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ABSTRACT: In this article, we proposed an exponential ratio type estimator for estimating the
finite population mean in stratified sampling. The bias and MSE of the proposed Estimator are
obtained and comparison is made with some of the existing Estimator. In the support of the
theoretical proposed work, we have given numerical illustration and from this we conclude that

our proposed estimators perform better than existing estimators.
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1. INTRODUCTION

Use of Auxiliary information in the estimation of population parameter such as population mean,
ratio of two population mean, product of two population mean, coefficient of variation etc. has
been in practice. Ratio, Regression type estimators are good example in this context. Cochran
(1940) initiated the use of auxiliary information at estimation stage and proposed ratio estimator
for population mean. It is well established fact that ratio type estimator provides better efficiency
in comparison to simple mean estimator. If the study variate and auxiliary variate are positively

correlated.

Hansen et al. (1940) proposed a combined ratio estimator for population mean in stratified
random sampling. Later Kadilar and Cingi(2003) and Singh and Vishwakarma (2006) discussed
some ratio and product type estimators using known parameters of a variate for estimation of
population mean in stratified random sampling. Bahl and Tuteja (1991) pioneered ratio and
product type exponential estimators using an exponential function in simple random sampling.

Later on these estimators were defined in stratified random sampling by singh et.al (2008).
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Pandy (1980) Introduced Product -cum- power estimation in simple random sampling, Bedi (1996)

proposed efficient utilization of auxiliary information at estimation stage in simple random
sampling, Shabbir and Gupta (2011) Estimates finite population mean in simple random sampling
and stratified sampling. Clement (2014) improved Ratio Estimator for population mean in

stratified sampling,

Zakari et, al (2020) Proposed ratio type estimator in simple random sampling. We adapted this

estimator in stratified random sampling.
2. NOTATIONS

Consider a finite population U = {U;, U, ... ... ... Uy}having N distinct and identifiable unit
partioned into L Strata. Let y and x be the study and auxiliary variables taking values yj; and x;,
respectively for i®Munit (i = 1,2, ...., N) in h*" stratumConsisting of N}, units(h = 1,2 ... L) such

that Y’k _, N,— N.Let n, be the size of the sample for ht" stratum such that Y% _, n, = n.

Let,
Np .
Wy, = - Stratum weight
— _ YL _ - _ 1 n
Vst = Lh=1 Whyyn, where yp, = n_hzifl Yhi
= = = 1
Y =Xhoy WYy, where ¥y, = N—hZ?fl Vhi
_ _ _ 1
Xgt = Z%I,:l thh, Wherexh = n_hZ:;hl Xhi

7 _ \L % 7 1 §nn
X = Xk=1 WXy, where Xh—N_hZi=1 Xhi

1 n — 1 n _ .
sZy, = —-— Yt Vni — Vn)?, sE, = nh-12i=hl(xhi — %)% be the sample variance of y and x
. . . . . 1
respectively in ht" stratum corresponding to the population variances Sﬁh = Zf:vzhl(yhi -

Np—1

1

Yy)?and S, = mzﬁvz’;(xhi — Xn)?

Syxh = ﬁzlivzhl(xhi — Xp) (ypi — 1) Covariance between y and x.
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S 52 h . .o
C%. = X’éh ,C?yp = ?32' be the coefficient of variation ofht" stratum.

Chxy = PnCnyCnx where p is the correlation coefficient between y and x.

8, = — — — is fp ¢ within hfstratum.
np,  Np

To obtain the properties of various estimators, we define the following terms.
Vst = D=1 Widn = Y (1 + egge) and X = Bfi_q WyXy,
Vse=Y + Yeosr = Ny Wi, Xse = X(1 + 1)

L = - L _ =
_ Yh=1 Wh¥n-Y _ Yh=1 WhXp—X
€ost = 7 , €15t = b4

E(eOSt) =0, E(elst) =0

Where ¥, and X, are unbiased estimators of population mean Y andX respectively

Then

L g2
n
E(edse) = Z Wy 5h7—3] = V20
h=1

2
Shx

E(elzst) = iL1=1 th 5hﬁ = Vo2

S
E(egste1st) = Zh:l th On YR Vi1

YX

3. EXISTING ESTIMATORS:
We discussed below some commonly used estimator of tg;

3.1. Sample Mean

L
tst(O)zyst = z Whyh,
h=1

MSE (t)se0) = V(O st(o) = YV

3.2. Traditional ratio estimator is defined by
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. X
t1 = Yst =
y y Xst

