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Abstract

In this paper, we have developed estimators of finite population mean using Mixture Regression
estimators using multi-auxiliary variables and attributes in two-phase sampling and investigated
its finite sample properties in full, partial and no information cases. An empirical study using nat-
ural data is given to compare the performance of the proposed estimators with the existing esti-
mators that utilizes either auxiliary variables or attributes or both for finite population mean. The
Mixture Regression estimators in full information case using multiple auxiliary variables and
attributes are more efficient than mean per unit, Regression estimator using one auxiliary varia-
ble or attribute, Regression estimator using multiple auxiliary variable or attributes and Mixture
Regression estimators in both partial and no information case in two-phase sampling. A Mixture
Regression estimator in partial information case is more efficient than Mixture Regression esti-
mators in no information case.
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1. Introduction

The history of using auxiliary information in survey sampling is as old as the history of survey sampling. The
work of Neyman [1] may be referred to as the initial work where auxiliary information has been used to estimate
population parameters. Hansen and Hurwitz [2] also suggested the use of auxiliary information in selecting the
sample with varying probabilities. The concept of ratio estimation was introduced in sample survey by Cochran
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[3]; it is preferred when the study variable is highly positively correlated with the auxiliary variable. Watson [4]
used the regression estimator of leaf area on leaf weight to estimate the average area of the leaves on a plant.
Olkin [5] was the first person using information on more than one supplementary character, which is positively
correlated with the variable under study, using a linear combination of ratio estimator based on each auxiliary
variable. Raj [6] suggested a method of using multi-auxiliary information in sample survey.

The concept of double sampling was first proposed by Neyman [1] in sampling human populations when the
mean of auxiliary variable was unknown. It was later extended to multiphase by Robson [7]. Abdul, Zahoor and
Hanif [8] also developed a generalized multivariate regression estimator for multi-phase sampling using multi-
auxiliary variables. Zahoor, Abdul, and Muhhamad [9] suggested a generalized regression-cum-ratio estimator
for two-phase sampling using multiple auxiliary variables. It is advantageous when the gain in precision is sub-
stantial as compared to the increase in the cost due to collection of information on the auxiliary variate for large
samples. It was proved that optimum estimator in the proposed class of estimators was approximately equally
efficient with the usual biased linear regression estimator. Samiuddin and Hanif [10] introduced ratio and re-
gression estimation procedures for estimating population mean in two-phase sampling for different three situa-
tions depending upon the availability of information on two auxiliary variables for population. They considered
three situations, first when information on both auxiliary variables was not available, second when information
on one auxiliary variable was available and third, when information was available on both auxiliary variables.

Jhajj, Sharma and Grover [11] proposed a family of estimators using information on auxiliary attribute. They
used known information of population proportion possessing an attribute (highly correlated with study variable
Y). The optimum estimate of the proposed family of mean was less biased and more efficient than mean per unit
estimator. The attribute is normally used when the auxiliary variable is not available e.g. an amount of milk
produced and a particular breed of cow or an amount of yield of wheat and a particular variety of wheat. The es-
timator performed better than the usual sample mean and Naik and Gupta [12] estimator. Rajesh Pankaj, Nirma-
la and Florentins [13] used the auxiliary attribute in regression-ratio type exponential estimator following the
work of Bahl and Tuteja [14]; the estimator was more efficient compared to mean per unit, ratio and product
type exponential estimator as well as Naik and Gupta [12] estimator.

Hanif, Haq and Shahbaz [15] proposed a general family of estimators using multiple auxiliary attribute in sin-
gle and double phase sampling. The estimator had a smaller MSE compared to that of Jhajj, Sharma and Grover
[11]. They also extended their work to ratio and regression estimator which was generalization of Naik and
Gupta [12] estimator in single and double phase sampling with full information, partial information and no in-
formation. Moeen, Shahbaz and Hanlf [16] proposed a class of mixture ratio and regression estimators for single
phase sampling for estimating population mean by using information on auxiliary variables and attributes si-
multaneously. Kung’u and Odongo [17] and [18] proposed ratio-cum-product estimators using multiple aux-
iliary attributes in single and two-phase sampling.

