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ABSTRACT:

The population mean of separate and combined regression estimators under non-response in two different situations is estimated in this
study. Situation | arise when there is non-response on both the study variable Y and the auxiliary variable X, and the auxiliary variable's
population mean (X) is known, and situation Il rises when there is non-response on the study variable Y only and information on the
auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) is known. The proposed
estimator’s bias and MSE are calculated up to the first degree of approximation. In terms of mean square errors, the proposed estimators
perform better than existing estimators, as proven by numerical data that backs up the theoretical predictions.
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RESUMEN

En este estudio se estima la media poblacional de estimadores de regresion separados y combinados bajo falta de respuesta en dos
situaciones diferentes. La situacion | surge cuando no hay respuesta tanto en la variable de estudio Y como en la variable auxiliar X, y se
conoce la media poblacional de la variable auxiliar (X), y la situacion Il surge cuando no hay respuesta en la variable de estudio Y
solamente y la informacién sobre la variable auxiliar X se obtiene de todas las unidades muestrales, y se conoce la media poblacional de
la variable auxiliar (X) . El sesgo del estimador propuesto y el MSE se calculan hasta el primer grado de aproximacion. En términos de
errores cuadraticos medios, los estimadores propuestos funcionan mejor que los estimadores existentes, como lo demuestran los datos
numeéricos que respaldan las predicciones tedricas.

PALABRAS CLAVE: Error cuadratico medio, Sesgo, Eficiencia, Falta de respuesta, Variable auxiliar, Estimador de regresion
separado, Estimador de regresién combinado,

1. INTRODUCTION:

Non-response is a relatively common problem in practice. The estimators of the parameters produce biased results
due to non-response. The concept of non-response was initially addressed by Hansen and Hurwitz (1946): Later,
various authors, such as Cochran (1977), Rao (1986), Khare and Srivastava (1997), Singh and Kumar (2008, 2009),
Singh et al (2010), discussed the problem of estimating the population mean of the study variable using information
on an auxiliary variable in the presence of non-response using the Hansen and Hurwitz (1946) technique under the
SRSWOR scheme. When the population units are homogeneous, the SRSWOR sampling strategy is usually utilized.
However, in practice, heterogeneous populations are also commonly encountered. In such cases, stratified random
sampling is advised. With this in mind, Chaudhary et al. (2009) investigated non-response in stratified random
sampling, assuming that non-response happens only on the study variable. Sanaullah et al. (2015), Saleem et al.
(2018), Onyeka et al. (2019) and Shabbir et al. (2019) have studied the problem of non-response in stratified single
and two-phase sampling where non-response occurs on both the study and auxiliary variable, as well as on the study
variable only. For further study, Singh et al. (2010), Singh et al. (2018), Singh and Sharma (2015),and Singh and
Vishwakarma (2019) are all recommended for further study. In this paper we have made an effort to propose a
separate and combined regression estimators for estimating the population mean of the study variable y using
information on auxiliary variable x in presence of non-response under stratified random sampling in two situations
i.e., Situation I arise when there is non-response on both the study variable Y and the auxiliary variable X, and the
auxiliary variable's population mean (X) is known, and situation 1 arises when there is non-response on the study
variable Y only and information on the auxiliary variable X is obtained from all sample units, and the auxiliary
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variable's population mean (X) is known. The properties of proposed estimators were investigated under large
sample approximation. The proposed estimators have been demonstrated to outperform all other estimators studied
in the literature. To support the current study, a numerical illustration is provided.
Notations:
Let us consider a finite heterogeneous population of N units prearranged into L homogeneous sub-classes called
strata, each of which contains Ny units, with h=1,2,3, ... The population of size N is made up of two mutually
exclusive groups: response group and non-response. Nin and Nz, are the responding and non-responding units in the
ht" stratum, respectively. SRSWOR is used to pick a sample of size n, from N units in the h™ stratum, with the
assumption that nsx units respond and nz, units do not. From the nz, non-responding units in the h'" stratum, we select
a sub-sample of size rn = (Nan / Kn ;kn>1).