B(®)st1 =Y Vo2 — Vi1)
MSE (t)sr1 = Y2(Vyo + Voo — 2V1 1)

3.3. Following Bahl and Tuteja (1991), combined exponential ratio type estimator

_ X - JEst
tst2 = Yst€xp X+x
st

31
B(t)(st2) =Y (g Voo — §V1.1)

_ 1
MSE (t)st2 = Y2 (Vz.o + ZVO.Z - V1.1>

3.4. The traditional regression estimator is given

tsts = Vst + bst (X — Xst)
Where bg; is Sample regression coefficient in stratified sampling
The MSE of t43is given by

MSE(t)st3 = Y? Va0(1 — pir)

Vi1

Where pg; =

3.5. A stratified version of the Pandy (1980) estimator for population mean (Y) is given by

~ X\ %
Usta = Yst {92 (Fﬁ) +(1-16,) Yit}

Where 6, and «, are arbitrary constants whose optimal Values are to be determined later.

_(ay(ay, + 1)
B(tses) =Y {T

0,Vo, + 1-6,(1+ az))Vm}

M (tses) = 172“/2.0 +2{1-6,(1+ az)}Vl.l +{(1-6,(1+ az)}ZVO.Z]
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Then

M (tsea)min = Y2V, o (1 — pZ;)

3.6. Sangngam and Hiriote (2014) Estimator
Yst

tgs = ————(X+C
St5 ()_(st + stt) ( + xst)
Rsp 1
( sts) Xx + stt 0.2 Xx + stt 1.1

M(tses) = Y2(Voo + RépVo2 — 2RspVi 1)

Y
)?+st£

3.7. Adapted from Zakari et al. (2020) estimator

= X+n
lste = ysta( )

Xst+n

WhereRgp =

Where a is unknown weight
B(tse) =Y [(@ — 1) + ad?Vy, — adVy 4]
M(tse)=Y?%[(a — 1)? + a?V, o + (Bya?6? — 2a6?)V,y, + (2ad — 4a?86)V, 4]

1_8V1_1 +62V0_2
1+V2_0+362V0_2_4‘8V1_1

opt_

(1—8V1_1+82V0_2)2 ]

M(tge)min = Y2 |1 —
( St6) 1+V2‘0+352V0.2_45V1.1

4. PROPOSED ESTIMATOR

Following Pandy (1980) estimator we proposed an exponential ratio estimator in stratified

sampling
_ )? fSt )? - fst (41)
Tstp = 0—+(1-0)—= =
stp ystl fst-l- ( ) XlEXp [X‘i'fst

Where 6 is an arbitrary constant, whose optimal value is to be determined later

Expanding the right-hand side in terms of e, s neglecting the term having power greater than two

; X(1+e X-X(+e
Tstp = Y(l + eOSt) le + (1 _ 9) ( X lst)l exp[ ( 1St)

Tstp = Y(1+eps)[0(1 4 e150)™" + (1 = 0)(1 + eggp)]exp—ese (2 + e15) 7]
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+ ) +(1+e)—001+ elst)] exp [(_9151:)%(1 + 612“)_1]

2

v €1st
Tstp =V(1+ep) 01— e+ T

2

_ e 1 e el
Tsep = Y (1 + egse) [9 <_zelst + % + ) + (1 + egq) ] exp |:(_elst)5<1 - 125t + z—st + )]

2

e ez, e3
Tstp = Y(1+eps) [1-2e,40 + — Gist 0+e+-| exp|— 1st st st 4.
2 2 4 8
125t elst elzst
Tsep = Y(1 + eps) [1-2e140 + — > 0+ e+ | exp ( 2

e e?
Toep = V(1 + eqgr) [1 2e,5,0 + 12“ 0 +eyq + - ] [(1 - 12“ + gf 4. )( 1St )

2
€1st  C1st elst elst elst+
2 8 4

2
TStp = 7(1 + eost)< Zelstg + 9 + 615t+ ) <1 -

e? e 3e? Cner
Tstp Y <1 Zelste + 125t 0+e 1st+ > (1 - 125t + E:;St +e €ost — Ost2 1st +. )

Neglecting term of eg;’s having power greater than two, we have

= —40 + 1 , (120 -1 —460 +1
TStp = Y [1 + elst (—) + elSt (—) + eost + eOStelst (—) + ...]

