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Abstract: Problem statement: The study and research of survival or reliabititylife time belong to
the same area of study but they may belong tofardiit area of application. In survival analysi€on
can use several life time distribution, exponerdiatribution with mean life timed is one of them. To
estimate this parameter and survival function westninie used estimation procedures with less MSE
and MPE.Approach: The only statistical theory that combined modelingerent uncertainty and
statistical uncertainty is Bayesian statistics. Tineorem of Bayes provided a solution to how learn
from data. Bayes theorem was depending on prior @ogterior distribution and standard Bayes
estimator depends on Jeffery prior informationtHis study we annexed Jeffery prior information to
get the modify Bayes estimator and then comparedtit standard Bayes estimator and maximum
likelihood estimator to find the best (less MSE aMBE). Results. when we derived Bayesian and
Maximum likelihood of the scale parameter and sualvifunctions. Simulation study was used to
compare between estimators and Mean Square ErrSEjMind Mean Percentage Error (MPE) of
estimators are compute@onclusion: The new proposed estimator of modify Bayes estmat
parameter and survival function was the best estim@gess MSE and MPE) when we compared it
with standard Bayes and maximum likelihood estimato

Key words: Extension of Jeffery prior, survival function, exmmtial distribution, maximum
likelihood estimation

INTRODUCTION Some studies deal with this aspects in detail and
provide the conceptual framework and methodology fo
Survival analysis refers to the techniques used tsuch analysis. H show how the classical estimators
study the time to occurrence of some event in aan be obtained from various choices made within a
population and is often called time to event arialys Bayesian framework. A Bayesian approach to
The survival function S(t) is defined as the prdligb  hypothesis testing is presented by Fernafidekle
that human being will surviving at time period The  studied the problem of estimating the mean lifefime
two parameter of exponential distribution was usechazard rate and survival function of exponential
when failure will never occur prior to some spesifi lifetime model. Hahli show that it is not always
time t,. The parameter, tis a location parameter that Jeffrey’ prior applied to panel models with fixeffeets
shifts the distribution an amount equal ddatte right on  yields posterior inference free from the incidental
the time (horizontal axis). Now t,, the probability —parameter problem. ffh derived Bayesian and non
density function of exponential distribution became Bayesian estimators of the shape parameter and
reliability in case of complete and censored sample
1 t—t and the MSE of estimators are computed.
f(t:0) :geXp(‘T(’j The main aim of this study is to obtain maximum
likelihood estimator and Bayesian estimators of the
parameters and survival functions under Jeffreyisrp
and extension of Jeffrey’'s prior and then compared
. between them to find the best estimator (less M&E a
S(t)zjf(u;e)du MPE). Based on simulation study, the Mean Square
t Error (MSE) and Mean Percentage Error (MPE) are

and the survival function is given by:
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compared with those of their Maximum likelihood and Bayes estimation:
Bayes estimator under prior distribution and lossEstimator of parametricc We can found Bayes
function. estimator of parametric distribution by using padste
distribution, depend on joint probability density
MATERIALSAND METHODS function and marginal probability density functiosn
the posterior distribution is given by:
Maximum likelihood estimation: We have the set of

random lifetime t t; t, and a vector of unknown H(t,,....t, 8)
parameter® = (8,... 6,), the ith element of the score '_'(9|t1""'t ) P(tt,)
vector is: '
_anL(t,8) . _ Now the joint probability density function
U (6)= B T L2ep f(t,,...t,,0) is given by:
Now we can find the maximum likelihood oL
e Dot -t

estimator by using exponential population with H
parameterf. The probability density function of two
parameters exponential distributions is given by:

tyennt,.0) = L1, 1]6) ) = G OP

f(t;0) -—exp(— °) 6>0 And the marginal probability density function of
ty,...tis given by:

The likelihood function is:

H(L, .. LS)@( )( ])'

n n - p(tl""’t“):_‘.
|_(t,e)=r|f(t.,9)=r|1 xp| — %o 3t -t
i=1 ! =19 3] = o
Zti -,
=9 "exp —-=L So the posterior distribution (conditional
0 probability density function dd is given:
H(tl' 'n!e)
The score vector is: MO, 4 ) = —7 ==+~
V | ( |1 ) p(tl' ’tn)
iti _to Zti _to
U(e)zalnL(t,S):—Tn_'_i:lA exp |, )
06 6 6 (Zti —toj
— i=1

