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Abstract

Calibration technique is becoming more important in sample survey. Calibration estimation helps in improving the estimates of population
parameters by making use of auxiliary information. This paper proposed a new calibrated estimator for estimating the population mean in
stratified random sampling with a set of new calibration constrains using known coefficient of variation of the auxiliary variable. A new
improved calibration weights are derived by using constraints with coefficient of variation of the auxiliary variable in addition to the constraint
utilize by Tracy et al. (2003). An empirical comparison of the suggested estimator is carried out by using an artificial population to compare the
result of the proposed method.
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1. INTRODUCTION

Calibration estimation can be defined as a method of adjusting weight in survey sampling in order to estimate population parameters
with the help of auxiliary information. The definition of calibration is given by Devill and Sarandal (1992) in the paper “Calibration
estimators in survey sampling”. There are many studies which make improved calibration techniques for estimating population
parameters such as kim et al. (2007), Singh and Arnab (2011) etc. In the stratified random sampling, calibration approach is used to
get optimum strata weights. Tracy et al. (2003) and Kim et al. (2007), Singh and Arnab (2011), Koyuncu and Kadilar (2013) etc.
suggested new calibration estimators in the stratified random sampling. This work proposes a new calibration estimator for
estimating population mean with the set of new calibration constraints by using coefficient of variation.

2. Notations defined in Calibration Estimation

Consider a finite population of size N be divided in to L homogenous subgroups called strata, with the /-th stratum containing N#
Units, where 4 = 1,2, ... ... L andY:_, N, = N.

A sample of size n; is drawn using simple random sampling without replacement (SRSWOR) from the Ath stratum such
thatyk_, n, = n.

The sample and population mean of study and auxiliary variable arey, = niZ?z"l yui and ¥, = NLZ?ZH ¥y respectively. The sample
h h

. s . _ i S Xni . . .
and population mean of auxiliary variable are X;, = Z?zhl% and X, = Z?’z"lf respectively. The sample population variance of
h h

Nj, (Xpi=Xp)?

e . Xpi—%)?
the auxiliary variable are s2, = Y. Cn=” g Sk =X g
-

S — respectively. The sample and population coefficient of
i

oy . . = s . .
variation of the auxiliary variable are c,;, = s;,/X), and Cy; = %respectlvely. Where s, and S, are the sample and population
h

standard deviation respectively.

The classical unbiased estimator of population mean in stratified random sampling is given byys, = Y 5_; W3, 2.1
Where W), = % is the stratum weight, which are obtained through the minimization the distance function given in (2.2) subject to
different calibration constraints.

(Q—wp)?
Tho, B 22)

Where Qare the calibrated weights.
3. Some Existing Calibration Estimator For Stratified Sampling Population Mean

Different calibration estimators have been proposed in literature for estimating the population mean of a stratified sampling using
the auxiliary variable. Some of the calibration estimators are reviewed below.
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3.1 Tracy et al. (2003)

The calibration estimator for the stratified random sampling is defined by Tracy ef al. (2003) as
Vst (Tr) = Xji1 Q% J

Where Q, are the weights minimizing the chi-square distance function

ZL (Q—wp)?
h=1"qw,

And the calibration constraints are given in equation (3.3) and (3.4)

Yiiz1 %y = Yioa WX,
22‘:1 thgx = 215:1 WhSth
The proposed estimator by Tracy et al. (2003) is expressed as:

Ve (Tr) = Yo Wiy, + Bl(Tr) Ch=a W (X, — %)) + BZ(TT) Ch=a Wi (SE — sE))
Where,

5 Chz1 QWisii) Chieys Wi Qi 71) — (Zie1 QW57 (B 1y WaQiSi V)

.31(Tr) = _ _ 2
=1 QUWisi) Tzt QuWii}) — Tzt QuWiZisiy)
Borey = X1 QW33 (Bji=1 WiQuSit Vi) — =1 QuWiEiSine) (B Wi Qn %)
2(Tr) — _ _ 2
(Th=1 QW) Blioy UuWiEE) — (Zhy QuWiTisiy)
3.2 Nidhi et al.(2007)