2 8 2
Toop — YV =7 [1 — €15t (49_1) +efy (%) + €ost — €ostCist (ﬂ) + ]'7
Typ =Y =Y [_elst (49 1) + efst (12Z 1) + €ost — €ost€1st (ﬁ) + ] (4.2)
E(Tstp Y) EY [ €1st (46 1) +efs (%) + €ost — €ostCist (49 1) +- ]
L L
B(Tstp) (129 — 1) z W Cf%x - (462_ 1) Z thé‘hchxy‘
h=1 h=1

(4.3)

Squaring both side of equation (4.2) and neglecting term of eg,’s having power greater than two,

we have

N2 oy 40 —1\ , (120 —1 46 — 1 ?
(Tstp_y) =Y [_elst< 2 )+elst( ) >+eOSt_305telst( 2 >+]

S\2 oo 40 — 1 ) 1260 — 1 40 — 1
E(Tstp - Y) =Y“E [_elst (T) + €1st (T) + €ost — €ost€1st (T) + ...]

, (40 —1\? |
M(Tstp) = |€ost + ( 2 ) €1st — (4‘9 - 1)eOStelst

2126 Namita Srivastava et al 2121-2138



Journal of Computational Analysis and Applications VOL. 33, NO. 5, 2024

10.48047/jocaaa.2024.33.05.45

M(Tsp) = V7 [Vzo+(49 1) Voo— (46 — 1)V11] (4.4)

Differentiate equation (4.4) w. r.to 8 and equating to zero for obtaining the optimum value of 6,

The optimum value of 8 which makes the MSE in equation (4.4) minimum is given by,

0 2 _, 40 — 1\*
%M(Tstp) = %Y V2.0+< 2 ) Vo.z_(49 - 1)V1.1

O == 2(4‘6 - 1)V0_2 - 4V1.1

0 =1(2V11+1)

Vo.2

Putting the value of 8 in equation (4.4)

M(Tsp) = 7? [Vz.o V11) ] (4.5)

Vo2

5. THEORETICAL EFFICIENCY COMPARISON

In this section the proposed exponential ratio estimator were compared theoretically with other
existing estimator. Efficiency condition over some related existing estimators.

(1) The MSE of proposed exponential ratio estimator (Tg7p) is better than sample mean per unit
estimator (tg) if

MSEtg — MSETs, > 0

(V11)?
[Y Vll]_YZ[VZO _;12 ]>0
(V11)?
—>0
Vo2 (5.1)

QMSEtg, — MSETy, > 0
— V. )
Y2(Vyo + Voo — 2Viq) — [Vz 0~ U ] >0

Vo.2

2
[Vo_z - 2V1'1 + M] > 0
Vo.2
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(V1.1)?
Voo + Vo, > 2V (5.2)

(3)MSEtSt2 - MSETStp > O

_ 1 _ Vi 4)?
Y2 (Vz.o + Vo2 — V1.1) - Y2 |V - (t14) >0
4 VO.Z
1 (V11)?
ZVO'Z + Ve > Vi (5.3)