In our paper, we will extend the mixture regression estimator proposed by Moeen, Shahbaz and Hanlf [16] to
two-phase sampling under full, partial and no information case strategies introduced by Samiuddin and Hanif
[10] and also incorporate Arora and Bansi [19] approach in writing down the mean squared error.

2. Preliminaries
2.1. Notation and Assumption

Consider a population of N units. Let Y be the variable for which we want to estimate the population mean and
Xy, Xy 4o, X, are p auxiliary variables. For two-phase sampling design let n, and n, (n, <n;) are sample
sizes for first and second phase respectively. X, and X, denote the i" auxiliary variables form first and
second phase samples respectively and y, denote the variable of interest from second phase. X; and C,
denote the population means and coefficient of variation of i" auxiliary variables respectively and Py, de-
notes the population correlation coefficient of Y and X, .

Further, let
1 1 1 1
ao(22) 0c(2-2) <)
n N n, N (1.0

Yo =Y +8y,0 X = Xi+&,, and X = X, +e, (i=(12--,p))

Y(2) (1
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where e, , € and € are sampling error and are very small. We assume that
E(e,)=E (e—xi(l) ) -E (%) ) -0 (L.1)

Consider a sample of size n drawn by simple random sampling without replacement from a population of size
N. Let y; and denotes the observations on variable y and r respectively for the j™ unitwhere j=1,2,---,n
In defining the attributes we assume complete dichotomy so that;

B {1, if j™ unit of population possess i™ auxiliary attribute 1.2)
i = '

0, otherwise

N n
Let A = eri and a = eri be the total number of units in the population and sample respectively pos-
j=1 j=1

sessing attribute z;. Let P :ﬁ and Pic2) _a be the corresponding proportion of units possessing a specific
n

attributes 7; and y is the mean of the main variable at second phase. Let py, and p,, denote the i"
auxiliary attrlbute form first and second phase samples respectively and v, denote the variable of interest from
second phase. The mean of main variable of interest at second phase will be denoted by Y, . Also let us define

- yZ ! eTI(l) = pi(l) - Pi’ Eri(l) = pi(l) - PI (13)

The coefficient of variation and correlation coefficient are given by

S2 s2 s2 S S
C/l==%, Ci=2%, Cl=2t, =2 p,=—2 = and p, =—=
y Yz y Yz E5l Plz pyx SySX pyz ySZ pri SyS, pzx SZSX

Then for simple random sampling without replacement for both first and second phases we write by using phase
wise operation of expectations as:

TR Y
E(ez) :(92Y2C52, E(efiu)_efi(z)) :(02_91)Pizc,2.

E(% -5, )2 ~(6,-6,)XC?, E(€yz€xi(z)) ~0,YX.C, C, P,
E(s,8,, )2 —,YRC, C. Py, E(% e )) ~(6,-6,)%%,C,C, p,.
E (_Xim (Exim & )) =(G-6,)XC,, E (Ei(z) (Efia) i )) =(6-0,)RC;
E(?xi(z)EXi(z)):Q XX ,C, Cy P i(i# ), E(ai(z)g,i(z))zezpipjc,ic,j P i(i# ) "
E(_y(z) (B B )) (6,-6,)X C,C, p,.
E((Qiu) &, z))( J<z )) PPC’ Caryy i’ ( J)
E((@xi(l)—e_xi )(,, - ) (6,-6,)X,X,C, C, oy i(i % )
E(€Xi<z> (Exia) _Exim)):(i # 1) XX G,y (i 2 1)
E (e (& 8 )= (A-6)RRC.Cop (1% )
AT =ﬁ(CT)” - AO;JAﬂA) (15)
Rl ) .
| |&1 :(1— py_xq) Arora and Lai [19] (1.6)

)
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The following notations will be used in deriving the mean square errors of proposed estimators
|R|yx Determinant of population correlation matrix of variables 'y, X, X,,--+, X,; and X, .
Zp

|R

; ith ; ; +th
" Determinant of i" minor of |R|yxp corresponding to the i elementof p .

