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Abstract— In this paper we proposed the Bayes estimatiothe parameter of Ailamujia distribution. Theiestors are
obtained by using non-informative Jeffery’s priordainformative Gamma prior under squared error fasstion, Entropy
loss function and LINEX loss function. Finally aatdife example is considered to compare the paréorce of these estimates
under different loss functions by calculating pasis risk using R Software.
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1. INTRODUCTION In this paper we consider the Jeffrey’s prior pisgumbby

Al-Kutubi (2005) as:

o(6)/1(8) &)

[3, logf(x68)]
06

Statistical distributions are widely applied to ciéise real
world phenomena. Sometimes typical and complicated
situations arise in the field of Statistical an&yss a result
of which the already existing models does not fiicin

accurately to the complex data arising in suchasibns. |
The inferences about various lifetime distributiosisch as

exponential distribution, Weibull distribution, Brig
distribution, Pareto distribution and normal distition,
etc. have been studied a lot. In recent years, nmavy
distributions are proposed for various engineerings a constan

applications. Ailmujia is one of these distributiproposed  The second prior which we have used is gamma peor

by Lv et al. (2002). Pan et al. (2009) studied ititerval P

estimation and hypothesis test of Ailamujia disitibn a__

based on small sample. Uzma et al. (2017) studied t g(6)0 rlge—aegﬂ—l 4)

weighted version Ailamujia distribution. The cumiil@  jth the above priors, we use three different liosgtions
distribution function of Ailamujia distribution igiven by for the model (2), viz squared error loss functigich is

F(x6,0) =1-(1+ 20X)e?’* ,x>0,6>0 (1) symmetric, and Entropy and LINEX loss function whic

N ) ) ) are asymmetric loss functions.
and the probability density function (pdf) corresdimg to
(1.1) is
f(x;6,a0)= 4x0%e %" ,x=0,0>0 2

Our objective in this study is to find the Bayesimators
of the parameter of Ailamujia distribution using nro
informative Jeffery’s prior and informative Gammeéop
under squared error loss function, Entropy lossction

Where, [I (6)]=-ng |is the Fisher’

Information matrix. For the model (2), wher@(é?) = k;

A. Maximum Likelihood Estimation
Let x1, x2,..., xn be a random sample of size n from
Ailamuijia distribution, then the log likelihood fation can
be written as
n n

and LINEX loss function. Finally a real life exarepis logL(84) =nlog 4+ 2nlog&+ 2. x -i_21<92 X o (5)
considered to compare the performance of thesmatsts : : . . -
under different loss functions by calculating pasis risk the ML esnmatoré)lejzt(i)(l));alned by solving the
using R Software. q

dlogL(8) =0
2. MATERIAL AND METHODS N 00 .
Recently Bayesian estimation method has establigheat = 2—n - szi =0= Ow = - N
consideration by most researchers. Bayesian asaky/sin g i=1 =1

important approach to statistics, which formallelee use
of prior information and Bayes Theorem provides the

formadymsBlor IS RUHBENARNSIP TIONLOAUDIA
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3. BAYESIAN ESTIMATION OF AILAMUJIA
DISTRIBUTION UNDER ASSUMPTION OF
JEFFREY'S PRIOR

Consider n recorded valuesz (X1 , X2 ,..., Xy ) having
probability density function as

2 _—20x
f(x;6a)=4x0" e
We consider the prior distribution offto be Jeffrey’s

priori.e g(@ O %

The posterior distribution of Gunder the assumption of
Jeffrey’s prior is given byz(6/ xX) O L(x/8) g(8)

n
nn -260 in 1
g € i=1 —

i=1

= 7£01X) =k 8, 20

i=1

wheré is independent of 8.

b —ZHZ:"Xi
-1 n-1
Andk = I 67 e
0

dé

a1 2n

=k =T
| Zznx | —|2n
Loi=1 ]
v
Hence posterior distribution of is given by

[ n —|2n

L |,
m@IN= o & es

m(81X) = 12 On1e16
2n
Wheret = Zan Xi
A. Estimator uln_(;er squared error loss function
By using squared error loss function
I(UE,@ =C (61—@5 for some constant c1 t risk functior
is given b

] C
R(9,‘9)=E|(9,9) |

L i

Y O 2n

t
:JCO1(9—9)2 T2n 6>1ewdf
ctal2T2n T(@2n+2) - F@n+l) ]|
L ‘ 6 + -26 |
ra2nl t

2n 2n+2 2n+1

C

Now solving OR(68) =0, we obtain the Baye's
C

06
C n
estimator aéys = N wheret = 2y Xi
t i=1 @)

B. Estimator under Entropy loss functiotJsing entropy
loss function

L(d) =a[d-log(d) -1] :a>0 ,5=Q‘9

the risk function is given by
2n

R(6,6) = Ja[6- log(&) -1] TG feee d6

at® [ or(2n-1) “ren) rEn ron
| =1t —log & ot |

ren Lo () ¢ 0]

]
OR(6.6) _
L

06

o
estimator aése =2n-1 ,wheret = 23 X;
t i=1 (8)

C. Estimator under LINEX loss functionUsing LINEX loss
function

Now solving 0, we obtain the Baye’s

n

A

(06)=ex{ b6 -6)} -b, (6 -6)1

for some constant b the risk function iven by

© A ” 2n
00 = ledble o)l ale 0)) s gomenas

0

-26% X
n

Now soIvingaR 9'[9 = ( ,we obtain the Bayes estimator as

00
0 1 b+ ©)
Gi= — log —I
b U t) )