(4)MSEtSt3 - MSETStp > O

> > (V1.1)?
P2V50(1 = p2) = V?|Vyo - 25| > 0

e Vo2 5.4
1%
;—1 > p5iVa0
0.2
(BO)MSEtsy — MSETs, > 0
_ _ 2
Y2V,0(1 —p3) —Y? [Vz.o - L ] >0
Vo.2
(V11)? )
—;1 > p&Vao (5:3)
0.2
(60)MSEtss — MSETs, > 0
S92 2 52 (V1.1)?
Y*(Vao + R5pVo2 — 2RspVi4) =Y [VZ-O T Voo ] >0
(V11)?
RépVo2 + > 2RspV14 (5.6)
0.2
(7) MSEtse6 — MSETsp > 0
_ _ 2 2 _ 2
Y2 1 _ (1 5V1.1;'5 VO.Z) ] _ YZ [VZ.O _ (Vl.l) ] > 0
1+V20+36 V0‘2_4’5V1_1 VO.Z
(Vl 1)2 (1 - 5V02 + 62V1 1)2
1 — > : ' |4
* Voo ~ 1+ V,+382V,, —46V,, T Va0 (5.7)

Under the condition derived above proposed estimator proves to be more efficient than the existing
traditional estimator.

6. NUMERICAL ILLUSTRATION
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To illustrate numerical meaning of the theoretical results, the following real data sets are

considered as:

Population: 1 Here we use the data given in Shabbir and Gupta (2011) to illustrate the properties
of the estimators proposed in the present study. The data statistics consisting mainly of population

parameters are shown in table 1, while table 3show PRE and MSE of the estimators.

_ V(toy)

PRE =
MSE(.)

100

y: Level of apple production

x: Number of apple trees in 854 villages of Turkey in 1999. Total sample size n= 140

Table (6.1) parametric values of the population (1)

Population | Stratum 1 Stratum 2 Stratum 3 | Stratum 4 Stratum 5 Stratum 6
N=854 N; =106 N, =106 N; =94 | N,=171 N5 = 204 Ng =173
n=140 n, =9 n, =17 n; = 38 n, = 67 ns =7 Ng = 2
Y =29.30 Y,=15.37 ¥,=22.13 ¥;=93.84 | ¥,=55.88 ¥:=9.67 Y,=4.04
X =381.95 | X,=243.76 X,=274.22 X;=724.1 | X,=773.65 Xs=264.42 Xc=98.44
0
Cx1=2.02 Cyr,=2.10 Cy3=2.22 | C,y=3.84 Cys=1.72 Crs=191
C1y=4.18 Cyy =5.22 Csy Cyy =5.13 Csy =2.47 Cey = 2.31
= 3.19
- W;=0.1241 W,=0.12412 W5=0.11 W,=0.20023 | W;=0.23867 We=0.20258
2 007
- pp =082 | p,-0.86 p3-0.90 04=0.99 ps=0.71 Pe=0.89

Population: 2 The second population, is taken from the Census of India 2011(Uttar Pradesh ,
Series 10, Part 12B and District census hand book, AGRA).

Email: dco-utp.rgi@censusindia.gov.in and Website: http:/www.censusindia.gov.in

The considered data relates to total area of 45 villages of Khandauli block at Agra districts (U.P).
We consider the numbers of Agricultural laborers in villages as study variabley and the total area

of villages as auxiliary variablex

We divided the whole population of 45 villages is divided in to 5 strata according to the Area.

Accordingly, we have:

2129 Namita Srivastava et al 2121-2138


mailto:dco-utp.rgi@censusindia.gov.in

Journal of Computational Analysis and Applications

VOL. 33,NO. 5, 2024

10.48047/jocaaa.2024.33.05.45

Strata Area in Hectare

1 (1-4400) (21 Villages)

2 (4400-8400) (10 Villages)
3 (8400-12400) (6 Villages)

4 (12400-16500) (5Villages)
5 (16500-20900) (3Villages)

Table (6.2) parametric values of the population (2)

Population Stratum 1 Stratum 2 ‘ Stratum 3 Stratum 4 Stratum 5
N =45 N; =21 N, =10 N; =6 N, =5 N =3
n =23 n, =10 n, =5 n, =3 n, =3 n,=2
Y =173.508 | ¥;=112.09 ¥,=175.9 Y;=149.83 Y,=232.2 Y;=545
X =46337 | X;=196.4 X,=413.411 X;=672.33 X,=844.26 X;=1445.97
W,=0.467 W,=0.23 W,=0.14 w,=0.12 W5=0.067
Si,=13172.99 S3, =17740.32 535,=9496.96 Siy=16815.95 SZ, =216549