The basic unbiased estimator of stratified random sampling is defined as
Vstn) = L=t i I
Where Q, are the weights minimizing the chi-square distance function

L (@=wp)?
Li=1 QW

And the calibration constraints are given in equation (3.8) and (3.9)

i1 Xy = Yioy WX,
Z£=1 0,=1

The proposed estimator by Nidhi et al. (2007) is expressed as:

L L
Vstv) = Zh_lwhl_’h + By <Zh_1Wh(Xh - m)

Where,

by = [(Z/’Jﬂ W3,Q1) Tl Wi Q1% 51) — iy W30 %) (X Wi Q151)
N Clima WhQiE2) iy WiQ1) — By Wi Q4 %,)?

3.3 Nursel Koyuncu et al. (2015)

They introduced a new calibration estimator in stratified random sampling which is given as
Vst = 2h=1 PiVn

Where ¥, are new calibration weights minimizing chi-square distance function

L (T=wp)?
L= W),

And the calibration constraints are given in equation (3.12), (3.13) and (3.14)

3.1)

(3.2)

(3.3)
(3.4)

(3.5)

(3.6)

(3.7)

(3.8)
(3.9)

(3.10)

(3.11)
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Y Uik, = Yo Wi,
22=1 “PhS;%x = 22=1 thhzx
Zé:1 ¥, = 22:1 W,

The proposed calibrated estimator by NurselKoyuncu (2015) is expressed as

L L L
Vsevk) = Zh—l Wi + Biwi [Zh_lwh(xh = X)) + Bk [Zh_IWh(Shzx — i)l

Where betas are given by

) Ay - A
Bivky = 5 Baiey = 5

Where,

a= (X o3 om) (3 omst)- (3 omst,) |

_( :ZlQhWhS;%xl_’h) [( :lehWhS;fxfh) (ZzlehWh)—< :lehthh)< :ZlQhthgx)]
+( L QhWh}_’h) [( L QhWhS}?x)( L QhWhS}%xfh)_( L Qhthh) (zzlehthfx)]

h=1 h=1 h=1 h=1

L

As = ( :lehthh)_’h> [( hlehthh)< :lehthfx) - (z;lQhWh> <Z:=1Q;1thfxfh>]
+ ( :lehthlfxy’h) [(Z:lehWh) ( :lehthf) - ( :lehthh) ]

+ ( :lehWhyh) [( :lehthh) ( :lehWhS/fxfh> - ( :lehth;f) (ZzlehWhS;%x)]

3.4 Rao et al. (2016)

They developed two different calibration estimators given as

}_’st(R1) = Zi=1 Q1Y
}_’st(Rz) = Zi=1 Q2 ¥

Where Q,,; and Q,, are the new weights obtained by minimizing the chi square distance function

ZL (R
h=1 QW)

ZL (Qiz—Wp)*
h=1"" q,w,,

Andthe calibration constraints are given in equation (3.19) and (3.20)

Z§=1 Q1 (% + ) = L= Vl/h()?h + Cx)
h=1 21 + X + ) = L=t Wi(1 4 X), + Co)

The two calibrated estimator proposed by Rao et al. (2016) are:

L L L
Yst(ry) = Zh_lwhyh + ﬁ1(R)[Zh_1Wh(Xh + Che) — Zh_lwh(fh + Cix)

L L L
Vstr2) = z]_lvl/h)_’h + ﬁz(R)[Zh_lwh(l + X), + Cpy) — Zh_lwh(l + X%, + i)

Where,

from = Yhea W Qi (%), + Cix)
MO B W0, + 0n)?

(3.12)
(3.13)
(3.14)

(3.15)
(3.16)

(3.17)

(3.18)

(3.19)
(3.20)
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) _ Bk Wiy 47+ )
Bar) =

Y WiQu (1T, +cpy)?