Let uU(6)=0, then the maximum likelihood Ch (n-1)!

estimator is:
By using Risk function, we can obtain Be&yes

it . estimator, such that:

6, = (1) ) )
n R(6.6)=E/(06)
~ Since the maximum likelihood estimator is :V(éﬁ)n(ehp 1)@
invariant and one to one mapping. The maximum 0
likelihood estimator of survival function is: n n n
M[Zt.—to] D=t
i=1 e—n

5u() =exf -454 @ et I O I R
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The same way above, we can find the modify

R(6.6 . ind e m
Let i (A’ ) =0, then the Bayes estimator is: Bayes estimator by depend on posterior distribuéien
GL¢] following: The joint probability density functionsi
given by:
Zt, tO] G-t .
éf[i:l ["o"ex _g | 5 H(t,,...,t, 8)=11 £(t[6) o(e)
(n-11 o ) @) n
B 1 ;tl _to kncl
n ——neX - Tq
A Zti -1, 0 0 0
e — =1
° n-1 )
. . . . Kkn& zti -t
Estimator of survival function: We can find the = ”zq expl —-=L
e ¢

estimator of survival function; also by depend on
posterior distribution, such that:

And the marginal probability density function is

n(e|t1 """ tn)‘ p(t,) given by:
Zn;t,—to Pyt )= [ H( Gt B) @
= i o N n+2g-1
= en+1 (n—l)' [gtl —to}

Then the posterior distribution given the data

So, the estimator of survival function is given by: en
ty,...tn is given by:

. o (-t +t
Sglt)=| exp——=|M(O|t,....;) O n
(9 Io F{ 9 J (| ) kG ;ti—to
ul 9n+2(~1 ex - 9
Dttty |/, n
exp| —=L— t — _
o (Zt LJ n(e| t,...t,) TR
:IweXF{ mhiYy de n nZe-1
0 6 ) 8" (n-1)! (Zti—toJ
0 ’ 't -t
. Zt‘_t" 07" ex —Lﬂ:l -
SM)=| —+—F—— 4 8

t —t[,+§n:ti ~t,
= = N 1-n-2C
(Zti —toj (n+2Cc - 2!

i=1

M odify Bayes estimation:

Estimator of parametric: The extension of Jeffery . . . .
e . By risk function, we can obtain modify Bayes
prior is given by: .
estimator, such that:
c . n
g(e)0[1(8)]", ¢, OR $
8" %% expl — =L
So: 6
. R©.8)=] cO-8f ——s B
n .
g(e):kez_q (;t,} (n+2g-2)!
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Let:
oRr(0,0
59) _,
00
then
X
= i=1
ST (5)

Estimator of survival function: By using posterior

Percentage Error (MPE) to compare between the
methods of estimator.

DISCUSSION

In the simulation 1, when we compared parametric
estimators of exponential distribution ireximum
likelihood and Bayes method, we found the Maximum
Likelihood Estimator (MLE) is the best with 100%
percentage valued in Mean Square Error (MSE) in
Table 1 and Mean Percentage Error (MPE) in Table 2.