52.=6707.41

S2,=2483.022

S2,_6053.912

S2,=1287.989

SZ,=161529

S1.y=2867. Spxy =202.84 Saxy =554.05 Saxy=-3291.6 Sexy =123496.7
C1=0.1767 C,,=0.1075 C,3=0.1679 C.,=0.077 C,s=0.867
C1,=0.6614 Cpy =0.767 C3,=0.5616 C4y=0.7473 Cs,=2.6819
Table (6.3) MSE and PRE of Estimators for Population (1)

S.No Estimators MSE PRE
1 tsro=V (tost) 185.23 100
2 torn 59.85 309.47
3 tora 98.23 188.57
4 tors 57.82 320.35
5 toea 57.82 320.35
6 tors 149.81 123.64
7 tore 72.07 257
8 Toip 57.82 320.36

Table (6.4) MSE and PRE of Estimators for Population (2)

S.No Estimators MSE PRE
1 teo = V(tose) 469.66 100
2 tor 411.15 114.22
3 tors 432.24 108.65
4 tors 406.04 115.67
5 toea 406.04 115.67
6 tors 425.79 110.30
7 tere 407.23 115.32
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8 Tor 406.03 115.67

From the above table (3), (4) it can be easily seen that the proposed estimator for both population

demonstrated high relative efficiency over existing related estimators.

7. SIMULATION STUDY: Simulation study is carried out for the comparisons of results for
large sample properties of the estimator. We generate three artificial populations of size 500 each
from a bivariate normal population with the parameters specified in Table No (7.1) using R

software. Therefore, a stratified population of size N = 1500 is generated for further computation

Table (7.1) parametric values of artificial population

Ny Np Shy Phxy Shx
N; =500 n, = 200 S1y = 4.8 Pixy = 0.5 Six = 4.5
N, =500 n, = 300 Sy = 4.8 P2xy = 0.7 Sox = 6.5
N; =500 ns = 400 S3y = 4.8 P3xy = 0.9 S3, = 8.4
N = 1500 n =900

We calculated MSE and PRE of existing estimators and proposed estimator by following formula.

500 % _ )2 .
MSE = %Where Vi = torg) tSty wreone o tstig, LSEPY wr oo e tstys
PRE( ;) = 25EWsw0) 5 100 Where i = 1,2,3, ... ....10
MSE (ts¢;)
PRE( ;) = 25EUsto) 100 Where i = 1,2,3, ... ....13
' MSE(tstpi)

Table (6.2) MSE and PRE of Estimators

S.N Estimators MSE PRE

1 tseo=V (tost) 0.00434 100

2 tst1 0.00117 370.94
3 tse2 0.0025 173.6
4 tse3 0.0026 166.92
5 tsta 0.0026 166.92
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6 tors 0.00117 370.94
7 tore 0.0025 173.6
8 Loty 0.000996 435.74

Above table shows that proposed estimator (tstp) has higher efficiency in comparison of other

estimatorS(tstl'tstZ, tSt3! tst4; tStSJ tStG) available in litlature.

7. CONCLUSION In this paper we proposed exponential ratio estimator in stratified sampling.
The proposed estimator provides a flexible and efficient alternative to existing estimators. The
conditions under which the proposed estimator has less mean square error in comparison to the
other considered estimators are obtained. The performance of the proposed estimators was
evaluated through a numerical study, simulation study, which demonstrated the superiority over

the other commonly used estimators in terms of mean square error.
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APPENDIX

R Code for simulation study

install.packages("moments")

library(x1xs)

