J. Baghdad for Sci.

Vol.11(4)2014

Baysian and NonBaysian Methods to Estimate the two
parameters of Logistic Distribution

Iden H. Alkanani*

Sara S. Taher**

Received 25, June, 2013
Accepted 3, November, 2013

Abstract:

In this paper ,the problem of point estimation for the two parameters of logistic
distribution has been investigated using simulation technique. The rank sampling set
estimator method which is one of the Non_Baysian procedure and Lindley
approximation estimator method which is one of the Baysian method were used to
estimate the parameters of logistic distribution. Comparing between these two
mentioned methods by employing mean square error measure and mean absolute
percentage error measure .At last simulation technique used to generate many number
of samples sizes to compare between these methods.

Keywords: logistic distribution, Lindley approximation method, Rank Sampling
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Introduction:

The logistic function is one of the most
popular and widely used for growth
models in demographic studies and
proposed by Verhulst's(1838-1845)
[1].The normal distribution resembles
to logistic distribution in shape but the
logistic distribution has thicker tails

and higher kurtosis than normal
distribution.
Plackett (1959) used the logistic

function in the analysis of survival
data[2] ;Oliver (1964) used the logistic
function as a model for agricultural
production data[3] ;Henrick .and
Bovas(1973) suggested two families of
multivariate logistic distributions[4]
;Balakrishnan and leung (1988) clarify
the probability density function of type

| generalized logistic distribution
which defined by the following
formula[5] :

be™*
f(x;b):m -o<x<oo  b>0

Scerri and Farrugia(1996) compared
between the logistic distribution and
weibull distribution for modeling wind
speed data[6]; Jones (2006)find out

that logistic distribution is a special
case of class function[7] :

fO) = flxa,p)=F)“(1 -

F(x))ﬁ -00<1<00 B>0
ZahraaA.A(2009);  estimated the
parameters of generalized logistic

distribution by using four method such
as(moment method, maximum
likelihood method ,modified moment
method and least squares method) by
utilizing two procedures of Monte
carlo simulation for generating random
variables from the logistic
distribution[8]; Subrata ,Partha and
Mosoom(2011)  proposed  askew
logistic distribution then they derived
some properties for this distribution
[9].

The random variable (X) has logistic
distribution  which  contain  two
parameters , it has the following
cummlative distribution function (cdf):

1
FX;a,B) = —=n (1
Where a is location parameter and B is

scale parameter .The probability
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density function (pdf) for the logistic

( X-0

e B

f(x; o, B) = < [3[1+e_%l

\ 0

The mean ,variance for this

distribution define as follows:
M,=a«a 02, = %2
Lindley Approximation Estimator
Method (LAE):-

Lindley approximation method
proposed by D.V.lindley in (1980)
[10]; the procedure was designed and
used to obtain the approximate Bayes
estimators , and compute the ratio of
two integrals as follows:-

[ w(B)el® g6

[v(8)el® g0 (3)

Where 6=(6,,6, ........0,) are a
parameters

L(B) =X In f(x;/6)is the

logarithm Likelihood function for n
observation

where w(8) , V(0) are any spot
function for parameters.

-

an

) =M™

B te=Pa g >0

o.w

distribution defined as follows:

-0 <x<00 ,-0<a<0o0,f>0

)

0. W

The posterior expectation we have it
from equation (3) as follows:
E[h(6/x)]

fh(@)eL(9)+p(9)69
T [el®+0® g )
Where p(6) = In[v(6)]
And v(6) assumed to be a prior
distribution of & and u(f) is any
function with respect to 8 so we can
get w(8) by this equation.
w(6) = u(8) v(0)
To obtain the lindley approximation
estimator ,we must assume the prior
distribution fora and B suppose that o
is distributed as exponential pdf with
parameter(c) and P is distributed as
gamma pdf with parameters (n,a) then
we use these prior distribution to
derive the posterior distribution:

(5)

(6)

The likelihood function of two - parameters logistic distribution is:-

L(xq, %5 .. ... Xy, ) = H;f(xi;a,ﬁ)

n e'(xi'a)/B
LGy 2z e X @, B) = ni=1 pl1+ e'(xi'“)/ﬁ]zl

o Ity (i) /B

L =
BT, [1+ e (xira)/B]2

(7)