Tablel To find bias and mean square error (MSE) of the proposed separate and combined regression estimators, we use the following

approximations.
For Separate Case For Combined Case
X Vh=Yh. ¢« th—Xn . « Vst=¥. gz« tse—X
Son = y_h?th. $in = xh)—(:h . Sost = y;, D8 = 2 }
%, — X -X
$in = h)? . S5t = =
h * — * —

E(é5,) = E(&) = E(&n) E(ost) = E(flst) E(§150) =0

BhS,fy ehshy

_a | EE2) = Z we|, w (k 1) -4
E = | Wy, (k =A ost n 2n\Kp
G Zh( h=D Sﬁym] " =1 Walla =Dy
L 9 52

Hhth E(E2) = iZWZ W (kh —hxl) s
E(f )— th(kh )52 =By 1st X2 h + 2h\*h S,% @

n hx(2) h=1 n, X

6,5,
E(fohfm) ey i L " kh_hxly B
1 OrShxy E(&oseéise) = 7x WZ| wan(ky )S =C
=== wylky,—1) =Cp, h=1 T, hxy(2)
Y Xy E——RE) 1<
R B0 =35 ). Wi 6,5k =D
E(y) = Fehshx =Dy h=1
h 1 1 L
E(fghflh) = WG,!SW = Eh E(f&stflst) - ﬁz th ghshxy =E
h4h h=1

WhereY,, = N—Zl " yni and X,= —Zﬁi"l xp;are the population means of the study and auxiliary variables,

respectively for the ht" stratum. ¥ = Zth WY, and X = ¥:_, W, X, are combined population means of the study
and auxiliary variable respectively. SZ,, = Zﬁv:”l(yhi — %)% and SZ, = — Zivzhl(xm —X,)? arethe

Np—1 Np—-1
population variances of the study and auxiliary variables respectively
SEy = — h“’(ym AN SEey = — ’““(Xm X))’ are the variances of response

Nh() 1 Nh() 1
groups of the study and auxiliary variables respectively.

2 _ 1 Nh(z) 1
Shy@@) = yo = (Vi — Yh(Z)) and S,y = N X
groups of the study and auxiliary variables respectively.
Phxy = Ssh’;y is the correlation coefficient between the auxiliary and study variables in h™ stratum. ppy ) =

hy2hx

N
TP (Y - X X))  are the variances of non-response

Shay(2)

—— is the correlation coefficient between the auxiliary and study variables of non-response group in ht"
hy(2)°hx(2)

stratum. zgzl Ny, = N,Lh = ? R, = ;—’l L= gand R = % fo= ﬂ is the sampling fraction of ht" stratum etc.
h h

L 2 * L 2 *
5 Xh=1 W5 OnShxy Yh=1Wh OnShxy

—_ = _ * hxy — —
Hh - np .Bh 5;‘3( and ,Bc Zh LW Ghs*z 4 .Bh and ﬁc Zﬁ:ﬂ”}fehsﬁx ’ thy
—] (Zl | Xhi Yhi + Kn Zl L XniVni — NhXpyr), Sha = (Zl 1 Xm + kp Ziril Xfi — NpXyXp), Sy =
nh1_1 Yt (eni — Xn)% Bango IS the coefficient of Kurt05|s for the ht" stratum
2. EXISTING ESTIMATORS
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This section gives a brief introduction of some well-known estimators/classes of estimators from the literature. The
Hansen and Hurwitz unbiassed estimatory; for ht" stratum is given as y; = "hly”h;—mhz”hz MSE(¥;) = 0,52, +
h

Wan(kp—1) §2
nn hy(2)

Therefore, the Hansen and Hurwitz unbiassed estimator in stratified random sampling is given as
y' = ZIL1=1 Wh ¥p o
The mean square error of y*is given as
MSE(3*) = Y24 (D
2. The usual separate ratio estimator when there is non-response on both the study variable Y and the auxiliary
variable X, and the auxiliary variable's population mean (X) is known is given by yiz = Yk_, W, )yz—{})?h
h