3.5 Sisodia et al. (2017)

They introduced a calibration estimator is given as

Vsts) = L=t In

Where Q,, are the new weights obtained by minimizing the chi square distance function

L (@—wy)?
Li=1 Wy,

And the calibration constraints are given in equation (3.23) and (3.24)

Zi:l VVh =1 _
i1 %, = Xy WX,

The calibrated estimator proposed by Sisodia et al. (2017) is expressed as:
L ~ -—
7= ) Wil + As(%y = %)]
Where,
fo = [(Zﬁﬂ W, Q% 31) L= Wi Q1) — iy Wi Q4 3) (Bi=1 W3, Q4 %)
° Zhies Wi Q%) By WiQn) — ey WiQi )

3.6 Ozqul (2018)

They developed a calibrated estimator is given as
Vst0) = Zi=1%
Where Q,, are the new weights obtained by minimizing the chi square distance function

(Qp=Wp)?
QWi

Ziiza
And the calibration constraints are given in equation (3.27),(3.28) and (3.29)
YWy =1 _
Yiier QX = i WX,
Yii=1 QuChyx = Xjiz1 WiChx
The proposed estimator by Ozqul (2018) is expressed as:
L ~ —_— ~
Vst(0) = Zh_l[}_’h + Bicoy(Kn — %) + B0y (Chx — 1))
Where,

) Y1 5] Y2
= Zand, = Iz
31(0) - an ﬁz(o) 11

n=(0 waen) (X waee) (. wasa)- (Y wem) (Y wad)]

h=1 h=1 h=1 h=1

::1Wthfh37h) [(Z:leth>< ::1WthChzx> - ( ::1WthChx)2]

’ WthChxyh)[( '

+

+

N N

h=1Wthfh) ( :=1WthChx) - (Z;lWth) (Z;lthhthhx)]

h=1

(3.21)

(3.22)

(3.23)
(3.24)

(3.25)

(3.26)

(3.27)
(3.28)
(3.29)
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Y2 = (Z:=1Wth37h> [( :=1Wthfh) ( :=1Wththhx) - (Z:lethchx) (2::1Wthff>]
+ (Z:zlthhfh}_/h) [( :zlthhJ?h) <Z;L,:1WthChx) — (Z:leththhx> (Z:leth>]
L L

+(2 wioien) [(Z:zlwhoh)( :zlwhohf,f)—( hlethfh)z

n= (Z:=1 th) (Z:=1 thf}%)( :=1 thC}?x) B (Z:=1 th)( :=1 ththhx) B ( :=1 thf}?) (Z:=1 thChx)
2
+

2

L L

L L L
- ( WthC}?x> ( Wth@) 2 ( Wth@) < WthChx> < WhQﬂh%x)
h=1 h=1 h=1 h=1 h=1
3.7 Alam et al. (2019)
The calibration estimator of finite population mean is defined as
Fsean) = Zhaa W3 (3.30)
Where Wh(l) is the new calibrated weight obtained by minimizing the new distance function
1@ (Wh(l)_Wh)z L L W(l) W W(l) W 3 31
52h=1w+2h=12h¢h’=1( T h)( a h’) @.31)
The calibration constraints is given in equation (3.32)
Y wV%, =X (332)
The first proposed calibrated estimator is given as
L ) 3 L
Vstar) = Z WYy + Broan (X — Z W,x;,)
h=1 h=1
Where,
L WhQnZy1)

Broan = 2i=1"3-wyq

1An L (WaQuij)

h=1"1-w,q)

Similarly, the second calibration estimator of finite population mean is defined as
stz = Thea W5, (3.33)
Where M(Z) is the new calibrated weight obtained by minimizing the new distance function
R U/ MR @ @ 4
22h=1 o+ e (W = w) (Wh' - Wh') (3.34)
The calibration constraints is given in equation (3.35) and (3.36)
o w? =3k, w, (3.35)
Y w %, =X (3.36)

The second calibrated estimator of finite population mean is defined as

L L
Vst(az) = Zh—l W,V + Baazy(X — Zh_lwhfh)

Where,

L WhQnXn¥n\ vL WnQh L WhQnXp L WnQn¥h
Shes (Tmat) Bhea (i rer) = Zhes ((2052) Zhea (32021)

