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Abstract. In this paper, authors have proposed some general classes of estimators for
estimating population mean in compromised imputation under the framework of two-phase
sampling design in presence of missing values. Two different sampling designs in two-phase
sampling are compared under imputed data and their Biases, mean square error (MSE)
expressions and percentage relative efficiency (PRE) are obtained. Further, theoretical results
stating superiority of the proposed estimators, over the existing estimators have been verified
through empirical illustrations based on different data sets from the classical statistical
literature.
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1. INTRODUCTION

Missing data occurs frequently in almost every data collection activity and imputation method is
used in replacing missing values in the sample with a reasonable set of values. Kalton et al.
(1981) and Sande (1979) suggested imputation methods that make an incomplete data set
structurally complete and its analysis simple. Lee et al. (1994, 1995) used the information on an
auxiliary variable for the purpose of imputation. Later Singh and Horn (2000) introduced a
compromised method of imputation based on auxiliary variables. Ahmed et al. (2006) discussed
several new imputation based estimators that used the information on an auxiliary variate and
compared their performance with the mean method of imputation. For more about missing data
and imputation based methods one can refer to Shukla and Thakur (2008), Rueda and Gonzalez
(2008), Kadilar and Cingi (2008), Shukla et al. (2009), Shukla et al. (2009a), Singh et al.(2010),
Diana and Francesco Perri (2010), Baraldi and Enders (2010), Thakur et al. (2011), Shukla et al.
(2011), Thakur et al. (2013), Shukla et al.(2013), Singh et al. (2014).

Recently, Singh et al. (2015, 2016,2017), Thakur et al. (2016), B. K. Singh et al. (2017) discussed
some imputation methods of missing data for estimating the population mean using two-phase
sampling scheme. The objective of the present research work is to derive some imputation
methods for mean estimation and to carry out numerical illustrations to show their efficieny.

2. NOTATIONS
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Let U= (Ul,U 2 Uz, Uy ) be a finite population of size N and character under study be Y.

_ N _ N _ _

As usual Y = N’lZ:Yi , X = N’lin are population means, X is unknown and Y under
i=1 i=1

investigation. Consider a preliminary large sample S'of size Nn'is drawn from population Q by

Simple Random Sampling Without Replacement (SRSWOR) and a secondary sample S of size

n(n<n')is drawn in either as: a sub-sample from sample S' (denoted by design I) or as

independent to sample S'(denoted by design II) without replacing S'.
Let sample size S of N units contains I responding units (r <n) forming a sub-space R and

(n—=r) non-responding with sub space R®inS=RUR®C. For everyieR, y; is observed
available. For i e R® , the Y; values are missing and imputed values are computed. The i"
value X; of auxiliary variate is used as a source of imputation for missing data wheni e RC.

Assume for S, the data X, ={X, :i € S}and fori'e S', the data {X, :i'e S'} are known with mean

X = (n)‘lz X; and X = (n')_lz X; respectively.

i=1 i=1

Remark 1: yr :\7(1+e1); X, :Y(1+e2); >_<:Y(1+e3); and X =Y(1+e3'), which implies

X X X
the results e, =%—l; e, =7r—1; e, =T—1 and 93'=T—1. Now by using the concept of

two-phase sampling, following Rao and Sitter (1995) and the mechanism of Missing Completely
at Random (MCAR), for given I',n andn', we have:

(i) Under design F, [Case I]:
E(el) = E(ez) = E(es) = E(esl) =0; E(elz) = é‘1C\?; E(ej) = 52C>2< : E(e;z) = 53C>2( ;

E(elez) = 51:0CYCX , E(eles) = 52pCYCX ; E(e1e3l) = 53PCYCX ; E(eze3) = 52C>2< ;
E(ezesl) = 5302 ; E(e3e3') = 53C2 ;

(ii) Under design F, [Case II]:

E(e)=E(e,)=E(e)=E(e,)=0;  E(e])=05,Cy;  E()=0,C%:  E(€)=6,Cy;
E(e;z) = 53C2 ; E(ee,)=6,0C,Cy; E(ee;)=5,0C,Cy; E(e;)=0; E(e,8;)= 55C2 ;
E(e,e,')=0; E(ese;')=0

Where 5—(l—£)-5—[3_3)5_(1_ij,5_(l_ 1 j'é‘_(l_ 1 j
"t lrn) 7 non) 7 N r N n N=n')’
X

1 1 1 1 r a
MF[?‘W]' MZ:(E‘W]' Mo =My =Moo o= 425

3. REVIEWING EXISTING IMPUTATION METHODS AND CORRESPONDING ESTIMATORS

_ N
Let Y =N ’lz y; be the mean of the finite population under consideration. A Simple Random
i-1

Sampling without Replacement (SRSWOR) S of size N is drawn from Q={12,...,N} to
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estimate the population mean . Let the number of responding units out of sampled N units be
denoted by r(r <n), the set of responding units by R, and that of non-responding units by

RC. For every unit i € R the value Y, is observed, but for the unitsi € R, the observations Yi

are missing and instead imputed values are derived. The i" value X; of auxiliary variate is used

as a source of imputation for missing data wheni e R®. Assume for S , the data x, ={x, :i €S}
_ n

are known with mean X = (n)’lz X; . Under this setup, some well known imputation methods

i=1
are given below:

3.1. MEAN METHODS OF IMPUTATION

The mean imputation method is to replace each missing datum with the mean of the observed
value. The data after imputation becomes

Y if ieR
For y, define y; as y, =

Y, if ieRC

: : : : : c..- 1 -
Using above, the imputation-based estimators of population mean Y is y, = —Z Yi=Y,
rieR
The bias and mean square error is given by
M B(y,)=0
1 1

(i) V(y,) = [F _WJSY ’

3.2. RATIO METHOD OF IMPUTATION
Following the notations of Lee, et al. (1994), in the case of single imputation method, if the ith

unit requires imputation, the value b x; is imputed.

Y, if ieR )
For y;and X, define Yy as Y, = where b= z Y, /Z X;

N ieR ieR

bx. if 1eR°

-1 —(x _
Using above, the imputation-based estimatoris: Y, = —Z Yoi =Y, (_—n] = Yrat
n

ieS r

where;/r 2%2 Yi, X :%in and Xn :%in

ieR ieR ieS

The bias and mean square error of QRAT is given by
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(i) MGRAT):(%—%jSYZ +G—%J[SY2 +RZSZ —2R,S where R, :%

3.3. COMPROMISED METHOD OF IMPUTATION

Singh and Horn (2000) suggested a compromised method of imputation. It based on using
information from imputed values for the responding units in addition to non-responding units.
In case of compromised imputation procedures, the data take the form
(enlr)y,+(l—a)bx, if ieR
yoi = R
(1-a)bx, if ieR®

where « is a suitably chosen constant, such that the resultant variance of the estimator is
optimum. The imputation-based estimator, for this case, is

_ _ _ 5
Ycowp :|:a>'r +{1-a)y, —_}

Xr

. .. _ CY v
The bias, mean square error and minimum mean square error at @ =1— p—— of Yeomp are
X

given by

— — 1 1 )
® B(yCOMP):Y(l_a)(F_HJ(CX - pC,Cy)

s 1 1 11 1 1) ,—2
(i) M (Yeou )= {(— —stf +(F —H)[SYZ FRZ-2RS,, }_[F __)aZY c?

n

v 1 1 1 1
(i) M (VCOMP )min = KF—W]—(F—HJPZ}SYZ

3.4. AHMED METHODS

For the case where Y, denotes the i" available observation for the jth imputation method, the

three imputation methods y,; , Y, and Y;; are given as follows:
Yi if  ieR

M Yu={ 1 | - (Yr —
nyr — —ryr
(n=r) X

if ieRC

1099 | Krishnajyothi Nath  Study Of Some General Classes Of Estimator For Estimating
Population Mean In Compromised Imputation Under Two-Phase Sampling Scheme



where ﬁl is a suitably chosen constant, such that the variance of the resultant estimator is

