Open Journal of Statistics, 2014, 4, 776-788 ’0:0 Scientific
Published Online October 2014 in SciRes. http://www.scirp.org/journal/ojs ’02:0 Research
http://dx.doi.org/10.4236/0js.2014.49073

Mixture Ratio Estimators Using
Multi-Auxiliary Variables and Attributes for
Two-Phase Sampling

Paul Mwangi Waweru, John Kung'u, James Kahiri

Department of Statistics and Actuarial Science, Kenyatta University, Nairobi, Kenya
Email: Waweru.paull2@yahoo.com, johnkungu08 @yahoo.com

Received 25 July 2014; revised 27 August 2014; accepted 12 September 2014

Copyright © 2014 by authors and Scientific Research Publishing Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

Open Access

Abstract

In this paper, we have proposed three classes of mixture ratio estimators for estimating popula-
tion mean by using information on auxiliary variables and attributes simultaneously in two-phase
sampling under full, partial and no information cases and analyzed the properties of the estima-
tors. A simulated study was carried out to compare the performance of the proposed estimators
with the existing estimators of finite population mean. It has been found that the mixture ratio es-
timator in full information case using multiple auxiliary variables and attributes is more efficient
than mean per unit, ratio estimator using one auxiliary variable and one attribute, ratio estimator
using multiple auxiliary variable and multiple auxiliary attributes and mixture ratio estimators in
both partial and no information case in two-phase sampling. A mixture ratio estimator in partial
information case is more efficient than mixture ratio estimators in no information case.
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1. Introduction

The history of using auxiliary information in survey sampling is as old as history of the survey sampling. The
work of Neyman [1] may be referred to as the initial works where auxiliary information has been used. Cochran
[2] used auxiliary information in single-phase sampling to develop the ratio estimator for estimation of popula-
tion mean. In the ratio estimator, the study variable and the auxiliary variable had a high positive correlation and
the regression line was passing through the origin. Hansen and Hurwitz [3] also suggested the use of auxiliary
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information in selecting the sample with varying probabilities. If regression line is still linear but does not pass
through the origin the regression estimator is used. 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 to use information on more than one auxiliary variable, which was 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. Singh [7] proposed
a ratio-cum-product estimator and its multi-variable expression.

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 multi-phase by Robson [8]. Ahmad [9] pro-
posed a generalized multivariate ratio and regression estimators for multi-phase sampling while Zahoor, Muh-
hamad and Munir [10] suggested a generalized regression-cum-ratio estimator for two-phase sampling using
multiple 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 attribute are normally used when the auxiliary variables are not available e.g. amount of milk produced
and a particular breed of cow or amount of yield of wheat and a particular variety of wheat. Jhajj, Sharma and
Grover [11] used the information on auxiliary attributes in ratio estimator in estimating population mean of the
variable of interest using known attributes such as coefficient of variation, coefficient kurtosis and point bi-serial
correlation coefficient. The estimator performed better than the usual sample mean and Naik and Gupta [12] es-
timator. Jhajj, Sharma and Grover [11] also used the auxiliary attribute in regression, product and ratio type ex-
ponential estimator following the work of Bahl and Tuteja [13].

Hanif, Haq and Shahbaz [14] 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 estimator which was generalization of Naik and Gupta [12] estima-
tor in single- and double-phase samplings with full information, partial information and no information. Kung’u
and Odongo [15] and [16] proposed ratio-cum-product estimators using multiple auxiliary attributes in single-
and two-phase sampling. Moeen, Shahbaz and Hanif [17] proposed a class of mixture ratio and regression esti-
mators for single-phase sampling for estimating population mean by using information on auxiliary variables
and attributes simultaneously.

In this paper, we will extend the mixture ratio estimator proposed by Moeen, Shahbaz and Hanif [17] in sin-
gle-phase sampling to two-phase sampling under full, partial and no information case strategies introduced by
Samiuddin and Hanif [18] 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, X5+, X, are k auxiliary variables. For two-phase sampling design let n, and n, (n, <n,) aresample
sizes for first and second phase respectively. X, and X;, denote the j™ auxiliary variables form first and
second phase samples respectively and vy, denote the varlable of interest from second phase. X; and C,
denote the population means and coefficient of variation of j™ auxiliary variables respectively and Py, de
notes the population correlation coefficient of Y and X;.