1-W3Qp 1-W;Qp 1-W3Qp 1-W;Qp

: )
L WiQn ) L (Wthxﬁ) _ ( L (Wthxh))
-1 (1—Wth i1 1-WjQp -1 1-W;Q;

ﬁz(Az) =
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3.8 Garg and Pachori (2019)
The developed calibration estimator expressed as
Vst6) = Lii=1 4 Vi (3.37)

Where Q,, are the new weights obtained by minimizing the chi square distance function

L @=wy)?
B Qo (3.38)

The calibration constraints are given in equation (3.39) and (3.40)

Y Q= Yk W,(3.39)
Y Qe = TE W Gy (3.40)

The proposed estimator by Garg and Pachori (2019) is expressed as:

L L
Vste) = z}_l Wi + B [Z}_lvvh(chx — Cix)
Where,

froy = Ch=a WiQ) Clica Wi, Qi) — et Wi Qi) X1 Wi Q1 71)
© oy WiQuct) oy WiQ1) — (Thy WiQ4Chn)?

3.9 Alam and Shabbir (2020)

The basic unbiased estimator of stratified random sampling is defined as
Vsecas) = Li=1 2 Vi (3.41)
Where Q;, are the weights minimizing the chi-square distance function

L (©@=wp)?
Yier gy (3.42)

The calibration constraints are given in equation (3.43) and (3.44)

Vi1 QuFy = Tica Wi Xy (3.43)
Yhie1 (%), = Xy WiR (X)), (3.44)

The proposed estimator by Alam and Shabbir(2020) is expressed as
L
Vstcas) = Zh—1Wh [7 + Bacas) X — %) + Bacas)(R(x), — 7(x),)]

Where,

Q= Wi Q1% 51) iz Wi Q17 (O7) — (B Wi Q17 7)) Ci=y Wthf(x)h)]
G W0 xA) Ch—y W07 (x)2) — (Bkoy W,Q,,%, T(x))?

_ [(Ziﬂ W, Q17 7)) Cfiey Wi QiX7) — iy Wi Q1% 73) iy Wi Q0% 7(x)),)
Choa W@ x) Choy Wi Q7 (0)2) — (Xhoy W, Q5% 7(x),)?

3.10 Oluwagbenga T. Babatunde et Al. (2022)

Bl(AS) = [

ﬁZ(AS)

They introduced a calibration estimator for population mean of a stratified random sampling in the presence of outlier in the
auxiliary variable is given as

Vseany = Liim1 4 Vi (3.45)

Where Q, are the weights minimizing the chi-square distance function

(Qp=Wp)?
QWi

Yi=1 (3.46)
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The calibration constraints are given in equation (3.47) and (3.48)

i1 = Xioa W, (3.47)
Yher Qymy, = Xfioy Wi M, (3.48)

The proposed calibrated estimator is given as
L ~
}_’st(M) = Zh_lwh [yh + ,BM (Mh - mn)]

Where,

s [(22=1 W3, Qumy,5) Xl Wi Q1) — Xy Wi,Q15) iy Wi Qimy,)
M Choa WhQmi) (Bh—y W,Q5) — (Xji—y W,Qmy,)?

4. The proposed estimator

Following Tracy et al. (2003), we introduced a new calibration estimator as given by

Vse(NT) = 22=1 Q;, Y 4.1)
Where the calibrated weights 2;,, # = 1,2,---, L are chosen to minimize the chi-square distance function given as

(Qp—Wp)?
QW

Zi=1 (4.2)

To get the reasonable weights we have consider following calibration constraints in stratified random sampling:

L L
> Qe = ) Wik, (43)
h=1 h=1

Zfr=1 thi%x = Zllel thhzx (4-4)

Here c,;, = S),/%, and Cyj, = S),/X,, are the h-thstratum sample and population coefficient of variation of the auxiliary variable,
respectively.