The mean square error of ysg is given by
L

MSE (i) = ) W T (An + By = 2G,) @)

h=1
The separate ratio estimator when there is non-response on the study variable Y only and information on the
auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) is known, is

givenby yip = Yk Wh Xh The mean square error of y¢zis given by
MSE(F4e) = Z W2 T2 (Ap + Dy = 25,) 3
3. The usual comblned ratio estimator when there is non-response on both the study variable Y and the auxiliary

variable X, and the auxiliary variable's population mean (X) is known is given by ¥z = y”X
Xst

The mean square error of ygxis given by
MSE (¥ig) = Y2(A+ B — 20) 4)
The combined ratio estimator when there is non-response on the study variable Y only and information on the
auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) is known is
given by y(p = ?)?. The mean square error of y.ris given by
st _

MSE (Yig) = Y2(A+ D — 2E) (5)
.4 The usual separate regression estimator when there is non-response on both the study variable Y and the auxiliary
variable X, and the auxiliary variable's population mean (X) is known is given by ¥, = Xh_y Wy (y; +

Br(X, — f,*l)). The mean square error of ys,.., is given by

MSE()7§reg) = Yhoy Wi [V2 AL + BRXEBy, — 281X, Y, Ch] (6).
The separate regression estimator when there is non-response on the study variable Y only and information on the
auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) is known, is

given by ¥5,e5 = Xhoy Wi (37;; + B (X, — fh)). The mean square error of ys,..4 is given by
L

MSE(Fireg) = D Wi (T2Ay + BEXED, = 20K TiEy] @
h=1

5. The usual combined regression estimator when there is non-response on both the study variable Y and the
auxiliary variable X, and the auxiliary variable's population mean (X) is known is given by Vereg = Vst +

B:(X — x%,). The mean square error 0fycreg is given by

MSE (Vireg) = Y2A + B2X?B — 28, XYC (8)

The Combined regression estimator when there is non-response on the study variable Y only and information on the
auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) known is
given by ycreg = Vir + B.(X — %,,). The mean square error ofYereg is given by

MSE (Jireg) = Y2A + B2X*D — 2B XYE (9

6. The following are the stratified modified estimators in presence of non-response developed by Onyeka et al.
(2019) using known values of coefficient of correlation, kurtosis, and coefficient of variation.
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When there is non-response on both the study variable Y and the auxiliary variable X, and the auxiliary variable's

(D) _ #1(Xn—%p) S+ (D)
population mean (X) is known.y,,” = Xi_, W,y,exp [m] The mean square error of 7, is given by

MSE(7,8) = Z W2 72 [Ah +-A2B, — A Ch] (10)

When there is non response on the study variable Y only and information on the auxiliary variable X is obtained

from all sample units, and the auxiliary variable's population mean (X) is known. 37(;2) =

YL W.yrexp [%] The mean square error of y;gj)ls given by
MsE() = > w4, + L0, - 18] an
h=1

Where,

o _¥iXa -1 —_*n __ Xn _ _ CwonXn _ _ PoonXn __*n _

O ’ ntCaon’ 3T EntBacon’ T CaonZntpyxn’ > BaeonXntCan’ T Xntpyxn’
PyxhXn

Pyxh)?h"'ﬁz(x)h’

3. PROPOSED ESTIMATORS

Motivated from classical regression estimator and Singh and Espejo (2003), we have to develop a separate and
combined regression estimator in presence of non-response in two situations shown in theorem 1. 2, 3 and 4.

3.1 Proposed Separate Regression Estimator

In the theorem 1 and 2 we propose a separate regression estimator in two situations of non-response
Situation I: This situation arises when there is non-response on both the study variable Y and the auxiliary variable
X, and the auxiliary variable's population mean (X) is known,
Situation I1: This situation arises when there is non-response on the study variable Y only and information on the
auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) is known.
Theorem 1: In this theorem we propose a separate regression estimator when there is non-response on both the
study variable Y and the auxiliary variable X, and the auxiliary variable's population mean (X) is known.
L _

) _ e Ao . [T Xy + 7T, o (M Xy + T,
6 = Z W, {[yh + B (T — 53) [a <m; - nz) +0-a) (e nz)]} (12)
Where, a* is the real constant that must be calculated in order MSE tl*(l)to be the least.m; # 0 and m, are either real
numbers or be the known parameters such coefficient of variation Cj,y), Kurtosisg,y,, for the h™ stratum.