N1<-500; N2<-500; N3<500

nl1<-c(200, 300, 400)

d1<-0.003;d2<-0.001;d3<-0.0005

n<-900;N<-1500

WI1<-N1/N;W2<-N2/N;W3<-N3/N;
ryx1<-0.5;ryx2<-0.7;ryx3<-0.9

Sy1<-4.8;Sy2<-4.8;Sy3<-4.8

Sx1<-4.5;Sx2<-6.5;Sx3<-8.4

yl<-rnorm(N1,1.5,4)+50

y2<-rnorm(N2,1.5,4)+100

y3<-rnorm(N3,1.5,4)+150
x11<-15+sqrt(1-ryx172)*rnorm(N1,0.3,1)+ryx1*(Sx1/Sy1)*y1
x12<-100+sqrt(1-ryx2”2)*rmorm(N2,0.3,1)+ryx2*(Sx2/Sy2)*y2
x13<-200+sqrt(1-ryx3”2)*rnorm(N3,0.3,1)+ryx3*(Sx3/Sy3)*y3
Dfl<-cbind(y1,x1);Df2<-cbind(y2,x2);Df3<-cbind(y3,x3)
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Myl<-mean(Df1[,1]);My2<-mean(Df2[,1]);My3<-mean(Df3[,1])

Mx1<-mean(Df1[,2]);Mx2<-mean(Df2[,2]);Mx3<-mean(Df3[,2])

S yxll1<-cov(x1l,yl);S yx12<-cov(x12,y2);S yx13<-cov(x13,y3)

Ybar<-W1*My1+W2*My2+W3*My3

Xbar<-WI1*Mx1+W2*Mx2+W3*Mx3

cvyl<-Syl/Myl;cvy2<-Sy2/My2;cvy3<-Sy3/My3

cv1x<-Sx1/Mx1;cv2x<-Sx2/Mx2;cv3x<-Sx3/Mx3

cvlxy<-S yx11/Mx1*Myl;cv2x1y<-S yx12/Mx2*My2;cv3x1y<-S yx13/Mx3*My3

MSEt<-NA;yst<-NA;xst<-NA;mst<-NA;Yst<-NA;tstO<-NA;tst <-NA;tst2<-NA;tst3<-
NA;tst4<-NA; tst5<-NA; tst6<-NA ;tst7<-NA; tst8<-NA; tst9<-NA; tstpl<-NA;tstp2<-
NA;tstp3<-NA;tstp4<-NA;tstpS<-NA;tstp6<-NA;tstp7<-NA;tstp8<-NA;tstp9<-NA;tstp 1 0<-
NAtstpl I<-NA;tstpl1 2<-NA;tstpn1 <-NA;tstpn2<-NA;tstpn3<-NA; tstpnd<-NA; tstpn5<-NA;
tstpn6<-NA; tstpn7<-NA; tstpn8<-NA;v tstpn9<-NA; tstpnl0<-NA;tstpnl1<-NA;tstpnl2<-
NA;tstpn13<-NA;tstpn0<-NA;mSEY<-NA;mSEtp<-NA;tst0<-NA;y1 I <-NA;y22<-NA;y33<-
NA;sx11<-NA;sx12<-NA;sx13<-NA;sx21<-NA;sx22<-NA;sx23<-NA;sx31<-NA;sx32<-
NA;sx33<-NA;mSEt1<-NA;mSEt2<-NA;mSEt3<-NA;mSEt4<-NA

y11s<-NA;y22s<-NA;y33s<-NA;sx11s<-NA;sx12s<-NA;sx13s<-NA;sx21s<-NA;sx22s<-
NA;sx235<-NA;sx315<-NA;sx32s<-NA;sx33s<-NA

cvI1<-NA;cv12<-NA;cv13<-NA;cv21<-NA;cv22<-NA;cv23<-NA;cv31<-NA;cv32<-
NA;cv33<-NA

b2st1<-NA;b2st2<-NA;b2st3<-NA;blst1<-NA;b1st2<-NA;b1st3<-NA;cst1<-NA;cst2<-
NA;cst3<-NA;

for (i in 1:500) {
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ml<-c(sample(1:500,200,replace=F))

m2<-c(sample(1:500,300,replace=F))

m3<-c(sample(1:500,400,replace=F))

mal<-Dfl[ml,]

head(mal)

ma2<-Df2[m2,]

head(ma2)

ma3<-Df3[m3,]

head(ma3)

maal<-as.data.frame(mal)

maa2<-as.data.frame(ma?2)

maa3<-as.data.frame(ma3)

yl1[i]<-mean(maal$y1);y22[i]<-mean(maa2$y2);y33[i]<-mean(maa3$y3)