< \A
— (X
minimum. Under this method, point estimator of y,; is t, = y{f
X

Lemma: The bias, mean square error and minimum mean square error at f, = ,oc—y of t,are
X

given by
—(1 1 1)C?2
0 B(t1)=Y(H—W][@—ﬂ1pCYCXJ
.’ (Y Loz, p2fl 1la2 5.1 1
(11)M(t1)—Y [(I‘ N)CY+ﬁl(n Njcx Zﬁl(n N)pCch:|
(1 1), (1 1)\S%
(III)M(tl)min _(F WJSY [n sti
Yi if ieR
@ va=1_ 1 | (X)L
(n=r)| " x Tl oif ieRC

where f, is a suitably chosen constant, such that the variance of the resultant estimator is

=\
— | X
minimum. Under this method, the point estimator of Yy,; is t, = yr(_—J
.

. - _ G
Lemma: The bias, mean square error and minimum mean square error at 3, = pC— of t,are
X

given by
1 1)\ 1
(i) B(tz):(___JY(MCS( _ﬂzpcvcxj
r n 2
(i) M(t,) =Y ZKE—i)cYZ +ﬂ§(1—3]05 —w{i—l}p&cx}
r N r n r n
(1 1), (1 1)S%
(111) M(tz)min _(r N)SY [r nj S)Z(
Yi if ieR
(3) Vs = 1 ny z 8 _ry
(n-r)| " x " if i e R®
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where ,33 is a suitably chosen constant, such that the variance of the resultant estimator is

<\
minimum. Under this method, the point estimator of y,is t; =Yy, (_—J

r

. ., _ S
Lemma: The bias, mean square error and minimum mean square error at f; = p —of t;are
X

given by
0 B(t,) {l—iﬂ—ﬂz(ﬂz ez —ﬂzchcxj
r N 2
s 1 1214, 2~2
(ii) M(ts):(F_ﬁ)Y [CY +55Cx _Zﬂspcvcx]
(1) M (t,) = (l—ijsf - p%)
r N

3.5 PANDEY ET AL. (2015) SUGGESTED IMPUTATION STRATEGIES
For the case where Y; denotes the i"™ available observation for the jth imputation method, the

imputation method y;; is given as follows:

Yi if ieR
(1) V=1 Y X - X £ RC
ol ———|expl =——= |- f if ieR
Point estimator of Y is t, = §r exp(i — )_(J
X +X

The Bias and MSE of t, respectively are given by

(i) B(t4)=\?M1(§C§ —%prCXJ and

(i) M(t4):\72{M1C§ + MZGCX2 —pcycxﬂ

Yi if ieR
) Va=1_Yr Xr =X IS
' exp| =——= |- f if ieR
(- fl){ p[Xr + XJ l}
. . v o )_(r —)_(
Point estimator of Y ist, =y, exp[_ _J
Xr +X

The Bias and MSE of t, respectively are given by

() B(ts) :%[(Ml _Mz)prCx _%(Ml _2M2)C5:| and
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—2
Y
(ii) M(ts):T[A'MlCS + Mlcf +(M1 - Mz)PCny]

Yi if ieR
3) Ya =9_Yr exp X=X | f, if ieR®
(1_ fl) X + Xr
Point estimator of Y is ty = ;lr exp(i —Xr J
X + Xr

The Bias and MSE of t; respectively are given by
. N/ 3 2 1
(i) B(tg)=YM, gCX _EPCny and

oM
(ii) M(tB):YZTl[4C5+CX2—4prCX]

4.SOME PROPOSED METHODS OF IMPUTATION AND THEIR ESTIMATORS

For estimating the population mean of the study variate, Khoshnevisan et al. (2007) has
considered a family of estimators given by

ax +b

= alax+b)+(1-a)ax + b)}

Where a(;t O) and b are real numbers.

Motivated by Khoshnevisan et al. (2007), we here propose the following three generalized
methods of imputation under two-phase sampling.