The bias and MSE of the estimator t;‘(i) are given by
L

Bias(tf(l)) = Z Wy, Yo{(a™ of; + 20 BuLp@ni — BrLln@ni)Bn + (@i — 22" @p)Cr} (13)
h=1
— 2
MSE(t*(L)) Z Wh Yh Ah + ((phl_ 2a” Phi — ﬁth) Bh (14)
+2(@ni — 20" Ppi — Brln)Ch
. _ c2
MSE(t;) = Z W2 V2 {Ah — B—“} (15)
h=1 h
Where,
X X
Phi = ﬁ, Yn1 =1, Tpy = land mp, = 0, @py =_X_—h+’;hx , Tpy = 1 and myy = Cpy Ppz =
X _ _ __ BanwXn _ _
X_—h"'ﬁl;h(x) , Ty = land Tpy = Bonger Pra = m n1 = Ban(x) and Tpy = Cpy
CraXn
Pns = — , Tpy = Cpy and mpy = ﬁzn(x)

CrxXn + Bane
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*

Proof: We rewrite the proposed estimator tl(i) as.

L
65O = W (16)
h=1
Where, ~
e Ao . Xy + 1, (nlf,‘; + 1r2>
= X, — | — 1—-a)|———— 17
In = [ + Br(Xn — %3)] [a <7T13771 n ﬂz) +(1-a”) A 17)

To obtained the bias and MSE of J, up to first order of approximations by using the error terms &g, and &5,
o = [V + &) = BrXn&in]la™ (1 + @piéin) ™ + (1 — @) (1 + @piéiy)]
o o [Son — 207 Qni&in + Qnibin + @ 9hi&ih — 20" pri&onéin +
]h - Yh - Yh * * A * * * H* *2 A *2 (18)
U @niSon$in = Bnlnéin + 20" BpLn@niéin — Baln®ni$in

Where L, = ?
h
Taking Expectation on equation (18) both sides we get the bias of J,
Bias(J,) = VW{(a* @i + 20" BuLp@ni — BnlnPni)Bn + (Pni — 2a"@p;) Cy} (19)

The Bias of the proposed estimator tf(i) is given by using equation (16)
L

Bias(t;?) = Z W, Bias(J,,)
h=1

L
Bias(tl*(i)) = Z Wy Yo{(a*@p; + 20" BuLp@ni — BrnLn@ni)Bn + (@ni — 2 @p) Cr} (20)

h=1
Squaring equation (18) and then taking expectation we get the MSE of J,

MSE(n) = Y7 [An + (@ni = 20 @ni = Pnln)?Br + 2(@ni — 2a*¢pi — PrLn)Crl (21)
The MSE of the proposed estimator ti‘(‘) is given by using equation (16)
L

MSE(t;®) = Z W2ZMSE(J),)
h=1

*(1) L 272 [An + (@i — 22" Qp; — BrLp)?*By
MSE(t;V) = $k_ W2Y, . (22)
(&™) " 1_ PR 42(@n — 2a @i — BuLn)Ch
ThiXn
Tp1 Xp+Tho
For obtaining the optimum values of a* , differentiating equation (22)) w.r.t a* and equating to zero we have

oMSE(;") .

Where, ¢p,; =

aa*l X
a;pt =-|1- _(.Bth
2 Phi

- g—Z)] 23)

Using the value of ag,, in equation (22), the minimal MSE of the proposed estimators is the given as
L
MSE(t;V) = Z W2 V2 {Ah

- C_’%} (24)

From the above equation(23) it is clear that all the proposed estimatorst;‘(i) have same MSE because the MSE is
independent of ¢y,;

Theorem 2. In this theorem we propose a separate regression estimator when there is non-response on the study
variable Y only and information on the auxiliary variable X is obtained from all sample units, and the auxiliary

variable's population mean (X) is known
L —

o Z w, {[ﬁ + B (Rn — %] [a' <M> +(1—a) (M)” (25)

h=1
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Where, a' is the real constant that must be calculated in order MSE t{(i)to be the least.mt; # 0 and m, are either real
numbers or be the known parameters such coefficient of variation Cy,(,, Kurtosisp, ., for the h™" stratum