1 1 1 1
Further, let 6, :[n__ﬁj 0, :(__WJ (6,<6,)

1 n2
Yo) =Y +e, , X :Xj+ e

Y2) Xi

_ (1.0)
and Xj(z) :Xj +er(2) (J=(1,2,-”,k))

where €, € " and EXV(Z) are sampling error and are very small. We assume that
J J

E(e, )= E(€Xj(1) ) - E(Exj(z) ) -0. (L.1)

@
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Consider a sample of size n drawn by simple random sampling without replacement from a population of size
N. Let y; and z; denotes the observations on variable y and r respectively for the j™ unit where

j=k+1, k+2, ---, Q.
In defining the attributes we assume complete dichotomy so that,

_{1, if i™ unit of population possess j" auxiliary attribute, (1.2)
ij — '

0, otherwise.

N n
Let A = Zfij and a; = Z‘rij be the total number of units in the population and sample respectively pos-
j=1 i=1

A a.

sessing attribute ;. Let P :WJ and Pi2) =—L be the corresponding proportion of units possessing a specific
n

attributes z; and y is the mean of the main variable at second phase. Let Pia and p;, denote the "

auxiliary attribute form first and second phase samples respectively and y, denote the variabfe of interest from

second phase. The mean of main variable of interest at second phase will be denoted by Y, . Also let us define

i = Piw ~ P gfj(z) =Pip—h (1.3)

where g, E
2

- and Er(z) are sampling error and are very small. We assume that
J J

E(€Vz ) = E(Ei(l) ) - E(€’1<2> ) =0.

X0 X0 Xy — X € €, e .
Let v, = @) then v, -1= @) g ") T _ @0 Therefore v; =1+—=. Similarly, w, =1+—2".
X; X; X; X; X; i
X
Also z; :ﬂ,then
o)
_ _ — — — — — — — — — -1
v —1= X2i ~X0i _ %o "% _ S "% _ e %0 _ S % [1 + ®xs ]
; — - - = — — = .
X Xoi By X % {1+ e@j] X; Xi
X;
1 e "B
We shall take v, —1 to term of order = as vj—lzf hence,
n ‘
]
e -8 e -e
i i i X2
7y =Ly =1L
i i
Similarly,
u _1 ET(l)j _E(Z)J' (l 4)
j_ —_——. .
P;
The coefficient of variation and correlation coefficient are given by
2 2 2
C2=SY2 2=SX1 2=i Py = SYX
y YZ X X12 7 P12 yX Sysx
(1.5)
Py, = o Dy = il and  pp, = il
s, T oss ] oSS,

Then for simple random sampling without replacement for both first and second phases we write by using