The jointp.d.fofa,fis: —
J(xq, %5 e e Xn; @, ) = 1(xq, X5 ... ... X, B) f(a) f(B)
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e~ Th(i—)/B an

BT, [1+ e (xr®)/B]2 T'(n)
The posterior density function of a and 3 is :-

R(a, B/xy, Xy o . x,) = 1(x1, X5 oo, Xn; @, B) f(a) f(B)
I T 1y, Xy e mi @ B) f(@) f(B) 0adB
R(a,B/xq, x5 ... ... Xn)

J(x1, %5 on e Xn; @, B) = cple~(Batca) (8)

o Iy (i) /B
BrT(M) 17, [1 + e xie/F]2
- L 9
ffoo e_zizl_(xi_a)/ﬁ npn-1g-(fa+ca)juo
* TR T, [1 + e o 4P e wof
The Baysian estimator for a and g by using squared error loss function is :-
R =E [R(a,p)]

Canﬁn—le—(ﬁa+ca)

Where R(a,) be any function, for a and g :-
J17 R(a, B) L Gxy, Xz oo X @, B) £ (@) f(B) BB

R R D = e @) F@ B dadp

~

R
iz, (x-a) /B
o e i=1\"1 -1 -
01y e F T e OB e P4 R f)da0p
- LT (10)
% e =t ~1—(Ba+ca)
ffo ,Bn I—-(n) l—[:;l[l T e'(xi'a)/ﬁ]z Canﬁn e at+ca aaaﬁ
By using lindely's approximate which approximate the ratio of the two integrals R to
get Bayes estimators approximation as follows in the next few steps :-
The Bayes estimators can be written as follows :-

~ oAy 1
R = R(“»,B) T2 [A + 130B12 + Lo3B21 + 121C12 + 112Co1] + P1A12 + D242 (11)

Where A = XL, 37, W Ty; ; i+j=3
0/ InL (a, B)

And ;= datdp’

_9p
p = Inf(a,p)
W _OR

17 9a
L _OR

2 aﬁ
Wi = 5o Aij = WiTij + WiTj

Bij = (WiTy; + WiTyj)Ty  Cyj = 3W;TyTy; + Wi( Ty Ty + 2T  (12)

We must taking the log-likelihood function of logistic distribution:
Now: InL (x;a,8)=—-nlng — %zg;l(xi —a)— 2%k, In|1+

e e8] (13)
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To find I3, = 2inLlxiaf) LZLSZZM)

dlnL n _etab “(ri-a)/P
e Gea/B [xl’% - e-(xi-a)/s]

we apply the following formulas:

(14)

0%LnL _n_ ) (15)

da0p _ p? - [ + fe-Caad /B2

d03LnL

dadB?
1 (x; ﬁjza)z o-Cxia)/B _ 4(xiﬁ_ @), -Gi/p _ i '[;ZCZ)Z o -20x-00/B
B Fzm [1+ e Ceod/B]3

2 e 2(x;-0)/B 14 o 2(%;-0)/B 17 @ -3(x;-0)/B

[+ ea/p]
d3LnL
da2dp

02Lnl -2 e @o/p
da? =F2i=1[1+e-(xi-a)/ﬁ]2 17

93LnL _ -2 e_(xi_a)/ﬁ[% —%e'(xi'“)/ﬁ—Ze'(xi'“)/ﬁ—z]
da?op B B3 =1 [1+e‘(xi‘“)/ﬁ 3
Also we get 30 = % by the following expression:
03LnL -2 n e () /B e -2(x;-a) /B

a3 le . [+ e-(xi-a)/8]3
We obtain lpz= 22" by the following expression:

ap3
(x;-0) o-(xi-0)/B

0 LnL _ n (xi-a) 3 2 B n BZ
B Zi=1 B B sz [+ e Ceore] (20)

(16)

Therefore, we find [,; = by following equation:

(18)