sx11[i]<-mean(maal$x11);sx12[i]<-mean(maa2$x12);sx13[i]<-mean(maa3$x13)

y11s[i]<-sd(maal$y1);y22s[i]<-sd(maa2$y2);y33s[i]<-sd(maa3$y3)

sx11s[i]<-sd(maal$x11);sx12s[i]<-sd(maa2$x12);sx13s[i]<-sd(maa3$x13)

cvl[i]<-sx11s[i]/sx11[i];cv12[i]<-sx12s[i]/sx12[i];cv13[i]<-sx13s[i]/sx13]i]

cvll[i]<-ylls[i]/y11]i];cv22[i]<-y22s[i]/y22[i];cv33[i]<-y33s[i]/y33[i]

bl1[i]<-skewness(maal$x11);b12[i]<-skewness(maa2$x12);b13[i]<-skewness(maa3$x13)
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b21[i]<-kurtosis(maal$x11);b22[i]<-kurtosis(maa2$x12);b23[i]<-kurtosis(maa3$x13)

rl[i]<-cor(maal$x11); r2[i]<-cor(maa2$x12); r3[i]<-cor(maa3$x13)

blst[i]<- bl 1[iJ*W1+b12[i]*W2+b13[i]*W3

b2st[i]<- b2 1[i]*W 1+b22[i]*W2+b23[i]*W3

rst[i]<-r1[i] *W 1+ r2[i] *W2+ r3[i] *W3

est[i]<-ev1 1[i]*W1+ev12[i]*W2+cv13[i]*W3

yst[i]<-W1*y11+W2*y22+W3*y33

Existing estimator and their MSE

msEt[i]<-(yst[i]-Ybar)"2

xst[i]<-W1*sx11+W2*sx12+W3*sx13

tst1<-yst[i]*( Xbar/ xst[i])

mSEt1[i]<-(tst1[i]-Ybar)*2

tst2[1]<- yst[1]*exp( (Xbar- xst[1])/ (Xbar+ xst[1]))

mSEt2[i]<-(tst2-Ybar)"2

tst3[i]<- yst[1]*+bst*(Xbar - xst[i])

mSEt3[i]<-(tst3-Ybar)"2

tstA[i]<- yst[i]*(t*( (Xbar / xst[i]) a+(1-t)*( xst[i}/ Xbar))

mSEt4[i]<-(tst4-Ybar)"2

tstS[i]<- yst[1]*( (Xbar + cst)/ ( xst[i]+ cst))
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mSEt5[i]<-(tst5-Ybar)"2

tsto[1]<- yst[i]*a*( (Xbar + n)/ ( xst[i]+ n))

mSEt6[1]<-(tst6-Ybar)"2

#H####Proposed estimator#####

Forf = 1/4*(2*(1-(W172*d1*S_yx11/Ybar*Xbar)+(W2/2*d2*S yx12 /Ybar*Xbar)+
(W372*d3* S yx13/ Ybar* Xbar))/( (W172*d1* Sx172/ Xbar*2)+ (W2/2*d2* Sx2"2/ Xbar*2)+
(W172*d1* Sx12/ Xbar"2))+1)

HiHt#H# proposed Estimator#####

Tstp[i]<-yst[i]*(t*(Xbar/xst[1])+(1-t)*(xst[i]/Xbar))*exp( (Xbar- xst[i])/ (Xbar+ xst[i]))

mSETstp[i]<-(TstpO0[i]-Ybar)"2

####MSE and PRE of the estimatos#####

MSE1<-mean(msEt);MSE2<-mean(mSEt1);MSE3<-mean(mSEt2);MSE4<-
mean(mSEt3);MSE5<-mean(mSEt4);MSE6<-mean(mSEt5);MSE7<-mean(mSEt6);

MSETstp<-mean(mSETstp[i])

prel<-(MSE1/MSE2)*100;pre2<-(MSE1/MSE3)*100;pre3<-(MSE1/MSE4)*100;pre4<-
(MSE1/MSE5)*100

; pre5<-(MSE1/MSE6)*100; pre6<-(MSE1/MSE7)*100

prelp<-(MSE1/MSETstp)
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