phase wise operation of expectations as:
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— \2 T2 A2 — _ )2 22 _ _ 2 J2~2
E(s,) -ovc,, Efg, -5, ) -(@.-a)Fc, EE, -8, ) =(6-6)XC],
E(—yzéxj(z)) =6,YX,C,,C, P, E(éy;,j()) ~0,YP.C,,C, P, .
— — — = = _ X2C?2
E( o (B - ) ,)7%,C,C.. Py E(exj(z) (B~ )) =(6,-0,)X:C?
-_— P —_— _ 2 2 — — _ N7 \7 - .
E(eﬁ'(z) (efm) ~ )) =(6,-0,)P; Cﬁ ’ E(eXimeXi(z) ) = 0% X,Cy CXJ Prixy (i),
E(_fuz)@’j( ) GRPC,Ce, Povr, (i), E(@M (ng<1> _€Xj<z> )) =( _QZ)YXJ‘CVCX; Py (1.6)
E((_’im % )(Eﬂ-u) % )) =(6,~6)RPC, C.p (1% )
E((Exi(l) i )(gxm) &) ))_(02 ) XX Cprgui(i# 1)
E(_Xj(z) (E‘u(l) _E‘u(z) )) :(91 _QZ)X'XJ %] CXI Py ’(I > J)
E(Efi(Z) (Efi(l) _€’|(2) ):(91 _QZ)P'PJCr CT Prjz '(I * J)
1 Adj(A)
A—l — = CT — 17
A= e
|IQ'“‘*—l 2 A d Lai [19 18
R _( —pyllq) roraand Lai [19] (1.8)
%
The following notations will be used in deriving the mean square errors of proposed estimators.
|R|y5q : Determinant of population correlation matrix of variables y, X, X,, -+, X, ; and x.
|Ryx_ . : Determinant of i™ minor of |R|y corresponding to the i" element of Pyx. -
' q Xp i
pjxr : Denotes the multiple coefficient of determination of y on x, X,, -+, X,_; and x, .
pi(q : Denotes the multiple coefficient of determination of y on vy, x, X,, --+, X,, and x,.
|R|X : Determinant of population correlation matrix of variables x;, x,, ---, X,_, and x, .
|R|Kq : Determinant of population correlation matrix of variables x;, X,, ---, X, , and X, .
|R| : Determinant of the correlation matrix of y;, X, X,, -+, X,_;, and X, .
YiXr
|R|Mq : Determinant of the correlation matrix of y;, X, X, -+, X,_; and X, .
|R| : Determinant of the minor correspondingto p,, of the correlation matrix of
Yi-¥Yj-%r Yi¥j
Yir Vi X Xpo oy X and x, (i # ).
|R|y : Determinant of the minor corresponding to  p, Yi of the correlation matrix of
i-Yj¥q !

Yir Vi Xor Xou ooy X @NA X (i # ). (1.9)

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,

A (2.0)

n2|1
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while its variance is given, _
Var(¥,)=6,Y °C;. 2.1)

2.3. Ratio Estimator Using Auxiliary Variable in Two-Phase Sampling

1 - . . . . .
Let X, = —in be the sample mean of the auxiliary variable in two-phase sampling. The ratio estimator when

o =1
information on one auxiliary variables is available for population (full information case) is:
(X"
tev =V, (Tl] : (2.2)
X2

The mean square error of t,,, can be written as:

MSE (o, ) = 6,Y*(C}, +/C. —2e,C,C, p,, ) (2.3)

CY'DYX

where ¢, = and p,, are the optimum value and the correlation coefficient respectively.

X

2.4. Ratio Estimator Using Multiple Auxiliary Variables in Two-Phase Sampling

The ratio estimator by Haq [9] when information on k auxiliary variables is available for population (full in-

formation case) is:
)z A )z B2 )Z Bk
tewv = Y2 __l — 2 i [ . : (2.4)
Xon ) \ X2 Xk

The optimum values of unknown constants are,

i C ‘Ryxj
—(-1 i1~y Y 25
A=) g 25)
i Xk
The mean square error of t.,,, can be written as:
MSE (tewy ) = 6,Y°C} (1- 9}, )- (2.6)

2.5. Ratio Estimator Using Auxiliary Attribute in Two-Phase Sampling

In order to have an estimate of the population mean Y of the study variable y, assuming the knowledge of the
population proportion P, Naik and Gupta [12] defined ratio estimator of population mean when the prior infor-
mation of population proportion of units possessing the same attribute is variable. Naik and Gupta [12] proposed

the following estimator:

_(PY*

tRA = y2 (—] . (2.7)
P,

The MSE of t;, up to the first order of approximation are given respectively by,

MSE (tu ) = 6,Y (C; +/CZ ~2,C,C, oy, | (2.8)

C
= 2P and pg,, arethe optimum value and the bi-serial correlation coefficient respectively.