The langrange function is given as

(Q—wp)?
L= T =g = 220 (Eho Q= B WiCi) = 222 (Bhs Qusie = Zhoa WaSH) (435)

Where A; and 4, are the langrange’s multiplier to find the optimum value of Q.
Now, differentiate the eq. (4.5) with respect to 2, and equate to zero.

A 2(Q, — W,
= M — 21 ¢ — ZAZS/?JC

09, W,
(@, —wWy)
o T Ayeyy — ApsE, =
QhWh 1Cxh 2Shx 0
Q, = Wy, + QW,(Aicy, + Az87) (4.6)

Substituting the weights (2, in (4.3) and (4.4),we have

A Xhica WiQuc + Ay Yoy WiQuCanSine = Xy WiCxi — Yy Wi 4.7
/11 215:1 WththS;%x + /12 Zﬁ:l WthS;x = 215:1 WhSth - Zé:l thgx (4~8)

Now from eq. (4.7) and (4.8)
Yica WiQicty,  Xiea WththSfx] /11] _ [Zﬁﬂ W,,Cxpp — X1 WiC 4.9)

L 2 L 4 - L 2 L 2
Yica WiQuCanSine  Tiea WiQiSie | 142 =1 WiSize — Zii=1 WiSiix
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A — [(Z;{=1 Wthsl‘qu)(Z;;=1 Wh(CXh_th))_(Z;[=1 Wththsl?x)(Z;;=1 Wh(sl?x_sffx))]
- 2
[ Wh@ned,) (Bhoy Wa@neZ,)~(Shey (WaQncxnst) )|

[ WiQ1c2) iy Wi (SPe — si)) — i WiQiCanSi) iy Wi (Cxp — € ))]

A =
2 [T W3,Qucanst) Ok WiQusihy) — Gk i (WyQucasE) D]

Substituting the weightsQ,,, the estimators (4.1) is

L
L

L
T (V1) = > Wiy + Bruny | ) WiCoi = ) | + Baun (Z Wi(SE, —sﬁ))
h=1 h=1

{h=1}
Where,
Browrs = (Bh=1 QuWiSi) Biim1s Wi QuCan¥n) = (Zii=1 QuWiCxnSive) B=1 Wi QuSioa V)
1(Nr) — 2
Yiic1 QuWisii) By QW) — (Xiiey QuWiCanSie)
Bam = =1 QW) Bieas Wi QuSine V1) = (=1 QuWiCsnSine) (Bi=1 Wi QnCxi )
2(Nr) —

Y QuWist) (Th_y QuWic2) — Tk, QuWicusZ)’
5. Simulation Study

To study the performance of the proposed estimator a limited simulation study has been carried out with four different artificial
generated populations. The population given in Tracy et al. (2003) and Nurselkoyuncu(2015). Where X,; and y,; values are form
different distributions.The populations given in Table. 1(Appendix 1).

The correlation coefficients between study and auxiliary variables for each stratum taken as pyyq = 0.5, pyyp = 0.7, 043 =
0.9respectively. The quantities S;, = 4.5,5,, = 6.2,53, = 8.4andSy,,, S, ,S3, = 4.8 were fixed in each stratum. All four
population consist three strata having 5 units, the sample of size n;, = 2,3,4 units are drawn from each stratum. This process have
been repeated 500 time independently that is 500 samples of size 2,3,4 units have been drawn from each stratum from given
population. The MSE of Tracy’s estimator and the proposed estimator is given by the formula

SO0 5 (@) — 7]

= k=1
MSE (Js:(a)) = (500) ,a =Tr,Nr
MSE (y5.(Tr)
PRE = # * 100
MSE (75, (N1))
Table 1. The PRE of proposed estimator in comparison of Tracy’s et al.
Population Empirical MSE Empirical MSE PRE
J_/S[(Tr) }_/St(Nr)
I 21325941 16773078 127.143
11 1319504 1043659 126.430
1T 55131925 46055246 119.708
I\ 9106657 7630231 119.349

Form the above Table 3 it is clear that the proposed estimator is more efficient then Tracy et al. (2003) for given generated
populations.