¥Xq

;. Denotes the multiple coefficient of determination of y on x, X,,-+, X, ; and x, .
p;xq Denotes the multiple coefficient of determination of y on vy, x;, X,,---, X, and X, .
|R|Xr Determinant of population correlation matrix of variables x;, X,,---, X,_, and X, .
|R|xp Determinant of population correlation matrix of variables X, X,,---, X, ; and x, .
|R|mr Determinant of the correlation matrix of y;, X, X,,-++, X, , and X, .

|R|Mp Determinant of the correlation matrix of vy;, X, X,,---, X1 and X, -

|R|yi_yj_Kr Determinant of the minor corresponding to  p, - of the correlation matrix of y;,y;, X, %, -+, X
and X
|R|y_‘y_‘X Determinant of the minor corresponding to Pyy, of the correlation matrix of
iYj%p !

Yir Vi X Xo0 X g and Xy .7

i=])

2.2. Mean per Unit in Two-Phase Sampling

The sample mean Y, using simple random sampling without replacement in two phase sampling is given by is

given by,
- 1
Y, = _Z Yi (2-0)
n, 2
While its variance is given,
Var(y,)=6,Y*C; (2.1)

2.3. Regression Estimators Using One and Multiple Auxiliary Variables and Attributes

n, ny _ —
Let ¥y, :niZ; y; and X5 :ni-z;xj be the unbiased estimator of sample means of Y and X respectively
2 )= 2 )=

in two phase sampling. The simple regression estimator for known X suggested by Watson [4] is,

trex =72+ﬁ(>?1—¥1(2)) (2.2)

Its mean squared error is given by,
MSE (tREX ) = HZY_2C§ (1_ pix ) (2.3)

In case of multiple auxiliary variables, regression estimator is given by,
r— k va r—
turex = Y2 + zai (Xi - Xl(z)) (2.4)
i=1

Its mean squared error is given by,

MSE (tyrex ) = 6, °C (1- 05, ) (2.5)

Naik and Gupta [12] defined Regression estimator of population when the prior information of population
proportion of units, possessing the same attribute is variable as,
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teer = V2 +a1(P1 - p1(2)) (2.6)
Its mean squared error is given by,
MSE (tees ) = 6,Y°C} (1- o7, ) 2.7)
_YC,p,, : - S, . - : -
G=—c o are optimum for Regression estimator. o, = is the bi-serial correlation coefficient.
1l ysr
In case of multiple auxiliary variables, regression estimator is given by,
k
tyrep = Y2 + Zai (P: - pi(z)) (2.8)
i=1

Its mean squared error is given by,
MSE (tyrex ) = 6, °C; (1- 05, ) (2.9)

The mixture ratio estimator based on multiple auxiliary variables and attributes by Moeen, Shahbaz and Hanlf
[16] is given by:

k k
tREXP:V+Zai(Xi_7i)+ Zk:ﬂi(Pi_pi) (3.0)
i=1 i=k+1

It is normally known that the above estimators are biased but the bias being of the order n™, can be assumed
negligible in large samples. It is assumed that the sample of size n is large enough so that the biases of these es-
timators are negligible.

Our project will extend the mixture regression estimator proposed by Moeen, Shahbaz and Hanif [16] to two-
phase sampling under full, partial and no information case strategies introduced by Samiuddin and Hanif [10].

3. Methodology

3.1. Proposed Mixture Regression Estimator in Two-Phase Sampling (Full Information
Case)

If we estimate a study variable when information on all auxiliary variables and attributes is available from pop-
ulation, it is utilized in the form of their means. By taking the advantage of Mixture Regression estimator tech-
nique for two-phase sampling, a generalized estimator for estimating population mean of study variable Y with
the use of multi auxiliary variables and attributes is suggested as:

tur(zo) :(y2+al(x1_71(2))+a2(>z2 _72(2))+"'+0‘k (xk _Yk(z))