X

2.6. Ratio Estimator Using Multiple Auxiliary Attributes in Two-Phase Sampling

The ratio estimators by Hanif, Haq and Shahbaz [14] for two-phase sampling using information on multiple
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auxiliary attributes is given by,

P n P 72 P 7q
tyra = Y2 { : ] ( : ] [ : J : (2.9)
Pan ) \ P P2

The optimum values of unknown constants are,

R
j+: C ‘ YT T
7i=(-1)’ 1C—y—|RJ < (2.10)

7 Ig

The MSE of the t,,, up to the first order of approximation is given by,
MSE (tyga ) = 6, °C2 (1— P, ) (2.11)

In general these estimators have a bias of order L . Since the standard error of the estimates is of order %
n n
. . . 1 .-
the quantity bias/s.e isof order —= and becomes negligible as n becomes large.

n
3. Methodology

3.1. Mixture Ratio Estimators Using Multi-Auxiliary Variable and Attributes for
Two-Phase Sampling (Full Information Case)

If we estimate a study variable when information on all auxiliary variables is available from population, it is uti-
lized in the form of their means. By taking the advantage of mixture ratio estimators 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 are suggested as:

)Z ) )z ap )z ay P B P B2 P B
tMRVAF(s,o) — 72 - 1 - 2 - k p k+1 p k+2 p t . (30)
(21 (2)2 (2)k (2)k+1 (2)k+2 (2)t

Using (1.0), (1.3) and (1.4) in (3.0) and ignoring the second and higher terms for each expansion of product and
after simplification, we write,

_ ko _€ . hikst _ €
tyrvar(a0) =8, +Y _ZaiY 2 Z BY oL (3.1)
j=1 Xj j=k+1 Pj
The mean squared error of . ar50) 1S given by,
_\2 & _E((z)j hk=t _E(z)j 2
MSE(tMRVAF(&O)): E(tMRVAF(&O) —Y) =E|§, —Z;ajv . _Zkllﬂ,-Y 5| - (3.2)
I= i deke i

We differentiate the Equation (3.2) partially with respect to «; (i=1,2,---,k) and g, (i=k+Lk+2,---,t)
then equate to zero, using (1.6), (1.7) and (1.9), we get

R
_(_ j+l Cy‘ i Lt
a =(-1) _Cx R (3.3)
i X%
.. C ‘Ryzl-
= (it 3.4
T @4

ot

Using normal equation that is used to find the optimum values given (3.2) we can write,
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k €, hikst €
MSE (tMRvAF(3.0) ) =E {@yz [§y2 —Z; Z B Y IS ]J (3.5)
=

j=k+1 j

Taking expectation and using (1.6) in (3.5), we get,

_ k Y _ kih=t "
MSE(tMRVAF(SAO)) = HZYZ [Ci ‘Z“i XijCnyj Py ~ Z P 5P ﬁJCy 7; P J (3.6)
j=1 j j=k+1 j
Substituting the optimum (3.3) and (3.4) in (3.6), we get,
2 K C ‘ kih=t ‘R 7 Ti
MSE( MRVAF 30) 6’Y C Z‘I(_l) C_— Z( 1) jCyCr,prj )]
J Xj J Tj
Or
s k j‘Rij . k+h=t j|Ryri .
MSE( MRVAF 30) A C 1+ Z;(_l) —prx,- + 'Zk:l(_l) —Jprj : 3.8)
i= X; j=k+ |
Or
MSE( MRVAF(3.0 ) 6,Y*C Sk : (3.9
|R
(xz),
Using (1.8), we get,
MSE (tyaaso) ) = 67 °CF (L= P2, ) (3.10)

3.2. Mixture Ratio Estimator Using Multi-Auxiliary Variable and Attributes in Two-Phase
Sampling (Partial Information Case)

In this case suppose we have no information on all s and t auxiliary variables but only for r and g auxiliary va-
riables from population. Considering mixture ratio technique of estimating technique, the population mean of
study variable Y can be estimated for two-phase sampling using multi-auxiliary variables and attributes as:

% a s _ \A e a s _ N\ % as s _ \bBs % o % i < a
¢ -V () X (1)2 X, | Mo X, (1)s+1 (1)s+2 | Mk
MRVAP(3.1) = J2| - - — — — — — — —
e X2n Xon X(2)2 X(2)2 Xo)r X2)r X(2)s+1 (2)s5+2 X2)k
T A Tk+ A+ 7h n he The 7
Pkt ' P ' Pajks2 ’ P.» ’ | Pay P, Pajns ' Pajne2 ‘ | Pay !
P2y P2k P22 P22 Piz)n Pi2)n Pi2jher P2 Pray