6. Conclusion
In this work, a new calibrated estimator is proposed to estimate the population mean in stratified random sampling. A simulation
study has been performed to compare the efficiency of the suggested estimator. In the simulation study, we consider four

populations and calculate the estimators from all possible samples. The empirical study performed by using R code (Appendix 2).
The result shows that the suggested estimator is more efficient than Tracy et al. (2003).
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APPENDIX
Appendix 1
Table 1. Parameters and distributions of study and auxiliary variables
. Parameters and distributions of the study Parameters and distributions of the auxiliary
Populations . ‘
Variable variable
1. Population o 1 5-1 N 03-1 i,
h=123 fOm) = Fgyom” ™ f @) = Fozy *ni '
2. Population ey L 03-1,-y;, A
h=123 fOn) = 703 Yo e n flxp) = Ee 2
3. Population . 1 v . 1 ¥0.3—1 .
I})'L =123 fm) = Nz fxn) = r03) Xni’ ni
4. Population oy 1 oy 1 %%
h=123 fm) = N fxn) = =t

Table 2. Properties of strata

Strata Study variable Auxiliary variable

* * 51 *

1. Stratum Y1 =50 +y5; xy; =15+ ’(1 — Pry1) %1 + Pxy1 <51_x> Y1i
y

* 2 * SZX *

2. Stratum Y2i = 150 + y3; xy; =100+ [(1— pxyz)le- + Pxy2 g Vi
y

_ * _ 2 * S3x *

3. Stratum y3; = 100 + y3; x3; =200+ |(1 = pgy3)x3; + Pays3 g Vi
y

Appendix 2

N1<-5;N2<-5;N3<-5;

N<-15
S1x<-4.5;S2x<-6.2;S3x<-8.4
S1y<-4.8;S2y<-4.8;S3y<-4.8
r1<-0.5;r2<-0.7;r3<-0.9
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Q<-1;WI<-N1/N;W2<-N2/N;W3<-N3/N;

n<-¢(2,3,4)

yl<-rgamma(N1,1.5,1)+50

y2<-rgamma(N2,1.5,1)+150

y3<-rgamma(N3,1.5,1)+100

x1<-15+sqrt(1-r1"2)*rgamma(N1,0.3,1)+r1 *(S1x/S1ly)*y1
x2<-100+sqrt(1-r2"2)*rgamma(N2,0.3,1)+r2*(S2x/S2y)*y2

x3<-200+sqrt(1-r372)* rgamma(N3,0.3,1)+r3*(S3x/S3y)*y3
Mx1<-mean(x1);Mx2<-mean(x2);Mx3<-mean(x3)

My l<-mean(yl);My2<-mean(y2);My3<-mean(y3)

CX1<-S1x/mean(x1)

CX2<-S2x/mean(x2)

CX3<-S3x/mean(x3)

Mys<-W1*My 1+W2*My2+W3*My3
datl<-cbind(y1,x1);dat2<-cbind(y2,x2);dat3<-cbind(y3,x3)
yI1<-NA;x12<-NA;y11s<-NA;x11s<-NA;x125s<-NA;Q1<-NA;Q2<-NA;Q3<-NA;Q4<-NA;Q5<-NA
Q6<-NA;Q7<-NA;Q8<-NA;Q9<-NA;b1<-NA;b2<-NA;b1nk<-NA;b2nk<-NA;AI<-NA;A2<-NA;b<-NA
y21<-NA;x22<-NA;x21s<-NA;x225<-NA;y21s<-NA;MSE<-NA
y31<-NA;x32<-NA;x31s<-NA;x325<-NA;y31s<-NA;maal<-NA;maa2<-NA;maa3<-NA
ybart<-NA;MSEn<-NA
cv12<-NA;cv22<-NA;cv32<-NA;Q10<-NA;Q11<-NA;Q12<-NA;b1n<-NA;b2n<-NA;ybartcv<-NA;
for(iin 1 : 500){

ml<-c(sample(1:5,2,replace=F))

m2<-c(sample(1:5,3,replace=F))

m3<-c(sample(1:5,4,replace=F))