3.0)
+ B ( P — Peiaz) ) + Bisz (Pk+2 - pk+2(2))+ oty (Pq ~ Py2) ))
Substituting Equation (1.0) and (1.3) in (3.0), we get,
ok a
tMR(3-0) =8, +Y _Zl:aiexi(z) _.Zk:l’gie'i(z) (3.2)
i= i=k+
The mean squared error of t,.,, is given by
2 _ Koo hikm 2
MSE(tMR(B.O) ) =E (tMR(z.o) _Y) =E, [eyz _iZ:l:aiex(z)i - i:Zkil ﬁier(z)i j (3.3)

We differentiate the Equation (3.3) partially with respect to ¢« (i=1,2,---,k) and g (i=k+1,k+2,---,m)
then equate to zero, using (1.4), (1.5), (1.6) and (1.7), we get

w YC, Ry

(3.4)

Xp
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Zh

Rl
S e R

Zh

Using normal equation that is used to find the optimum values given (3.3), we can write (3.3) as,

MSE (tyn(so)) = E [ ( Z“'e* h.gﬂ'e’ D

MSE (tyeqa)) = Ex (22 ) - ZaE( ) kipﬂE(yz ,(2).)

i=k+1
Taking expectation in (3.7) and substituting (1.4), we get,
_ K - Yc |Ryxi| L k+h=p - YC |Ry,i
MSE (t =0, Y?C? -1) = % X.YC,C -1) —L—"pYCC
e I O e T o TR
Or
T2 k i |Ryxi X kth=g i |Ryri 7]
=6,Y°Cy| 1+ 2.(-1) Tar Pw T > (-1) o P
) |R|& i=kl |R o
Or
R
_ q | YXi (x.7)
MSE( MR 3.0 ):92Y ZC)% 1+ Z(_l)l#py X TI)
i=1 |R(m) (
=" q
Or
MSE (tyr o))
0,Y*C? q
| | |><p TPy, (x.m) Ryxl VX +py2:(xz:72) RYXZ VX +(_1) ¥i(¥q:7q) y pyq (%2.72)
XT
Or
6,Y*C? q ,
MSE(tMR(&O)):W |R(5,g)q +iZ:1:(_l) |Ryxxiv7i VX T Py x .
,viq
Or
T2A2 |R| y(x.2),
MSE (tyn(ao ) = 62 °C d
|R(x r)q

Using (1.6) in (3.13), we get

MSE (tye(50) ) = 6,7 °C2 (1— P o, )

3.2. Mixture Regression Estimator in Two-Phase Sampling (Partial Information Case)

(3.5)

(3.6)

3.7)

(3.8)

3.9)

(3.10)

(3.11)

(3.12)

(3.13)

(3.14)

In this case suppose, we have no information on all t auxiliary variables and h auxiliary attributes from popula-
tion. Considering Mixture Regression estimator technique, the population mean of study variable Y can be esti-
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mated for two-phase sampling using multi-auxiliary variables and attributes as:
b = (T2 + (R =% )+ () = )+ 6 (Rey =R 01K %)+ (K =R
oot 8 (XK ) (R = R ) + 2 (R =Koy ) oot (X Ry
* B Py = Prcae )+ B Py = Pae )+ + Ao ( Pay = Poge o (R =) (3:19)
2 (Pa = Prcagey )+ 7 (B = Py )+ Boea Py = Pasan )+ Bz (Pavoy = Povaga

+ot (Pq(l) - pQ(Z)))

Substituting (1.0) and (1.3) in (3.15), we get,

t

— t 9
(e, e Zale, -5, )-So,  Sale, -5, )+ $ale,
a o e ) F i=trl i 2/ iLkn i
(3.16)
- +
Z 78, %1/3 -, J
Mean squared error of t,.,,, estimator is given by
t t _ Kk _ _
MSE( MR 31)) E Ez/l( 2:1: ( ())_éé“exim +i:k2105i (exi(l) _exim)
. ) (3.17)
+ 1€, —F€
|zk;rlﬂ ( i T'(z) ) |Zk;17/I e i:k+1ﬁl ( g o) )J