(19)

aanL xl e (i O‘)/B[xl e -(xj-a) /B _ 2-2e” (xi- a)/ﬁ]
=2 CrL_
ap? Zz 1 ,83 p2 Z [1+e-(xl-a)/ﬁ]
(21)
d3LnL -a 2n (xi[;:fe'(xi'“)/ﬁ[1_3'(xi-a)/[3] 6Cxi—a)?
EYE =60 n—a_ st o9 Yie — ;5 e-(xi-0)/B [1 +

i=1 B4 B3 [1+e'(xi'0f)/l3]2
e‘(xi'a)/B] + 6(";;4“)3-(%'0()/8 [1 + 2e2(xira)/B 4 e-(xi'a)/ﬁ] (22)

So when R(a, B) = a then
ER

OR OR
Tl
=Inf(a,p) =In [ce‘ca Fn )ﬁ” 1 ‘ﬁa]
=Inc—ca+nlna—InT(n)+(n—1)InB — Ba (25)
oP oP n—1
Pl—a——c (26) PZ—%—T—G (27)
A= Wi,T, + WyTy =0
By, = (W1T12 + W2T12)T11 = W,T1,T14
Cip = 3W T11T1p + Wi(T11 T, + 2T212) (28)
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=3T11Ty2 + T11 Ty + 271212

Ay =Ty Ay =Ty
To compensate the value of Tyq, T, T1z, T22by the equation Such that :-
u . D . _ v
T, = Du—v? ) Ty, = pu—v2 ' T, =Ty = Du—v? (29)
Where
d2InL 92InL d%InL
U_aﬁZ’D_aaz’ " 8poa

These derivative (U ,D) we calculated them in equations (21) , (17).
9%lnL _ 9%InL
dadf ~ 9pda
Then the estimator a can be written as:-

~ A 1

Q= 0pg + §[L30T12T11 + Lo3Tp1 Tz + L1 (3Ty1 Ty + Ty1Top + 2T%45)] +

-1
(=0)Ty, + (nT —a)Ty, (30)

Where c,a are assumed to be any numbers ¢>0 ,a>0.
And finely when R(a, ) = 8

And since

then (V) is the same equation (15)

Then W1: 0 , W2: 1 , W12 = W21: 0 , A = 0

Bi, =T13T11;  Byy =TTy Ci=0 Cy1 = 3T3,T; +
Ty T1q + 2T%5,

Ayy = A1 =Ty (31)

Then the estimator £ writer as follows
A A 1
B = BmLE + E [L30T12T11 + L03T21T22 + L21(3T22T21 + T11T22 + 2T221)] +

(=0T + (nT_l)Tu (32)

Rank Sampling Set estimator fields from which detailed expensive
Method(RSSE):- and tedious measurement need to be
One key of statistical inference is collected[11] .

estimating the parameters of the Halls-Dell(1966)who established that
distribution from the exist samples .one rank set sampling was more efficient
of the most common mechanisms for than  simple random  sampling
obtaining such data is that of a simple estimating the population mean[12].
random sample. The concept of rank Dell and Clutler (1972) demonstrated
set sampling is arecent development that rank set sampling is more efficient
that enable one to provide more than simple random sample even when
structure to the collected sample items, the errors are ranking is present[12].
this approach to data collection was The procedure to find estimator for
prevailed for situations where taking logistic distribution by Rank set
the actual measurement for sample sampling as follows:-

observations is difficult  (costly Let X1, Xg e . Xmbe @ random
,destructive, time- consuming) ,for this sample from logistic distribution ;
reason rank set sampling is used assumed that x(q), X(2) «ov oo X(m) D
widely in (eniromental , ecological the order statistics obtained by
agricultural, medical studies) ordering the sample in increasing order
This method first proposed by ,

Mcintyre(1952) the mean of pasture The probability density function ( pdf )
yields he was interested in improving of order statistic x; is:

the precision of arable crops without a
substantial increase in the number of
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fG) = m [F(xi)]i_l[l - F(xi)]n_if(?fi) (33)
n oG/ 1" /e

flea) = (i-)!(n—-0)! [1+e (axi-)/B [1+e'(xi'“)/ﬁ] " B+e (xie/Byz (34)

nl _ 1 n+1 1 —(x'—on) n—i+1
suppose that K = T thenf(x;)) =K [—1+e-(xi—a)/ﬁ] B [e ]
(35)
The likelihood function of the order samplex(l), x(z) o X(m) iS'-

n+1
n—i+1

L(xay X(@) o oo Xemy3 @, B) = K"B™" 1_”1 e oo/ﬁ] ﬂ[e GeredlP]
L= K"p™[I, [1 + e-(xi-a)/B] e, [e-(xroc)/ﬁ] (36)
The log — likelihood function is :- InL = nink —

m+ 1YL ln[1+e("l°‘)/3]—nlnﬂ > 1(n—l+1)( ) (37)