4. BAYESIAN ESTIMATION OF AILAMUJIA
DISTRIBUTION UNDER ASSUMPTION OF
GAMMA PRIOR

Consider n recorded valuess (X1 , X2 ..., Xn )
having probability density function as
2 _—20x
f (x;,6a)=4x0" e we consider the prior
distribution of to be Gamma priori.e
9(0) 18  ewp s
rg
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The posterior distribution ol under the assumption B. Estimator under Entropy loss function
of Gamma prior is given bxyr(8/ x) ? L(x/8 9(6 By using entropy loss function
n 200 % a? ) g1 6
n i= —a - -
>m@x048) "y e T —e L(d)=a[d-log(d) -1]:a>0,3= 6
i=1 I_,B the risk function is given t
O o 2n+p
(0 ) R(8,6) =)a[d-log(d) -1] &gwﬂem » dé
1 a+2Xx |'e 0 F(@n+p)
—1, n2ntp-1 _\ .
= n(0/x)=k6™F e | ) wherekis
[ n ) C C
o a2 I'o I r@n+p- r2n+p) |
independent offandk "t :J92n+ﬁ—1ek o ’ de a(a +t) s @y T - log 6(a+t) et |‘
0 =T@n+p) | "2n+pB) T2n+pg \
1 _ r(2n + ﬁ) I+ (a+t)4|rrp - (a+t)4||'rp ||
:>k - ( n 2n+8 L C 1
+ .
|\a ZEJ X') | Now solving 0R(6,8) =0, we obtain the Bayes estimator
Hence posterior distribution dis given by 96
( no 2B X + -1 )
a+2> x. [ n oy  asteg =& —F = where t =23 X; (12)
| | | -l a+23xl6
L i=1 ) i) a+t i=1
7T(8/X) = Oonip-10\
( ) |'(2r21n:rﬁ,8) € C. Estimator under LINEX loss function
(a+1) By using LINEX loss function
nl@lIx)= ——— gamp1 g(ar)o (10) " - -
F(2n+ ) 1(66) = expf b(6 -6)} - by (6 -6)-1

for some constant b the risk function is given by

n
Wheret = 23 X; n+8-1 g(a+)0d 9

i=1

(@+)™[ . r@n+ph ‘T@n+Hh T(n+p+1) T[(2n+p ]

A. Estimator under squared error loss function = o 75~ b6 75 +b T 7 |
) r(2n+/3)L (a+b+y) (a+t) (a+1) (a+1)
By using squared error loss functil(6,6) =c; (6—6) C
for some constant c1 the risk function is givel ) 0R(6,6) _ ) )
r _| Now solving —_— =0, we obtain the Bayes estimator
R(B,G):[E\I(B,H)\ . _] ac ae
2n+f
=c 2 (0’+t)2n+ﬁ Go.- ! |o(\b+a+t\\ (13)
_[1 (9—0) T Qap1 g(a)e gl b i a+t )
0 r@n+p)
Ftu;m
Cl(a+t)2n+ﬁ|‘ f062n+ﬂ—1 e-(a+)6d@ 5. APPLICATION
=T@2n+p | « Ow The data set was originally reported by BaBaiest
|L+ | ganpa etayoas- 26 joampetan)o (1982) on failure stresses (in Gpa) of 65 singhbaa fiber:
2n+2 - 0 of length 50mm respectively. T data se is given a
cla+t) Pl r@n+B) L T(@2n+[+2)
| 2+ 2n+5+2
F@En+p) | (a+y (a+1) 7,1.812,1.84,1.852,1.852,1.862,1.864,1.931, 1.952412.0
19,2.051,2.055,2.058,2.088,2.125,2.162,2.171,22172 2.
Now solvingdR(€.:8) =0, we obtain the Bayes 194,2.211,2.27,2.272,2.28,2.299,2.308,2.335,2. 349622
aé 386,2.39,2.41,2.43,2.458,2.471,2.497,2.514,2.558(22.5
93,2.601,2.604,2.62,2.633,2.67,2.682,2.699,2.708522."
o " 85,3.02,3.042,3.116,3.17
estimator abse =20+ 8. where t= 2¥ x (11)
a+t i=1 This data set had used by MUutairi (2013) and Uzma et
al. (2017).
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The posterior estimates and posterior risks drmilzded
and result is presented in table 1 and table 2.

Table 1: Posterior estimates and Posterior varianeeusing Jeffery’s

Prior
¢’s 61 6'e
b=
0.t b=1.(
Posterio 0.22: 0.000:[ 0.000: | 0.442:
Estimated 1
Posterio |0.051: 7.440z] 2.108: | 5.662¢
Risks
Table 2: : Posterior estimates and Posterior variaces using Gamma
Prior
0
fs 0 L fE
b=0.£[b=1.
Posterio 0.526¢ [ 0.0543. | 0.057 0.643¢
Estimates
Posteior 0.143( 7.402% | 2.003: 5.972]
Risks
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Bayes posterior ré
observed that the
pSBALY ¥isk in- Uoin—n’éﬂ‘ili'eriﬁtf(:) 4tive and®Inforivat
priors than other loss functions. Accérding to tleeision
rule of less Bayes posterior risk we conclude dwatared
elCorHssétorctiateis X pefaratiiernoss functio

Using LINEX loss function

of different loss functiong, is
spiyargd error l?ris funhction

6/ (0ddRaLUSION

Bayes

\Aﬁé(p{.ﬁl(eﬁ primarily studied the Bayes estimator of th

parafieter of Ailamujia distrilfution Wsing Jeffreygsior
a Z}m a prior assuming §wee frdrent loss fanst
Thefdedbayiscoristagiveshid eiskoResk Htyiécoveiwide
spectrum of.priors te get Bayes estimates of thiarpater.
Fronr(he) Eejslzm{bl(we-&ﬁsa ved a).ih_me@sem\
Estimator under Squared error L6438 function has
smallest posteridt risk values for both prior's Jeffrey’s
anebgasanm :
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