We differentiate the Equation (3.24) with respectto «; (i=1,2,---,r), B(i=12,---,r),
o (i=r+Lr+2,,k), y(i=k+Lk+2--,h), A(i= k+1,k+2, ~h),  x(i=h+Lh+2,--,p) and
equate to zero and use (1.6) and (1.7). The optimum value is as follows,

i Y_C | Ryxi | Ryxu i+1 YC
o _1 i+1 _ y Xs 5' —(— _y
a =(-1) X.C, |R|& |Ryx, (-1) |R|& X.C | VX.L,
i=1,2,,1 P=1,2,r
(-1 i*l.VCy |Ryx‘ % Bi=(- )i+1 YC, |Ryr‘ u _|Ryfi %
=) XC, |R] ‘ RC,| IR, R (3.18)
[ ] Xg i 7z X4
i=t+1t+2,---,k i=k+1,k+2,---,h
_ Cy Y_ _ i+l i+1 Y_Cy
i = (VR A= e R,
%y i h i
i=k+1,k+2,---,h i=h+1L,h+2,---,q
Using normal equation that are used to find the optimum values given (3.17) we can write
t
MSE(MRM)) EEz/l( (eyz+§a( - X,(z)) Z = +|;+1 ( - x,m)
. (3.19)
Ealew,) Erm, e Sal,w,)

Or
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MSE (tyoy ) = E» (82 ) + ZaEEZ/l( (&, —%))—IZI@EZ(EH(%))+2@E1E2/1(€y2(e—x(1)i —ejw))

. (3.20)
+|%1a . Ez/l( 2 ( Wi X(z )) .Zkilyl ( ( @ ))+izg‘115iElE2/l (€y2 (Ex(l)‘ _E‘(Z)i ))
Using (1.4) in (3.28) we get,
_ t _ _ k
MSE(tMR(3.1)): 0,Y ch +(01 —92)206 Xi y x, Za o, XiCnyi Pyx; ( )Z X y x, Pyx,
. = = (3.22)
( ) Zk: Y y x,pr 'Zk:lgzyipicycxipri ( ) Zlﬁl i~y x,pr
i= I=K+: i g+
Or
— ! i+ Ry, |Ryxi ! i+ Ry
=Y2C§ 6,+(6,-6,)>.(-1) e o pyX-_QZZ(_l) —Mpyx
i1 |R|1p R, ' i1 |R|ﬁ“ '
k i1 I Yilyxg 3 it | | Pilyg ‘Ryri vz
+(6,-6,) > (-1) ——— Py +(6,-6,) > (-1) - | P (3.23)
i=t+1 |R|Kq i=k+1 |R|x R o
9 i+l Ryxj vz a i+1 Ryxj Yip
0, 2 (-1) " —=p,, +(6-6,) > (-1) 7 Py
St R . i i=h+1 R %
Or
G202 ! i+1 Ryxi yX L i+l R i+l R I|
=Y Cy 92+(91_02)Z(_1) 7ppyxi _(91_92)2(_1) Pyx, — ZZ( ) p
E IRl,, = IRIh | Rl,,
k i+1 Ryxi YXp g i+1 Ryxl v 9 i | VX Yom
HO-0) X (), +(6-0,) 3 (), —(0,-0,) 3 (), (320
i=t+l |R|1p i=k+1 |R|§p i=k+1 R m
R q YXj
i+l yrq i+l ] YTq
-6, (-1) R P H(6-6) 2 (1) T ey
i=k+1 7 i=g+1 7
Or
MSE(tMR(M))
— 2 ! i1 Ry K i bVl g i+1 Ry Yo
=Y*Cy| (6,-6,)|1-| 2.(-1) Py + 2. (1) Py, + 2 (1) Py (3.25)
i=1 | |lp i=r+1 |R|5p i=k+1 R 7
t . R X; g . B
gl gyl Pr
i1 |R|&n At o
Or
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R
0, -6, J | YXtily, g x 0, . i‘ PAWfilyx),
:YZC§ (| : l) |R(X T)q +§(_ ) |R - pp)’vxﬂ'l | : 1+ Z]_(_l) |R : 'DYin'ﬁ (326)
(x7), : (x7), (%2)y : (x)
Or
|R| (%.7) |R| X, T
MSE (tye(s,) )=V 2CE| (6,-6)) |Ry ) |Ry‘< ) (3.27)
(x7) (X2
Using (1.6) in (3.27), we get
MSE (tyego ) =¥ cz( (1 Piee, )+6’1(p§_(xvz)q—p;(m)m)) (3.28)