Let y}i denote the i"™ available observation for the jth imputation method.

The first proposed method:
Y, if ieR
— g
y; =< 1 | = ax +b = if 1eR°
ny, — — =-ry,
n-—r a(x+b)+(1—a)(ax +b)

where a and bare free parameters and « is a suitably chosen constant, such that the resultant

variance of the estimator is minimum.

Using above, the imputation-based estimator of population mean Y is
— g

ax +b

a(a;( + b)+ (- a)(a;( + b)

t =Y, (1)

Theorem 4.1:
The estimator, Bias, M.S.E. and minimum M.S.E of t'7 in terms of €;; i=1, 2, 3 and e'3 under

design t =1, 1l upto first order of approximation are given by
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t, :V{h e, - g/m(e3 e, -6, + e, )+M%az (e32 ve) —2e, )— g/m(ele3 —e.8, )} 2)

B(t) ) =\?{(5Z—53){9(92+1)f 2c2 _ glaprCXH 3)
B(t, ), =\?H— g/m(/ws + 5, p%}+ 9(92+1) 207(8, +6, )}Cf} 4)
M(t,), =Y [5,C2 + (5, - 8, g’ a’C? —2g4apC,C, || 5)
M(t,), =Y’ [6,C2 + (5, + 9> A**C? - 2g4ad,C,C, | (6)
and M), ], =V2[s, - (5, —6,)0° 2 when a g’f_c 7
M), L, =¥ [5 - 0200, + 5 2k Whena=% (8)

The second proposed method:
Y if ieR

Va =11 |y ax+b g_ry if ieR"
n—r| " |alx +b)+(L-a)ax+b) r

where a and bare free parameters and « is a suitably chosen constant, such that the resultant

variance of the estimator is minimum.

Using above, the imputation-based estimator of population mean Y is

.= ax+b ’
= y{a(air +b)+(1—a)(a>_<+bﬂ ©)

Theorem 4.2:
The estimator, Bias, M.S.E. and minimum M.S.E of t; in terms of €; i=1, 2, 3 and e, under

design t =1, 1l upto first order of approximation are given by

t, =Y [1+e g/la( 1626‘3—6‘3+/1632)+g(gT+1)/120!2(622+€32—26293)—g/1(1(6162—eleg):l (10)

B(t, ), =\?{(51—52){9(92+1)f 2c2 _ giaprCXH (11)
B(t; ), =\7{(54—55){9(92+1),12 2c2 _ gﬂaprCXH (12)
M(t,), =Y [5.C2 + (5, - 5, o2 A?a’C? - 2g2apC C, ] (13)
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M(t,), =Y [6.C2 + (5, - 5,){g2A2a’C? - 2g2apC,C, |] (14)

and [M (t8 )I ]min = Vz[é‘l —(5, -6, )pzkij when a = E';i:y (15)
[M (tf'f )II ]mln _Y [5 5 -0, ),0 ky When o= ;Cé/ (16)

The third proposed method:
Yi if ieR

Vi = 1 ny { a>_(' +b }g _ r)—/
n-rf ' a()_(r +b)+(1—a)(a)_(l +b) r

where a and bare free parameters and « is a suitably chosen constant, such that the resultant
variance of the estimator is minimum.

if 1eR°

Using above, the imputation-based estimator of population mean Y is

{) = yr[ ax +b | T (17)
a(air +b)+(1—a)(a>_< +b)

Theorem 4.3:
The estimator, Bias, M.S.E. and minimum M.S.E of t, in terms of €; i=1, 2, 3 and €, under

design t =1, Il upto first order of approximation are given by

t, =\?[1+ e, - g/m(e2 — 8,8, —, + A, )+M%a2 (e§ re, —2ee, )— olalee, -ee, )} (18)

B(t, ), =\?{(51—53){9(97+1)/12a2c5 —glaprCXH (19)
B(t, ), = \?H— g/”to{}té'?, + 54,0%] +9(gT+1),12a2(53 +5, )}Cf} (20)
M), =Y [5.C7 + (5, - 8, Mlo*#a*C? - 202aC,C, | (21)
M(t,), =Y [5.C2 + (5, +8,)9°*a*C? - 2g4as,C,C, | (22)
and M(t;), ], =Y’[5,-(6,-5,)0 [ when a:;f—cyx (23)
Mt L, Vot o) ok e R e

5. COMPARISON
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In this section, we derive the conditions under which the suggested estimators are superior to
the existing estimators in design | and Il .