The bias and MSE of the estimator tl’(i) are given by

L
Bias(tim) = z W, Vo {(a' 0h; + 20 BuLp@ni — Bnln®@ni) Dy + (@ni — 2’ @) En} (26)
h=1
L
(@)Y _ 252 [An + (@ni — 2" @p; — BrLp)?Dy
MSE(6") = hzzlwh Y +2(@ni — 2a'@pi — Buln)En @7

L
1(i > E2
MSE(£,?) = Z W2 72 [Ah - D_ﬂ (28)
h=1

Where,@y,; has the same values used in theorem1

Proof: We rewrite the proposed estimator t{(i) as

L
60 = > Wl 29)
h=1

Where J;, = [7;, + B (X — %1)] [a’ (M) +-a) (nlfhmz)]

M1 Xp+1T2 i Xptmy
To obtained the bias and MSE of J;, up to first order of approximations by using the error terms &;, and &,
Jh = [+ &) = BuXnéun]la' A + @pi&in) ™ + (1 — a) (L + @piéan)]
J—T, =7, {fgh - Za’(phiflft + Qnidin + (f"l’leiffh - za:(phif(;hflh +}
U oniéonéin = Bulnéin + 2@ BuLln@niéin — Brln®niéin
Where L, = );—:
Taking Expectation on equation (30) both sides we get the bias of J;,

Bias(Jp) = Y {(a'@p; + 20’ BuLpn@ni — BrLn@ni) Dn + (@ni — 20’ p)En}

Therefore, the Bias of the proposed estimator ti(i) is given by using equation (29) Bias(tl'(i)) =Yk _, Wy Bias(J},)
L

(30)

Bias(ti(i)) = Z Wy, Yo {(a' @f; + 20 BnLn@ni — BuLn@ni) Dy + (@ni — 2’ @) En} (€29

Squaring equatfic_);l (30) and then taking expectation we get the MSE of J;,
MSE(Jy) = Y2 [Ap + (@ni — 2" Pni — Brnln)? D + 2(@p; — 20" @i — BrLn)Ey]

The MSE of the proposed estimator t{(i) is given by using equation (29) MSE(tl’(i)) =YL  W2MSE(})

L

@0y _ 2 52 [An + (@ni — 2a' @ — BrLy)?Dy

MSE(tI ) B ;Wh Y +2(pni — 2a'@p; — BrLr)En (32)
For obtaining the optimum values of a’ , differentiating equation (32) w.r.t ' and equating to zero we have
oMSE(t,") .

da’
=1l 1(L Eh)] 33
aopt - 2 Oni .Bh h Dh ( )
Using the value of a,,, in equation (32), the minimal MSE of all proposed estimators is given as
L

. _ E?
MSE(t,?) = Z W2 V2 [Ah —~ D—h] (349

h

h=1

From the above equation (32)it is clear that all the proposed estimatorst{m have same MSE because the MSE is
independent of ¢y,;

3.2. Proposed Combined Regression Estimator
In the theorem 3 and 4 we propose a combined regression estimator in two situations of non-response.

Situation I: This situation arises when there is non-response on both the study variable Y and the auxiliary
variable X, and the auxiliary variable's population mean (X) is known,
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Situation I1: This situation arises when there is non-response on the study variable Y only and information
on the auxiliary variable X is obtained from all sample units, and the auxiliary variable's population mean (X) is
known.