By finding the first derivative of (37) with respect to a., B and equating them to zero ,
as follows :-

_ —(n+1)z e aw BZ (n—i+1)
dlnL n+1 e (xl a)/B
E_ﬁ 1(n—L+1)—— ‘1m (38)

e (i-@)/B (xl _a

aal;L o “)Z \ 1+ e Cr/R >"+Z "“)(xiﬁ_za)

dlInL (n i+1)(X;—a) _n_ (n+1) (Xi—a) e (% “) B

= i B2 B 21 G (39)
To solve these non-linear equations we use the iterative method which is Newton —
Raphson method and it’s steps as follows:-

Xjt1 a; f(ai)
‘ = [+/7° (40)
Bi+1 Bi f(B)
To find the jacobian which is :-
9 f(a) 0 f(a)
da B
i (41)
9f(B)af(B)
da B

First we assuming that the derivate of InL with respect to o and  as function such
that :

alnL_ alnL_
= f(a) 3F =f(B)

Then the first drivite to f(a) and f() with respect to a and 3 as follows:-
1 1
1+ e &ir)Ble-Gri-0)/B ~ _ o-(xi-0)/Bo-Cri-a)/p - —
[ ] 3 3

f(@) —(m+ 1"
da Zl 1
(@) _ (D) qn e FiB

da B2 i=1 [1+e'(xi'°()/3]2 ......

[1+ e Cc-a)/B]2
) Alaall L (42)
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“(xi- (i X —«a
B+ peeat | oo <lﬁ—2>
[B + Be (xi-w)/B]2
— oGl [1 + B e /B N e-(xi-a)/ﬁ]

e-(xi-)B [%—1—@("1"“%]

f (@) -1 . n

F ﬁziﬂ(n_ i+1)—-(n+ 1)21.=1

X —a
ﬁZ

0f@) _ ~1gm . n+1 an
K R 2 43

T (e (43)

af (B) n (n—i+1)

:Z ——— (1)
Ja =1 B
(4 Do [+ ]| B1) + (a)e P 5
_ ﬁz i=1 [1 + e‘(xi'a)/B]Z

[(xi-o) e (xir)Be=(xi=a)/B _%]

9f(B) _ yn —(+1) (+1) o e'(xi"’)/ﬁ[%—1—e'(xi-u)/l3]

=yn n 44
da =1 B2 B2 i=1 [1+e-(xi-a)/B]2 ( )
af(p) _
B
o 14e (xi0)/B)[g-(xire) /B _ (L)X & X% - (xj-a) B
o eeRen g O e

[1+e /6]

Xi—& _(y.. (- Xi—a
( e Ve (i Qs

[1+e /]

>P® _
0B
(xi-00 [ Xi—a Xi—a (x:-0 Xi—a 2

-2 27,1 M-F no_ (n + 1) Zn ¢ i )/ﬁ__z( ;33 )_2( 2?3 )e G )/B+([l?—2)

=1 B3 B2 =1 [1+e'(xi'°‘)/[3]2
(45)
And to terminated Newton Raphson method we use the equation :-

Ai+1 a;
€= ] — where€ is assumed value  (46)

Bis1l LB
Numerical results and Comments : variable which distributed as logistic
In this section; simulation technique distribution by  using inverse
used to generate many various of transformation method which depend
samples by using Monte Carlo on cumulative distribution function
method, to compare between the for logistic distribution as follows:
methods of estimation which are Flx)=u=——— ; X=q —
mentioned in previous section . ] L+e~ o)/
First : generating random numbers ﬁln(;_1)~--~-(47)
which  distributed as  uniform Second: To generate X which
distribution with [0,1]; then transform distributed as logistic function ,we
these random numbers to random must choose many value to the
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parameter o and B as well as we must
choose many various samples sizes
which are as follows:

o: 0.25, 0.75, 1.5 ,2.5 ; B:0.5, 1
2.5 n:10,20,50
And we replication the data of

experiment (1000) times, then the
number of all generating experiment
is(12 ) times.