@ 0,V -t L ¥ (5 5 o[22 e

Nn

(t'7 )| is better thangm ,when D, >0 =n< N
-Nn

1 1

Sl e —

Which is positive. Thus (t7 )” is better than ;/m
(3) Ds =M (9 RAT )_ [M (t7 )I ]min

c2((1 1 1 1 1 2 1
[ B R F o

(t'7 )I is better than §RAT ,whenD; >0

@ 0,V )-Mm) ] -

This generates two conditions,

() When (C2 —20C,C, )>0 = p 2t <1

C, 2
and (ii) When 1—E+i >0=n< Nn
n n N 2N —n'

@ D, =M(yor )-M(t;), ]

(1 1 1 1 G_Ninjp2CY2
A lrEr IR TH<C§_2PCYCX)+ 1 1) (1 1
e e )

n'_ﬁ n N-n

(t'7 )” is better than §RAT ,when D, >0
This condition holds,

When (C)z( -2p0C,Cy )>0 = pC—Y < 1
Cy, 2
(5) Ds= [M (9COMP )]min - [M (t7 )I ]min = Kni - %jsvz + (% - % + % - %)pzs\?}
(t'7 )| is better than QCOMP ,when D, >0 =r< 2Nn'—N2r|]\lnr'1 T
2
R O R e S
O3 + 05
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(t'7 )” is better than §/COMP ,when Dg >0 = — JP < p< JP

Where P = (M, ~9, X, + ) ,Ml=(1—i),M3 :(l_lj
M, (8, + 6, )— 52 r N ron

(7) D, =V(9m)_[M (tf;)l ]min =Y’ {
Which is always true. __
(8) Ds =V(§m)_ [M (téla)u ]min =Y’ {

Which is always true.

(9) Dy =M(ye )-M5) ],

-y 2[[1—1}:5 oMt -amc, )+(1—3jp205}
n N rn rn

(t;3 )I is better than yRAT ,whenDy >0 = p((::_Y < %

X

(10) Dy =M (Yo )-M (6 ), ]

o1 1), (1 1), 1 1) ,.,
=Y KN —n'_WjCY J{F—Hj(cx _ZpCYCX)—'_(F_H}p CY:|

‘ v C
(t8 )” is better than Y.,; ,whenD,;; >0 = pC_Y < %

X

(1) D, = lM (;/COMP )Jmin - [M (ts )I ]min =?2(% - %)Cf >0

Which is always true.

12) Dy =M e o -1 L =7

Which is always true.

(13) D, =V(y,)- M), ]mm=v{{(§_§j+(;_§+%jpz}cg}

(tl9 )| is better than §m when D;; >0 =r<

2N —-n'

(14) D, :V(ym)_ [M (tsla)n ]min =V2 ( C; >0

1 1
Which is always true.

S
(15) Dys =My )-M(t; ) ],

-2((1 1 11 1 2 1
(R R ) R e o]
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(t; )| is better than Y ,; , when D;g >0
This generates two conditions,

(i) When (Cf( -2pC,C, )>0 = pC—Y<1
C, 2

and (ii) When l—E+i >0=r< All
r n N 2N —n'

(16) Dyy =My ooy )-[M (5 ), ],

11 ) L,
S__ = | pC
(r N—n') P

E-23 (-

N-n" N

V( : 1)C$+G%}(€i2p€¥cx)+{

(t;, )" is better than, when D,; >0
This condition holds,

When (Cf( -2pC,Cy )>0 = pg_1<%
(17) By, = [M GCOMP )]min - [M (t;,), ]min =?2H(% _%}(%—%JF%]PZ}CYZ}