Theorem 3 In this theorem we propose a combined regression estimator when there is non-response on both the
study variable Y and the auxiliary variable X, and the auxiliary variable's population mean (X) is known.
*(1) X +1, . (Tlf;‘t + Tz)
+ X—x — |+ (1 -)|— 35

[yst ﬂc( st)] [ ( 1_;t+ ; ( ) ‘L'1X+T2 ( )
Where, w* is the real constant that must be calculated in order MSE t;(”to be the least. T; # 0 and 7, are either real
numbers or be the known parameters such as: Coefficient of variation Cy;(yy = Xi—1 WhChx), KUIOSIS Baseixy =
Yh=1 WiBanco '
The bias and MSE of the estimator t*(‘) are given by
Bias(t;”) = V{(@'y? + 20" BeLy: = BeLy))B + (vi = 20'y))C}

(1) 2 A + (yl 2(’) Yi — ﬁcL)ZB

MSE(t =Y 36
(") +2(V2i —2w'y; — BL)C (36)

*(1 2 C
MSE(£;®) = 72 [A —~ F] (37)
Where,

X
yi = T:XE—HZ,yi =1 7,=1landt,=0,y, = Xy T =1land 1, = Co(y), V3 = mrl =landrt, =
__ BastX _ _ __ CaX _ _

ﬁZSt(x)l Ya = mﬁ = ﬁ25t(x) and T, = Cstx)r Vs = m‘% = Cst(x) and t, = .825t(x)

Proof: To obtain the bias and MSE of t;(i) up to first order of approximations by using the error terms &g and &,
30 = [P+ Go00) = BeXSise] 0" (L +vigise) ™! -0+ Y]

t*(L) 7=V {EOst Zw*yiffst + yifi‘st + w” yl 1st —2w" ylfOstflst } (38)
2 * * A% *
YiEOStflst - ﬁchlst + 20" ﬁcLyl 1st ﬁCLYL 1st )

Taking Expectation on equation (38) both sides we get the bias of the proposed estimator t;(” as

Bias(t;") = V{("y? + 20" BeLy; — Belv)B + (v; — 20"y)C} (39)
Squaring equation (38) and then taking expectation we get the MSE of t*(’)

2
MSE(t;(L)) — y2 A+ (yi — 20"y; — BcL)°B (40)

+2(yi — 20"y — BL)C
For obtaining the optimum values of w* , differentiating equation (40) w.r.t w* and equating to zero we have

oMSE(t;")
aa)* B
c
o =[t-5 (s -5) @D
Using the value of w*in equation (40), the minimal MSE of the proposed estlmatorst*“) is given as
(DY _ p2 _C_z
MSE(t,”) =7?|A 5 (42)

From the above equation (41)it is clear that all the proposed estimators t;(i) have same MSE because the MSE is
independent of y;
Theorem 4. In this theorem we propose a combined regression estimator when there is non-response on the study
variable Y only and information on the auxiliary variable X is obtained from all sample units, and the auxiliary
variable's population mean (X) is known.
,(l) A L[ X+ T, , ( 1 Xt + rz>
+L:.(X—x o' |—— |+ 1 - —_— 43

[yst Be( st)] [ <T1fst + 1, ( w") T1X T, (43)
Where, w' is the real constant that must be calculated in order MSE t;(”to be the least. 7; # 0 and 7, are either real
numbers or be the known parameters such as: Coefficient of variation Cy;yy = Xi—1 WhChx), KUIOSIS Base(xy =
Yh=1 WiBanco '
The bias and MSE of the estimator t'(” are given by
Bias(t;") = T{(w'v? + 20" BeLy; = BeLy)D + (i — 20'y)E}
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MSE(t;") = V2[4 + (y; — 20'y; = BL)?D + 2(y; — 20'y; — BL)E] (44)
e = EZ

MSE(t;") = 72 [A -~ 3] (45)

Where, y; has the same values used in theorem 3

Proof:To obtained the bias and MSE of t;(‘) up to first order of approximations we use the error terms &5, and &;5;

60 = [T (1 + &) = BeXérse [0’ (1 +vidrs) ™ + (1 = DA +¥idise)]

t,(i) V=7 {%st —20'Yié1st + Vibise + a)’Viszst = 2w'Yi80seS1st +}

2 yigastflst - Bchlst + Za)lﬁcLyiflzst - BCLYiflzst .
Taking Expectation on equation (46) both sides we get the bias of the proposed estimator t;(’) as
Bias(t;") = T{(w'v? + 20" BeLy; = BLy)D + (i — 20'y)E} | (47)
Squaring equation (46) and then taking expectation we get the MSE of t;(”