(3.11)

Using (1.0), (1.3) and (1.4) in (3.1) and ignoring the second and higher terms for each expansion of product and
after simplification, we write,

x

e s+r=k e —¢€ k+t=h
X(l)l @) N2 X2)i v Xni )i 7. Wi i

tMRVAPSl y2+ZYa T_ZY'B] X + z YQJT+ i >

=1 j j=1 i j=1 i i=1 i

g & = (3.12)
k+t=h _ er h+g=q er —-e
_ ﬂ'j (2)i + Z Y}f (1) (2)j
= P 4 ] P
j=1 j j=h+1 i

Mean squared error of .55, estimator is given by,
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We differentiate the Equation (3.13) with respectto o (i=1,2,---,r), B (i=12,-,r),
a(i=r+Lr+2,-k), y(i=k+Lk+2:--,h), 4(i=k+Lk+2,---,h), »(i=h+1,h+2,---,q) and equate
to zero and use (1.6), (1.7) and (1.9). The optimum values are as follows,

R Ry,
- yx] Xj -
a; =(-1) 1C |R| T (1=12-r);
Xj Xm ‘Ryxj&,v
e, [Ral, R
j+1 My Hry i :
- =k+1k+2,---,h;
i =(-1) c.| TRl R, IR
4 C ‘ ily, .
ﬁj:(—l)’lc—y - (J=22r); (3.14)
X Xy
C 1 +1 - .
i Rfy C_rj((_ )" Ry j Jrkrtierz
.. C Xji
a. :(_1)J+1_y‘ il j=r+Lr+2,---k;
I C, |R|&
_:(_1)“1 o R j=h+1h+2,-
Vi |R| Wil ] ' R
Xp 7j

Using normal equation that are used to find the optimum values given (3.13) we can write

MSE(t

MRVAP(3.1) )

ro_ €x(1- - X2); X(Z)J s+r=k € . _€X(2)'
=EE,| 8|8, +XYa, J>? ‘ zYﬁ < Z Ya, S ey (3.15)

j=1 ] i i

Taking expectation and using (1.6) in (3.15), we get,

MSE (tMRVAP(3.1) )
— r Y_ rs=k Y
=6,Y 2cy2+(01—0 )Zx—a C,Cy, Py, ~ 22 ﬂ XiC,C « Py, T(6 -6, )er‘il—la XiC,C Py, (3.16)
t+k=q V" t+k=h vy 2 q Y_Z
+(& _92)_;1 P 7,PiC,C. Pen, — 6, zk:l P —+4,PC,C, P, +(6 _92)-§1?71 PiC,C., ey, -
i=k+1 i=k+ i=h+1

Using the optimum value (3.14) in (3.16), we get,
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MSE (tMRVAP(3.1) )
R, R, R
o rta-argi| Do Fnbe ), oo Bl
j=1 |R|1(q Tw J =1 le J
r+s=k Ryxi | t+k=h : RyTj ‘ ‘Ryrj (317)
+(6-6,) > (1) ", +(6.-6,) X (1) -
j=r+1 |R|&1 j=k+1 |R|5q ng
t+k=h i Ry] v Ryrj v
-0, Z (_1)] yrwppb +(01 02) Z ( 1)J A_q}’-ppb-
J=kit R Tw j=h+l R g l l
Or
) : i1 Ryxj‘m ’ 1 VXJ‘MN
MSE( MRVAP(3.1) ) C o, +(‘91 _62)21(_1) |R| Py, _91_21(_1) |R| Py,
1= X 1= X
r+s=k ) Ryxi | t+k=h ; Ryfj
H6-6,) 2 ()" oy, +(6-6,) X (A1) o, (3.18)
j=r+1 |R|&l j=k+1 R 7 !
t+k=h j+1 ¥z V.5 i Ryrj y.zq
-6, Z (_1) PPro +(91 ‘92) Z (_1) 7 Pr;
j=k+1 |R|lw j=h+1 R 7
Or
MSE MRVAP 31
R R
r r+s=k . ‘ yxj‘ t+k=h . ‘ yrj
=Y*Cl|( )| 1+ -1)! 5 ! L (3.19)
]Z;L yx] faret] ) |R|l(q YXj farat} qu Pb
YXj r . Ryxi t+k=h . Ryxj
5 (—1)’ 7, Py |+ 6| 14| 2 (-1) PRy, + X (1)
j=h+l R . =1 |R|va et} |R|zw !
Or
2 2 (‘92 _‘91) J ‘ YA (&’)
MSE( MRVAP(3.1) ) C |R(XT) |R(xr)q +JZ:;(_1 |R(Xz') : py(xj,rj)
—7q —7q
(3.20)
R, +k=h IR
L,
|R (if)w j=1 |R (l’) ] j=k+1 |R (KZ)W j
Or
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MSE (tymvariesy ) =V °C2| (6~ 6, ||R|| || b ) . (3.21)
Using (1.8) in (3.21), we get,