(t;3 )I is better than QCOMP ,when D;; >0 =n< T
-Nn

(18) Dy = [M GCOMP )]min - [M (tg )u ]min =(M1 —0, )S\? _|:M3(53 i 54)_ 542 :|p235
0, +0,

(té )“ is better than QCOMP ,when D;y >0 = — \/6 <p< \/6

Where Q = (M, =5,)3, +9,) ,Mlz(l_ij'ms z(l_lj
M, (5, +6,)— 57 r N ron

(19) Dyg =M(t)], ~[M(t;), i =Y HF B %} B ZF ) %}pz }CYZ}

n

: 1
(t7 )I is better thant,,when Dy >0=>-—<p<

J2

20) Dy, =[M(t)],,, —~[M(t)), ], =[M, —5,]s2 _{Mz((é‘; ++5§))— 52 } 252

(t'7 )“ is better thant,, when D,, >0

:>,02<(M1_54)(53+55)=>—\/E<p<\/ﬁ
lM2(53+55)_552J

(M1_54)(53 +55).

6, o™ Lol

Where, R =
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(21) D, = [M (tz )]min - [M (ts )I ]min 2?2(% - %jcf >0

Which is always true.

(22) Dy, =[M(t, )] min [M( ) ]min :VZ[ i ._i:|CY2>O

Which is always true.
: vi 1 1 1 1
29 D, -, - M) |, =v{{[—.-—}-z[—.-—}pz}cs}
(t;, )I is better than t,, when D,; >0 = —% <p<—=
(24') D24:[M( min [M( ) ]min :[Ml_54] l ( 1542J!028Y2
(t; )" is better than t,, when D,, >0

:pz < (Ml _54)(53 +55)
[M1(53 +§4)_542J

Where T:(M1_54)(§3+55);M1:(£ 1)
|.M1(53+54)_542J r N

=T <p<AT

(25) Dy =M (t, )] M), |,

201 1 1 1)1 1 2 1
:Y _—— C2+___ _CZ_ C +___.+_ Zc2
R ) el Rt o]

(t'7 )I is better thant,, when D, >0
This generates two conditions,

(i) When Gci —pCYCXj>O = pC—Y <=

and (ii) When (1—£+ij>0:>n<
n n N

(26) D26 = [M (t4 )]min - [M (tl7 )II ]min

2
1 1 1 1)1 (1_N1 'jpzci
—2 n _n
=Y'||=-=[Cl+|=-=|=CZ-pCCC, |+
(n Njy (n N](4 <Ay j (1_1}{1 1 j

n N

n N-n

(t'7 )" is better thant,, when D,, >0
This condition holds,
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(27) D, = [M (ts )]min - [M (t8 )I ]min

—2/(1 1 1 1)1 1 1Y1
=Y [=-2lcz+[2-=]2c2+|=-2] 2 pc,C, +p%C2 ||>0
[(r nj y (r Nj4 X (r nj(4pcy x TP yﬂ

This is always true.

(28) D28 = [M (t5 )]min - [M (tS )II ]min

L0101 1 1)1 1 1)1
-y I CL I (S EVor I IR (CNCCRINpRTor R | I
KN—n' Nj y (n Nj4 X (r nj(4pcy TP yﬂ

Which is always true.

(29) Dy =[M(t )] ~M(t:), ],

211 1 1 1)1 1 2 1
:Y _——— C2+___ _CZ— C +___.+_ 2C2
[ ) R Gt o

(t;3 )I is better than t;, when D,y >0
This generates two conditions,

1 C 1
i) Wh ZC?Z - C., |50 = oL <« =
(i) When (4 x —PCy xj pr 4

and(ii)When£1—£+i)>0:>r< All
rn N

(30) D30 = [M (t6 )]min - [M (t;? )II ]min

2
11 1 1)1 (1_N1 ljpzcyz
=2 r —-Nn
=Y ———|CZ+|=-=]=CZ-pC.C, |+
(N—n Njy (r Nj(4 <P j (1 1j+[1‘ 1 ]

n N

r N-n

(té )" is better than tg, when D,y >0
This condition holds,

1 C 1
Wh —C2 - C. |50 = p2L <=
en(4 x = PCy xj pr 4

6. ILLUSTRATIVE EXAMPLES

Population A [Source: Kadilar and Cingi (2006)]: Y represents apple production and X
represents number of apple trees. Other related information to population are:
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N =106 n=20 Y = 221259 X =27421.70