MSE(t,”) = 72[A + (v; — 20'y; = BcL)?D + 2(y; — 200'y; — BLE](48)
For obtaining the optimum values of w' , differentiating equation (48) w.r.t w’ and equating to zero we have,

(46)

OMSE(t;°)
- 4 7Z - 0
Jw’

)
W' =g|t=5 Bl =5

b 1( L E)] (49)
=T\ TD
Using the value of w’in equation (48), the minimal MSE of the proposed estimators is given as

DY _ 2 _E_Z

MSE(t,”) =7?|A 5 (50)

From the above equation (50)it is clear that all the proposed estimators t;(i) have same MSE because the MSE is
independent of y;.

3. EFFICIENCY COMPARISON

This section compares the optimal MSE of the proposed estimators with some existing estimators:

4.1 Situation |I.

When there is non-response on both the study variable Yand the auxiliary variable X, and the auxiliary variable's
population mean (X) is known.

4.1.1. For Separate Regression Estimator

1. Comparison with Hansen and Hurwitz estimator
tI(L), i=1,2,..,5. Perform better than y* if:
L 2 L 2
(1) S 2 2 C V2 2 2 C V2
MSE(t;"”) < MSE(y):ZWh Y24, ——( <Y A:ZWh Y214, ——t—-7%24<0
e h=1 Bh h=1 Bh
2. Comparison with usual classical separate ratio estimator

t:®, i=1,2,..,5 Perform better than ¥y if:

L L L
. _ c? _ _ Cc?
MSE(6;"), . < MSE(Fiz) = Z W2 72 {Ah - B—h} < Z W2 V2(Ap + By — 2C,) = Z W2 72 {zch - B, — B—h} <0
h h
h=1 h=1 h=1

3. Comparison with usual classical combined ratio estimator
/9, i =1,2,...,5 Perform better than ¥, if:
L L
; _ A _ ) -
MSE(t;”) < MSE(g) = Z W2 72 {Ah - B—’;} <V2(A+B-20)= Z W2 72 {Ah - B—’;} —72(A+B-20)<0

h=1 h=1
4. Comparison with usual classical separate regression estimator
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t®,i=12..,5, performs better than 37§reg if:

(i Cyy 722
MSE(6;),, < MSE(Vireg) = ZWh v {Ah——} th [V A + Biya Xii B = 2BryaXn¥aC] = th {Zﬁhyxxmch By XiiBn = ’;9 ”}
h
h=1 h=1
<0

5. Comparison with usual classical combined regression estimator

t:9,1,2,...,5, performs better than y¢,eg if:

2

_ G } — (724 + B2X?B — 2B,X¥C) < 0
h

(@) C 2 2
MSE(t;) . < MSE(Vireg) = ZW,, Y2 Ah—— < Y?A+ B2X?B - 2B8.XYC :ZW,, 1214,

h=1 h=1

6. Comparison with Onyeka et al. (2019) estimator

tI(i), i=1,2,..,5, performs better than y*(‘) i=12,.,7if

L
(i (i 1 C
MSE(t,”) < MSE(3,\") = th v? {Ah——}<ZW v? [Ah+ 2By, — /ICh] th 72 {ACh —~12By — Bh}<o
h
h=1

4.1.2. For Combined Regression Estimator

1. Comparison with Hansen and Hurwitz estimator
t;(l), i=1,2,..,5, performs better than y* if:
2 2

*(1 _ _ C
MSE(;7) . < MSEG) = V? [A — 5| <= =<0

2. Comparison with usual classical separate ratio estimator
t:9, i=1,2,..,5, performs better than yzy if:

L L
i _ c? _ _ c? _
MSE(t2<‘))mm < MSE(J) = 7?2 [A - F] < Z WEY2(A, + B, — 2C,) > Y2 [A - F] - Z W2Y2(A,+ B, —2C,) <0
h=1 h=1