MSE (tyumsgan ) = 72C ((92 —el)(1—p§(“)q )ml (1- pj(mw)). (3.22)
Simplifying (3.22) we get,

MSE (tymvar(ssy ) =V °C: (9 (1 Plio) )+9(pyx,) pj(mw)). (3.23)

3.3. Mixture Ratio Estimator Using Multi-Auxiliary Variable and Attributes 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 ratio technique for two-phase sampling, a
generalized estimator for estimating population mean of study variable Y with the use of multi auxiliary va-
riables and attributes are suggested as:

7 A 7 a Y s p Tk+1 p Yk+2 p 7t
tMRVAN(g_z) -y, _(1)1 _(1)2 _(l)k (1)k+1 (V)k-+2 P (3.24)
Xon X(2)2 X2k P2k Pi2js2 P2y

Using (1.0), (1.3) and (1.4) in (3.24) and ignoring the second and higher terms for each expansion of product
and after simplification, we write,

. X — [ X
tyrvan(zz) = Y2 +ZY05 S e > Yy, 019 (3.25)
1 X = P
Mean squared error of .\ a2 estimator is given by
— — — — 2
Kk _ €. —€. k+h=t _ €. ~—€_
MSE (tyavaniaz) ) = E{@yz +>Va %+ > Yy, %} . (3.26)
i=1 j i=t j

We differentiate the Equation (3.27) partially with respectto o (i=1,2,---,k) and B (i=k+Lk+2,---t)
then equate to zero, using (1.6), (1.7) and (1.9), we get

R
i C YXi
a;=(-1)’ 1—y‘ % (3.27)
5 |Ry,
4, C |RyTi ;
(o)t i 3.28
B;=(-1) c = (3.28)
7 7
Using normal equation that are used to find the optimum values given (3.26) we can write,
B B T T
MSE (tumvan(sz) ) = E| 8, | §, + 2V, 2 37 ¥y, 20 1) (3.29)
j=L Xi j=k+1 Pj
Taking expectation and using (1.6) in (3.29), we get
_ k k-+h=t
MSE<tMRVAN(3,2) ) =Y*C? (92 +(6,-6, )ZochyCXj Py, +(6,-6,) > BiC,C. Ppy, ] (3.30)
j=1 j=k+1

Or
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[ R
I k il k+h=t 1Yl
MSE(tMRVAN(S_Z))=6’2Y C? 62+(92_61)Zl(_1) me +(6,-6,) Z; (-1) prbj . (331)
i= (%), i= (%),
Or
T2A2 J j‘Ry'XiI" y(x2),
MSE (tymvansz ) = &Y °C; | (6, ~6,) 1+Z;(—1) |R—py.(m)+491 +6, |. (3.32)
1= (x1),
Or
_wv2nR2 (‘92_91) : j
MSE(tMRVAN(s.Z))—Y o} —|R(x,) [|R(H)q +i§:l](—1) ‘Ry.wj o, py_(xm)wl] . (3.33)
x7),
Or
MSE -Y?C? |R|y‘(“)‘*
(tMRVAN(3.2))_Y Cy (@‘@)W"‘@ : (3.34)
(x)g
Using (1.8) in (3.34), we get,
MSE (tyrymiaz) ) =V °C1 ((92 ~0,)(1- P )+ 91). (3.35)
Simplifying (3.35), we get,
MSE (tymumnisa) ) = V7CF (6 (1= 2 ) + 60y ) (3.36)