mal=datl[ml,];ma2=dat2[m2,];ma3=dat3[m3,]

maal<-as.data.frame(mal)

maa2<-as.data.frame(ma2)

maa3<-as.data.frame(ma3)

y11[i]<-mean(maalS$y1)

x12[i]<-mean(maal$x1)

y11s[i]<-sd(maal$yl)

x12s[i]<-sd(maal$x1)

y21[i]<-mean(maa2$y2)

x22[i]<-mean(maa2$x2)

y21s[i]<-sd(maa2$y?2)

x22s[i]<-sd(maa2$x2)

y31[i]<-mean(maa3$y3)

x32[i]<-mean(maa3$x3)

y31s[i]<-sd(maa3$y3)

x32s[i]<-sd(maa3$x3)
QI[i]<-Q*W1*x12s[i]"4+Q*W2*x22s[1]"4+Q*W 1*x32s[i]"4

Q2i]<-Q*W1*y 1 1[i]*x 12[1][+Q*W2*y2 1 [1]*x22[i[+Q*W3*y3 1[i]*x32[i]
Q3[i]<-Q*W1*x12s[i]"2*x 1 2[1]+Q*W2*x22s[1]"2*x22[i]+Q* W3 *x32s[i] "2 *x32[i]
Q4[i]<-Q*W1*x12s[i]" 2*y L I[i[+Q*W2*x22s[i]"2*y2 I [i]+Q*W3*x32s[i] "2 *y31[i]
Q5[i]<-Q*W1*x 12[1]"2+Q*W2*x22[i]"2+Q*W3*x32[i]"2
b1[i]<-(Q1[i]*Q2[i]-Q3[i]*Q4[i)/(Q1[i]*Q5[i]-Q3[i]"2)
b2[i]<-(QS[i1*Q4[i]-Q3[i1*Q2[iD/(Q1[i]*Q5[i]-Q3[i]"2)

ybart[i]<-W1*y L1 [i][+W2*y2 [[i[+W3*y3 1[i]+b1[i]*(W I *(Mx1-x12[i])
+H(W2*(Mx2-x22[1]))+(W3*(Mx3-x32[i])))+b2[i]*(W1*(S1x"2-x12s[i]"2)
+W2*(S2x/2-x22s[i]"2)+W3*(S3x2-x32s[i]*2))

MSE[i]<~(ybart[i]-Mys)"2
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#. .new estimator.....

cv12[i]<-x12s[i]/x12][i]

cv22[i]<-x22s[1]/x22][i]

cv32[i]<-x32s[i]/x32[i]

QIO[]<-Q*W1*cvI12[i]*y 1 1[i][+Q*W2*cv22[i]*y2 1[i[+Q*W3*cv32[i]*y31[i]
QI1[iI]<-Q*W1*cvI12[i]*x12s[i]+Q*W2*cv22[1]*x22s[i]+Q*W3*cv32[i]*x32s[i]
QI2[1]<-Q*W1*cv12[i]"2+Q*W2*cv22[i] " 2+Q*W3*cv32[i]"2
biIn[i]<-((QIO[i]*Q1[i]-Q4[i]*Q11[i])/(Q12[i]*Q1[i]-Q11[i]*2))
b2n[i]<-((Q4[i]*QI2[i]-QIO[i]*QII[iD/(QI2[i]*Q1[i]-Q11[i]"2))
ybartev[i]<-W1*y L I[i[+W2*y21[i[+W3*y3 1 [i[+b In[i]*(W1*(CX1-cv12[i]))
+HW2*(CX2-cv22[i]))+H(W3*(CX3-cv32[i])))+b2n[i]*(W1*(S1x"2-x12s[i]"2))
+H(W2*(S2x2-x22s[i]"2))+H(W3*(S3x"2-x32s[i]"2)))
MSEn[i]<-(ybartcv[i]-Mys)"2

res<-mean(MSE);res

res2<-mean(MSEn);res2

pre<-(res/res2)*100;pre

prel<-(resl/res2)*100;prel

}
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