Table 1: Parameter Estimation using MLE and Bayiéis respect to

distribution, we can found the survival functioncbu MSE
that: . .
Size 6 Oy Oy Best
. o t -t 6
Sse(t)=fo ex{_ OJH(GH’ :E) Py 25 0.5 0.0101 0.0115 ?M
1.0 0.0395 0.0441 8,
n
2t 15 0.0898 0.1029 8,
" % exp -1t A
0 2.0 0.1571 0.1765 8,
= I:exp{—t‘ ;“J - o 6 5o 05 0.0049 0.0052 8,
[Zti _toj (n+2g-2! 1.0 0.0189 0.0201 8,
i=1
. 1-n-2g 15 0.0445 0.0469 8,
Tt 2.0 0.0778 0.0819 8,
Zn:ti -t 100 0.5 0.0025 0.0026 8,
= 1.0 0.0101 0.0104 8,
Simulation: Two experiments were designed to 15 0.0212 0.0218 8,
compare the methods of estimation, Maximum 20 0.0406 0.0417 8
likelihood and Bayesian approach, using the orginar ' i ' "
and proposed tool based on varieties of paramatets _ o ) )
sample sizes. Using Mean Square Error (I\/ISE) ana'able 2: NFl’Fa)llrEameter Estimation using MLE and Bayiis respect to
Mean Percentage Error (MPE) as criteria for— - -
comparisons were some new results presented. Size 0 Oy Oy Best
Where: 25 05 0.1600 0.1679 8,
10200(,\ 2 1.0 0.1595 0.1659 By
6,-9) )
MSE®)=-= 15 0.1579 0.1661 8,
R 2.0 0.1544 0.1625 8,
i 6 - 50 05 0.1124 0.1144 8,
N 1.0 0.1108 0.1134 8,
MPE@®)= .
15 0.1116 0.1139 8,
RESULTS 2.0 0.1095 0.1121 M
o 100 0.5 0.0800 0.0812 8,
We chooses the samples with size n = 25, 50, 100 R
with varieties of parameter value namely 0.5, 5,2L. 10 0.0808 0.0816 By
The size of replication is R = 1000. After the 15 0.0782 0.0790 8,
parameters and survival functions were estimatsidgu 20 0.0803 0.0808 5

formulas Mean Square Error

(MSE) and Mean

=
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Table 3: Survival Estimation using MLE and Bayeshwiespect to  Table 4: Parameter Estimation using MLE and Bayitk mespect to

MSE MPE
Size S S, (1Y) S (1) Best Size s S, (1Y) S (1) Best
25 05 0.0031000 0.0035000 S, (1Y) 25 0.5 0.1865 0.2152 S (1)
1.0 0.0032000 0.0034000 S, (1Y) 1.0 0.1825 0.2101 S (1)
15 0.0030000 0.0032000 S, (1Y) 15 0.1908 0.2209 S (1)
2.0 0.0031000 0.0030000 S (1) 2.0 0.0802 0.2082 Su (1)
50 05 0.0015000 0.0017000 S (1) 50 0.5 0.1211 0.1291 Su (1)
1.0 0.0012000 0.0014000 S (1) 1.0 0.1186 0.1272 Su (1)
15 0.0013000 0.0015000 S, (1Y) 15 0.1203 0.1289 S (1)
2.0 0.0012000 0.0015000 S, (1Y) 2.0 0.1176 0.1257 S (1)
100 05 0.0000748 0.0000741 S, (1Y) 100 0.5 0.0836 0.0868 Su (1)
1.0 0.0000763 0.0000760 Su (1) 1.0 0.0839 0.0866 Su (1)
15 0.0000714 0.0000711 S (1) 15 0.8060 0.0833 Su (1)
2.0 0.0000760 0.0000750 S (1) 2.0 0.0833 0.0858 Su (1)
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) ) ) _ o Fig. 2: Comparison parametric estimators in diffiere
Fig. 1: Comparison parametric estimators in difficre sample size using MPE

sample size using MSE

0.25

Also, when compared the estimators of survival ,
function for exponential distribution, we found thest 02
estimator is MLE with 66.66% percentage valued with
MSE in Table 3 and MPE with 100 % in Table 4. 015
In the simulation 2, when we compared the best ——sunvival hat-MLE
estimator (MLE) in simulation 1 with proposed 01 ! ——suvivalhat BM
parameter (modify Bayes), we found the best estima
is proposed estimator , that is explain in MSE(. Ri) 005 j‘ .

and MPE (Fig. 2),because this proposed gives theeva
of MSE and MPE less than the valued in other . o Ll
estimators. We have the same thlng if we Compared 1357 911131517192123252729313335373941434547

survival estimators (proposed and MLE), we founel th

proposed survival estimator with MSE in Fig. 3 andFig. 3: Comparison survival estimators in different
MPE in Fig. 4 is the best estimator. sample size using MSE
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Fig. 4: Comparison survival estimators in different4

sample size using MPE

CONCLUSION

The new proposed estimator of modify Bayes

estimator in parameter and survival function is lest

estimator (less MSE and MPE) when we compared it
with standard Bayes and Maximum likelihood

estimator.
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