3.3. Mixture Regression Estimator in Two-Phase Sampling (No Information Case)

If we estimate a study variable when information on all auxiliary variables is unavailable from population, it is
utilized in the form of their means. By taking the advantage of Mixture Regression estimator technique for two-
phase sampling, a generalized estimator for estimating population mean of study variable Y with the use of multi
auxiliary variables and attributes is suggested as:

tyr(s2) (YZ o (Xl( 1)~ X ) ta, (72(1) ~Xy2) ) ooy (Yk(l) - Yk(z))

(3.29)
+ha ( Py ~ Prsagz) ) + Bz ( Pe.2(2) = Prszz) ) ot ( Pq(2) = Pa2) ))
Substituting equation (1.0) and (1.1) in (3.29), we get,
_ Kk _ _ q _ _
tur(sa) = Bz +Y +iZ:1:ai (exi(l) &, )+i:kZ£l B (eri(l) e, ) (3.30)

The mean squared error of to, 5, is given by,

MSE (tyrgsz) ) = E (turs = )2 =E, [@h e, (gXi(l) ) h%qﬂl ( 3 )Jz (3.31)

i=1 i=k+1

We differentiate the Equation (3.32) partially with respect to ¢, (i=1,2,---,k) and g (i=k+Lk+2,---,q)
then equate to zero, using (1.4), (1.5), (1.6) and (1.7), we get

1 i+l Y_Cy |Ryx, Xp

o =(-1) e T (3.32)
i~ X
i YC, Ryal.
=)o ||R— (3:33)

Zh

Using normal equation that is used to find the optimum values given (3.31) we can write,

MSE (tymgssy ) = z(€y2(€y2+gai(€xi(1)— )mfﬁ( ))D (3.34)

i=k+1

MSE (tyee(sz) ) = 2(€y22)+iZ:‘aiEz(€y2 (€ )) kiq/}E (E (—Tim €, )) (3.35)

i=k+1

Taking expectation and substituting (3.32) and (3.33) and, we get,
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. e, Rl
MSE( MR 3.2 )ZQZYZCZ (9 9);( 1) )ziCyX |R| = XiYCy Xipyxl
i X
(3.36)
k+h=q H Y_Cy |RY|

+(02 _91) _;1 (_1)I PC |R| = PY_CYCZ] pyTl
Th

Or
MSE (tyyn(az ) = V7C; 92+(92—01)Zk1;(—1)‘|R|W% N +(92—91)k_+§:;j(—1)‘%p%i (337)
R A .
Or
MSE (7)) = V22| (6, - 9)||RR||V'M+91 (3.38)
Using (1.6) in (3.38), we get,
MSE (tye(rz)) = 2cz((e 9)(1 P e, )+¢91) (3.39)
Simplifying (3.38) we get,
MSE (tye(55 )= ch(ez (1— P e, )+91p5.(m)q ) (3.40)

3.4. Bias and Consistency of Mixture Regression Estimators

These mixture regression estimators using multiple auxiliary variables in two phase sampling are biased. How-
ever, these biases are negligible for moderate and large samples. It’s easily shown that the mixture regression
estimators are consistent estimators using multiple auxiliary variables since they are linear combinations of con-
sistent estimators it follows that they are also consistent.

4. Result and Discussion

In this section, we carried out some data analysis using R statistical package to compare the performance of
mixture regression estimators with already existing estimator in two-phase sampling for finite population that
uses one or multiple auxiliary variables or attributes.

In the natural population, the study variable was body fat and auxiliary variables are Thigh circumference and
chest circumference while attributes were abdomen and hip circumference.