3.4. Bias and Consistency of Mixture Ratio Estimators

These mixture ratio estimators using multiple auxiliary variables and attributes in two-phase sampling are biased.
However, these biases are negligible for large samples that is (n > 30) . It’s easily shown that the mixture ratio
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. Simulation, Result and Discussion

We carried out data simulation experiments to compare the performance of mixture ratio estimators using mul-
tiple auxiliary variables and attributes in two-phase sampling with ratio estimator using one auxiliary variable
and one auxiliary attribute or ratio estimator using multiple auxiliary variable or multiple auxiliary attributes in
two-phase sampling estimators for finite population.

All the results were obtained after carrying out two hundred simulations and taking their average.

1) Study variable N =800, n=96, n, =34, mean =50, standard deviation = 6.

2) For ratio estimator the auxiliary variable is positively correlated with the study variable and the line passes
through the origin.

N =500, n =96, n, =34, mean = 29, standard deviation = 6.712.
N =500, n=96, n, =34, mean = 38, standard deviation = 8.612.

Correlation coefficients p,, =0.6820, p,, =0.5788.
3) For ratio estimator the auxiliary attributes is positively correlated with the study variable and the line
passes through the origin.

N =500, n=96, n, =34, mean = 0.5612.
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N =500, n =96, mean = 0.4826.

Correlation coefficients p,,, =0.7031, p, =0.6614.

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 more efficient than the other estimators. The percent relative efficiency is cal-
culated using the following formulae.

A Var(y
ff (\7 ) _ —(y)*loo (4.0)
MSE(\? )

Table 1 shows percent relative efficiency of proposed estimator with respect to mean per unit estimator for
single-phase sampling. It is very clear from Table 1 that our proposed mixture ratio estimator using multiple
auxiliary variables and multiple auxiliary attributes simultaneously is the most efficient compared to ratio esti-
mator using one auxiliary variable and one auxiliary attribute or ratio estimator using multiple auxiliary variable
or multiple auxiliary attributes in two-phase sampling.

Table 2 compares the efficiency of full information case and partial case to no information case and full to
partial information case of proposed mixture ratio estimators. 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 in-
formation case because it has a higher percent relative efficiency than partial information case.

5. Conclusion

The proposed mixture ratio estimator under full information case is recommended for estimating the finite pop-
ulation mean since it is the most efficient estimator compared to mean per unit, ratio estimator using one aux-
iliary variable, ratio estimator using one auxiliary attribute, ratio estimator using multiple auxiliary variable and
ratio estimator using multiple auxiliary attributes in two-phase sampling. In case some auxiliary variables or
attributes are unknown, we recommend mixture ratio estimator under partial information case since it is more

Table 1. Relative efficiency of existing and proposed estimator with respect to
mean per unit estimator for two-phase sampling.

Relative percent efficiency with respect to

Estimator mean per unit in two-phase sampling
var (Y) 100
o 146
s 185
tMRV 212
b 233
turuaray  (Proposed) 285

Table 2. Comparisons of full, partial and no information cases for proposed ratio-cum-product estimator using multiple auxi-
liary variables.

Percent relative efficiency of

gl full and partial to no information

Percent relative efficiency of full to partial in formation case

Estimator tMRVAN(z 2) tMRVAP(a.l) tMRVAF(S.O) tMRVAP(3 1) tMRVAF(30)

Relative percent

e 100 139 172 100 127
efficiency
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efficient than the mixture ratio estimator under no information case and if all are unknown, we recommend the
mixture ratio estimator under no information case to estimate finite population mean.
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