C, =522 §,=5746061 C, =210 n=60 r=15

Population B [Source: Koyuncu and Kadilar (2009)]: Y is number of teachers and X is
number of students. Other related information to population are:

N =923 n=180 Y =436.4345 X =11440.498
C,=17183 S, =21331131 C,=1.8645 n =360

p=086 S, =1155153

o =0.9543
r=175

Population C [Source: Murthy (1967)]: Y is area under winter paddy and X is corresponding
geographical area. The following data is based on the given population:

N =108 n=30 Y =172.3704 X =461.3981
C,=07795 S,=3185022 C,=06903 n =70

p=0.7896
r=20

S, =134.3567

Then, the M.S.E. and Percentage Relative Efficiencies (P.RE.'s) of the estimators §/m ,QRAT ,
XICOMP , Ahmed’s et al. (2006), Pandey et al. (2015), t'7 ,té and t,:, for population A, B and C with

respectto Y is computed by using the formula

— MSE
PRE(*, Yo ): M x 100 where (*) represents the respective estimator.
MSE(*)

Table 6.1: MSE and Percentage Relative Efficiencies (PRE) of Estimators

Population A Population B Population C

S, = 749.9394

Estimators

MSE

PRE

MSE

PRE

MSE

PRE

7637008.759

100

2604.439

100

735.4405599

100

6456040.034

118.2924629

2524.573355

103.1635304

550.6829307

133.5506367

5990287.043

127.4898632

2523.046473

103.2259623

547.9118047

134.2260841

5992164.918

127.4499094

2523.140668

103.2221086

547.8626529

134.2381263

t;

3633520.921

210.18205

313.9047128

829.6909523

464.4946943

158.3313155

t3

1988677.081

384.0245776

232.6063798

1119.676512

276.9167872

265.5817898

ts

7634615.07

100.0313531

2604.331984

100.0041092

516.8127906

142.303088

ts

8135820.108

93.86894815

3394.043796

76.73557435

932.3068638

78.88395854

te

5302118.856

144.0369212

674.1498099

386.3294126

365.4094254

201.2648029

t;

4094721.103

186.5086429

1096.570493

237.5076675

486.9444334

151.0317214
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7. CONCLUSION

Imputation is a mechanism which provides nearby value corresponding to the non-respondent
units in a survey. In literature, several strategies for imputation of population mean under
missing group of data exists and estimators under each strategy observe an inherent deviation.
The main of the research in imputation is to reduce this gap and improve the estimator for
achieving higher precision.

Table 6.1 gives an overview on the percentage Relative Efficiency (P.R.E.) of various estimators

with respect to §m . In this paper, the PRE of the suggested estimators viz; t'7 ,té and t;) has been

compared with estimators 9,“ , §RAT ) §/COMP , Ahmed’s et al.(2006) and Pandey et al. (2015). The
performance of the proposed estimators is justified theoretically and numerically. From table
6.1, it is observed that the proposed estimators t'7 ,té and t;, in its optimality are performing

better than the estimators taken for comparisons in the presence of missing data in population
A, population B and population C with exception of the estimators suggested by Ahmed’s et

al.(2006), where proposed estimator '['7 is only better. Also, the proposed estimator t; is

performing better than the proposed estimators t'7 and té

We, therefore, conclude that the proposed general classes of estimators for estimating
population mean in compromised imputation strategies are superior to the existing mean, ratio,
compromised, Ahmed’s method (t1) and Pandey et al. The present research paper is therefore
an important contribution in the area of missing data as it offers efficient estimators.
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