N =252 n"=80 n=50
Py, =0.5596 p,, =0.7026 p,, =0.5035 pp, =0.6862
Population: The simulated population was a normally distributed with the following parameters N =600,
n"=90, n=36 mean = 75 standard deviation =5
Py, =0.7616 p,, =0.6437 p,, =0.7020 py, =0.6005
All the results were obtained after carrying out several random sample and taking the average.
In order to evaluate the efficiency gain we could achieve by using the proposed estimators, we have calcu-
lated the variance of mean per unit and the mean squared error of all estimators we have considered. We have
then calculated percent relative efficiency of each estimator in relation to variance of mean per unit. We have

then compared the percent relative efficiency of each estimator, the estimator with the highest percent relative
efficiency is considered to be the most efficient than the other estimator. The percent relative efficiency is cal-

culated using the following formulae.
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off (\? ) “\/I/ZrT(()%*loo (4.0)

The Table 1 shows percent relative efficiency of proposed and existing estimator with respect to mean per
unit estimator for two phase sampling. It is observed that Regression estimators using one auxiliary variables
and attributes are more efficient than mean per unit in the two populations. Again, Regression estimators using
multiple auxiliary variables and attributes are more efficient than mean per unit and Regression estimators.
Finally, Mixture Regression estimators using multiple auxiliary variables and attributes is the most efficient of
the five estimators in the two populations since it has the highest percent relative efficiency.

Finally, Table 2 compares the efficiency of full information case and partial case to no information case and
full to partial information case. It is observed that the full information case and partial information case are more
efficient than no information case because they have higher percent relative efficiency than no information case.
In addition, the full information case is more efficient than the partial information case because it has a higher
percent relative efficiency than partial information case.

5. Conclusions

The percent relative efficiency is used in sample survey to compare the efficiency of different estimators. The
estimator with the highest percent relative efficiency with respect to mean per unit is normally considered to be
more efficient compared to the other estimators.

According to Table 1, the proposed Mixture Regression estimators using multiple auxiliary variables and
attributes in two-phase sampling has the highest percent relative efficiency compared to mean per unit, Regres-
sion estimators using one auxiliary variable and attributes, Regression estimators using multiple auxiliary va-
riables and attributes. This means that the ratio-cum-product estimator in two-phase sampling is the most effi-
cient estimator compared to the estimators that utilize auxiliary variables and attributes.

The Mixture Regression estimators were then extended to two-phase sampling in partial and no information
case. In Table 2, we compared the efficiency of full and partial information case to no information case and

Table 1. Relative efficiency of suggested estimator with respect to
mean per unit estimator for two phase sampling.

Relative efficiency of suggested estimator
with respect to mean per unit estimator

Estimators for two phase sampling
Population | Population Il

Y, 100 100

Leex 135 140

teee 127 130

Lurex 199 183

LY 183 175

tyniso (Proposed) 211 274

Table 2. Comparisons of full, partial and no information cases for proposed mixture regression estimator.

. Percent relative efficiency of full and partial Percent relative efficiency of full
Population . . L :
to no information to partial in formation case
Estimators tMR(a.z) tMR(G.l) tMR(a.o) tMR(a.l) tMR(a.O)
1 100 122 158 100 130
2 100 131 163 100 134
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found that the two are more efficient than the no information case. We also compared the efficiency of full in-
formation case to partial information case and found that the full information case is more efficient than the par-
tial information case.

The proposed Mixture Regression estimator using multiple auxiliary variables and attributes in two-phase
sampling is recommended to estimate the finite populations mean for full information case as it outperforms all
the other existing estimators for full information using one auxiliary or multiple auxiliary variables and attributes.
It also outperforms Mixture Regression estimators using multiple auxiliary variables and attributes in partial and
no information cases.

When some auxiliary variables are unknown, the two-phase sampling is recommended. If some auxiliary va-
riables are known, the Mixture Regression estimators using multiple auxiliary variables and attributes in partial
information case should be used but if all the auxiliary variables and attributes are unknown. Mixture Regression
estimators using multiple auxiliary variables in no information case should be used to estimate the finite popula-
tion mean.
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