Third: By utilizing program visual
basic ,we have got the following

estimated values for the location and
scale parameter to the logistic
distribution and numerical results
scheduleted in tablel

Fourth: Computing the Mean squares

error measure (MSE)and Mean
absolute percentage error
measure(MAPE) for all situations

studied in this paper and scheduleted in
the tables (2) and (3).

Table (1) the estimate values for parameters o and 8

When n=10 When n=20
RSSE LAE RSSE LAE
""la[ B [aleB " "l a[p [al]p
0.25 | 05 0.172784 | 0.415837 | 0.276769 | 0.717009 0.25 | 0.5 | 0.280343 | 0.435591 | 0.253419 | 0.454164
1| 0.128955 | 0.708412 | 0.057022 | 0.853903 1 | 0253055 | 0.878647 | 0.417546 | 0.997897
25 | 4185008 | 2.287435 | 0.777169 | 2.62177 25 | 0629894 | 2523152 | 0.39713 | 1.948425
0751 05 | 072542 | 0331941 | 0.877954 | 0.511009 0.75 | 0.5 | 0.802783 | 0.562325 | 0.787021 | 0.415198
1 0.660448 | 0.820309 | 0.553181 | 0.969319 1 0.946529 | 0.782279 | 0.774733 | 0.908841
25 | 0.806211 | 2.019816 | 0.764394 | 2.212687 2.5 | 1143741 | 2.071451 | 0.387115 | 2.615597
15 | 05| 1600075 | 040149 | 1.472668 | 0500236 15 | 05 | 1503476 | 0.537935 | 1.427472 | 0.575071
! | 1302785 | 0.840384 | 1500418 | 1.321985 1 | 1406217 | 1.021662 | 1853357 | 080789
25 | 1.266374 | 2.346401 | 1.553775 | 2.57828 2.5 | 1273903 | 2.309122 | 2.088239 | 2.97301
25 |05 240465 | 0.366753 | 2.572956 | 0.520779 25 | 05 | 253223 | 0.499329 | 2.568995 | 0.476806
1 | 2595824 | 0.958468 | 2.434724 | 1.227105 1 | 263562 | 1.116876 | 2.650861 | 1.07464
2.5 2281461 | 2.310971 | 3.167246 | 2.636337 2.5 | 2529316 | 2.101214 | 2.379594 | 2.623302
When n=50
RSSE LAE
o B — = — =

a B a B

025 | 05| 0249615 | 0474637 | 0.260385 | 0.397702

1 | 0178343 | 0.973637 | 0.088408 | 1.002549

25| 01199 | 2614521 | 0.322254 | 2.503849

075 | 05 | 705641 | 0.564298 | 0.740074 | 0.456381

1 | 0757543 | 1.025116 | 0.784252 | 0.872466

25 | 0923732 | 2.339286 | 0.655519 | 2.177922

1.5 1051 1503773 | 0507133 | 1509202 | 0.460897

1| 1554546 | 1.104526 | 1.395621 | 0.986348

25 | 1536871 | 2.697889 | 1.505954 | 2.557208

25 1 051 5496831 | 0520751 | 2.497792 | 0.466096

1| 2425772 | 0773515 | 257641 | 1.020535

25 | 2583307 | 2583309 | 2.463726 | 2.862835
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From table (1) we can make the
following comments:

1-Noting that estimated values of
parameter o are vibrating for all
samples size in Rank sampling set
method ;while the estimate values of «o
are vibrating for all samples size in
lindley approximation Bayes method.
2-Showing that the estimated values of
parameter o are converge to the true

estimated values of o converge to true
values of a (17) times in lindley
approximation Bayes method.
3-Observing that the estimated values
of parameter B are vibrating for all
samples sizes of two studied methods.
4-Showing that the estimated values of
B are converge to the true value of B
(20) times for lindley approximation
Bayes method and converge to the true

values of a (19) times in Rank values of B (16) times by using Rank
sampling set method ; but the sampling set method .
Table (2)MSE for @ and g
When n=10 When n=20
MSE(@) mse(3) o |5 MSE(@®) mse(B)
¢ p RSSE LAE RSSE LAE RSSE LAE RSSE LAE
0.25 | 05 | 0017446 | 0.067622 | 0.041943 | 0.064956 0.25 | 0.5 | 0.015895 | 0.003954 | 0.031165 | 0.002544
1 | 0201166 | 0.052452 | 0.114629 | 0.026449 1 | 0022098 | 0.06184 | 0.049521 | 0.010798
25| 0371237 | 1356334 | 016765 | 1.15519 25 | 0365369 | 0.106722 | 0.134204 | 0.395298
0.75 | 0.5 | 0.006103 | 0.107059 | 0.039118 | 0.054878 075 | 05 | 0.007639 | 0.006668 | 0.019202 0.01812
1 | 00466 | 0045953 | 0.039651 | 0.101441 1 | 0088626 | 0.025469 | 0.064453 | 0.042242
25 | 0370172 | 0101928 | 0.75627 | 0.26517 25 | 0441021 | 0234531 | 0.186973 | 0.192228
15 | 05 | 0.017909 0.010317 0.037109 0.010326 15 05 | 0.019479 0.007499 0.039172 0.013933
1 0.060144 0.028564 0.047704 0.177433 1 0.049701 0.18256 0.055194 0.040145
25 | 0277198 | 027258 | 0.054912 | 0.365766 25 | 0200914 | 0644729 | 0.237538 | 0.291246
25 | 05| 0014534 | 0028063 | 0.049052 | 0.007358 25 | 05 | 0017448 | 0.018908 | 0.048635 | 0.002734
1 | 0055877 | 0.100694 | 0.035074 | 0.077662 1 | 0078527 | 0.030404 | 001417 | 0.02075
25 | 0617993 | 2374342 | 0123156 | 0.127774 25 | 0033718 | 0.106791 | 0223747 | 0.186017
When n=50
o | p | MSE@ mse3)
RSSE LAE RSSE LAE
025 | 0.5 | 0.001315 | 0.002711 | 0.001341 | 0.014731
1 | 0015219 | 0049533 | 0.015097 | 0.006774
25 | 0086532 | 0.448333 | 0.024036 | 0.064381
075 | 05 | 0.008078 | 0.000506 | 0.019791 | 0.002957
1 | 0007087 | 0.022403 | 0.018323 | 0.020258
25 | 0.08435 | 0.046296 | 0.233832 | 0.134796
15 | 05 | 0008998 | 0004374 | 001723 | 0.004608
1 | 0026863 | 002733 | 0070326 | 0.002703
25 | 0.027625 | 0.066038 | 0.049986 | 0.01053
25 | 05| 0011726 | 0003062 | 0.016361 | 0.001512
1 | 0012481 | 0030411 | 0.054949 | 0.002668
25 | 014967 | 0.018862 | 0.019425 | 0.145017

From table(2) we can make the
following comments:

1-The values of Mean squares error for
a are increasing where the samples
sizes are increasing for all values of
o, and n except when o=2.5, n=20
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2-Noting that the values of MSE are
vibrating for all increasing value of o
and B.The smallest values of MSE are
(0.006103)when  (0=0.75  ,p=0.5
,n=10)for Rank sampling set method
;(0.003954)when  (0=0.25, B=0.5
,n=20) for Lindley approximation
method, and(0.000506)when (a=0.75,
B=0.5 ,n=50)for Rank sampling set
method.

3-Showing that the values of MSE for

[ are vibrating for all increasing
values of o and . The smallest values
of MSE is (0.007358) for
(0=2.5,$=0.5,n=10) for  Lindley

approximation method, while MSE is
(0.002544) for (0=0.25,p=0.5,n=20)for
Lindley approximation method, and
MSE is (0.001341) for
(0=0.25,3=0.5,n=50) for Rank
sampling set method.

4-The values of MSE for [ are
increasing one time and vibrating
another time with respect to the
increasing of value a and .

