016| 0.17072| 0.13443| 0.12676| 0.03056 | 0.03590
2 | 0.01689| 0.07405| 0.07812| 0.04812| 0.04713| 0.01622| 0.01691
0.5 | 0.08080| 0.32024 | 0.42317| 0.28176| 0.25028 | 0.05355| 0.07845
0.1 1 | 0.05481| 0.22555| 0.27284 | 0.19165| 0.17657 | 0.04525| 0.05471
2 | 0.02944| 0.12662| 0.13895| 0.08413| 0.08109 | 0.02913| 0.02940
0.5 | 0.10073| 0.39054 | 0.54494 | 0.32215| 0.28168 | 0.06135| 0.09330
0.5 1 | 0.09361| 0.36673| 0.49876 | 0.29090| 0.25743 | 0.06086| 0.08729
2 | 0.06803| 0.27612| 0.34476 | 0.20957 | 0.19156 | 0.05406| 0.06635
0.5 | 0.10245| 0.39631| 0.55616 | 0.32805| 0.28616 | 0.06226 | 0.09456
1 1 | 0.09895| 0.38483| 0.53288 | 0.31103| 0.27309 | 0.06189| 0.09162
2 | 0.08585| 0.34044 | 0.44936 | 0.25747| 0.23105| 0.05877| 0.08103
0.5 | 0.10370| 0.40063| 0.56406 | 0.33108| 0.28845| 0.06230| 0.09551
2 1 | 0.10224| 0.39596| 0.55417 | 0.32221| 0.28162 | 0.06202| 0.09410
2 | 0.09713| 0.37956| 0.51947 | 0.29102| 0.25731 | 0.06160| 0.08945
0.5 | 0.10395| 0.40139| 0.56586 | 0.33299| 0.28978 | 0.06273| 0.09573
5 1 | 0.10373| 0.40086| 0.56399 | 0.32927| 0.28705| 0.06237| 0.09544
2 | 0.10146| 0.39363| 0.54844 | 0.31528| 0.27657 | 0.06302| 0.09338
0.5 | 0.10402| 0.40377| 0.57006 | 0.33354 | 0.29031 | 0.06278| 0.09614
10 1 | 0.10429| 0.40271| 0.56771| 0.33167| 0.28893 | 0.06241| 0.09589
2 | 0.10324| 0.39943| 0.56043 | 0.32447| 0.28347 | 0.06324 | 0.09488
0.5 | 0.10441| 0.40396| 0.56884 | 0.33406 | 0.29074 | 0.06421| 0.09613
80 1 | 0.10481| 0.40443| 0.57124 | 0.33380| 0.29060 | 0.06294| 0.09627
2 | 0.10523| 0.40598| 0.57369 | 0.33289| 0.28987 | 0.06325| 0.09644
0.5 | 0.10488| 0.40466 | 0.57171| 0.33408| 0.29082 | 0.06462| 0.09639
250 | 1 | 0.10483| 0.40449| 0.57140| 0.33409| 0.29067 | 0.06388| 0.09629
2 | 0.10502| 0.40517| 0.57253 | 0.33382| 0.29042 | 0.06430| 0.09636
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