5-The values of MSE [ are vibrating
for all values of increasing samples
size.

Table (3) MAPE for @ and

When n=10
a b MAPE(a) l\/IADl:Iﬁ\
RSSE LAE RSSE LAE
025 105 | 58374 0877625 | 0298972 | 0.434018
L | os17473 | 0771014 | 0322175 | 0.146274
25 | 4011257 | 3.9104 0.18631 0.414818
075 105 | o4so715 | 0407000 | 0.626506 | 0.423108
1 | 0272401 | 0262435 | 0.304109 | 0.295563
25 | 0462407 | 0.35429 0217135 | 0.198884
L5 105 1 0060453 | 0.0659 0.214467 | 0.101021
1 | oa07675 | 008769 | 0.250152 | 0.321833
25 | 0324603 | 0315722 | 0.054297 | 0.220494
25 | 05 | 0051248 | 0.046884 | 0.20317 0.142623
T | 0419575 | 0119323 | 0.04002 0.227105
25 | 0.46519 0.466957 | 0218477 | 0.141795
When n=20
; MAPE(@) MAPE(S)
o
RSSE LAE RSSE LAE
025 | 05 | 0.204344 | 0.222231 | 0.229761 | 0.091949
1 0.983711 0.863518 0.189296 0.09554
2.5 | 0.686824 0.903733 0.162806 0.22063
0.75 | 0.5 | 0.113383 0.105056 0.346974 0.252939
1 0.224482 0.200149 0.095029 0.142512
25 | 0467126 | 0483847 | 0.173276 | 0.168817
15 0.5 | 0.038323 0.048352 0.137462 0.206775
1 0.237086 0.235571 0.209971 0.192093
2.5 | 0.497875 0.469101 0.094206 0.189204
25 0.5 | 0.047589 0.043965 0.109873 0.099891
1 0.069401 0.060354 0.133451 0.130819
25 | 010288 | 0107984 | 0.067232 | 0.17178

1621



J. Baghdad for Sci.

Vol.11(4)2014

When n=50
o | [ MarE@ MAPE(f3)
RSSE LAE RSSE LAE
0.25 | 0.5 | 0.192074 0.178172 0.28263 0.204752
1 0.722179 0.691157 0.111439 0.076923
25 | 243513 2.38861 0.077517 0.094234
0.75 | 0.5 | 0.028053 0.022806 0.199188 0.087351
1 0.182396 0.198338 0.216053 0.127711
2.5 | 0.206253 0.284807 0.122935 0.128825
15 0.5 | 0.05153 0.041646 0.227916 0.098935
1 0.087078 0.080467 0.11651 0.041189
2.5 | 0.164687 0.156673 0.054449 0.031013
25 0.5 | 0.01819 0.018933 0.112974 0.067854
1 0.051751 0.048904 0.04683 0.043394
2.5 | 0.034031 0.044323 0.140278 0.145134
From table(3) we can make the References:
following comments: A 1. Balakrishnan N. (1992),
1-The values of MAPE for @& and ,8 are "Handbook of the Logistic

vibrating for all values of samples sizes
(n).

2- The values of MAPE for @& are
increasing once time for all values of a
and P and vibrating another time for all
values of o and B in lindely
approximation bayes method and for
Rank sampling set method.

3-Showing that the smallest values of
MAPE for @ are (0.046884) when
(0=2.5 ,p=1 ,n=10) for Lindley
approximation method ,while MAPE
is (0.038323) when (o=1.5 ,p=0.5
,n=20) for Rank sampling set method,
and (0.01819) when (a=2.5, P=0.5
,n=50)for  Lindley approximation
method.

4-The values of MAPE for £ are
increasing once time, decreasing other
time and vibrating another time for all
values of a and B in Rank sampling set
method and Lindley approximation
Bayes method.

5-Noting that the smallest values of
MAPE for £ is(0.4002) when (0=2.5,
B=1, n=10) for Lindley approximation
method ,while MAPE is (0.067232)
when (0=2.5,8=2.5, n=20)for Rank
sampling set method ,and
(0.031013)when (a=1.5, p=2.5, n=50)
for Lindley approximation method.
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