3. Comparison with usual classical combined ratio estimator
t:®, i =1,2,...,5, performs better than yy if:

CZ
<72(A+B- zc):yz[zc B-—

G c?
MSE(t,”) < MSEFz) = V? [A -= <0

4. Comparison with usual classical separate regression estlmator
t:?, i =1,2,...,5, performs better than Vireg if:

L
= . - = c? = = -
? [V An + BiyxXiiBr = 2BnyuXn¥aCa] = ¥ [A - ;] = D WE [T A+ By KB = 2B KaFaCa] < 0
h=1 h=1

5. Comparison with usual classical combined regression estimator
t:9,1,2,...,5, performs better than Vereg IF:

MSE(t;,®), < MSE(Fsreq) = V7 [

_ZCZ

Y <0
B

, _ . _ o o -
MSE(t;7), . < MSE(Jireg) = 7? [A - E] < 724+ B2X*B — 2B8.XYC = [ZHCXYC — B2X?B —
6. Comparison with Onyeka et al. (2019) estimator
;9 i=1,2,...,5, performs better than y*(l) =1,2,..,7if

L
. _ _ 1 _ c? _ 1
MSE(tz"’)mm < MSE(7,P) = 72 [ 272 [A,, + 7By~ ;t,.c,,] > 72 [A - E] - z Wi 12 [Ah +34Bn — /L-Ch] <0
h=1

4.2 Situation I1.

When there is non-response on study variable Y only and information on the auxiliary variable X is obtained from
all sample units, and the auxiliary variable's population mean (X) is known.

4.2.1. For Separate Regression Estimator.

1. Comparison with Hansen and Hurwitz estimator
ti(l), i=1,2,..,5, performs better than y* if:
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(@) E 2 E2 V2
MSE(t,"), . <MSE(y):>ZWth A,,—D— <YA:>ZWth Ap—pr(—TPA<0
h

2. Comparison with usual classical separate ratlo estimator
¥, i=1,2,..,5, performs better than ¥ if.

' Ej EZ
MSE(t,?) < MSE(Fi) = Z W2 72 {A,, - —} Z W2 V2(Ap + Dy — 2E) = Z W2 72 {ZEh — Dy _F} <0
h=1 h=1

3. Comparison with usual classical combined ratio estlmator
ti(l), i=1,2,..,5, performs better than y .y if:

L L
i _ E3) _ ER)
MSE(t;") < MSE(¥i) = Z W2 72 {A,, - D—h} <V2(A+D-2E)= Z /% {A,, - D—h} —-Y2(4+D-2E)<0
h= h - h

4. Comparison with usual classical separate regression estimator
¥ i=1,2,..,5, performs better than J_’s'reg if:

L —
(L _ y2E2
MSE(t; ()) min < MSE()’Sreg) Z Wi Vi {An __} Z W2 V24, + Bhy XiDy — ZﬁnyxXnYnEn = Z Wi {ZﬁnyxXnYnEn BiayxXiDy — hD h} <0
=1 n
5. Comparison with usual classmal combined regression estimator
t:9,1,2, ..., 5, performs better than Vereg If:

@ E? c? _ _ _
MSE(t,"), . < MSE(ireg) = Z W2 V214, - D— < Y2A+ B2X*D - 28 XYE = z W2 V214, — B {V2A+ B2X?D — 2B.XYE} < 0
h=1 h=1

6. Comparison with Onyeka et al. (2019) estimator

t® i=1,2,..,5, performs better than 3705(1),1 =1, 2 VALK

1
; E
MSE(t") < MSE(7,) = z W2 2 {A,, ——} z W2 2 [A,, +=22D), — A; E,,] Z W2 ¥? {z E, — —/120,1 D"} <0
h

4.2.2. For Combined Regressmn Estlmator.

1. Comparison with Hansen and Hurwitz estimator
t:9, i =1,2,...,5 Performs better than " if:
MSE(t,") < MSE(y") = 7? [

2 2

<7V4> E—<0
D

2. Comparison with usual classical separate ratio estimator
.9, i=1,2,..,5, performs better than ng if'

MSE(t,") . < MSE(Fi) = 72 [A - Z W2 Y2(Ay + Dy, — 2E,) = 72 [A - —] Z W2 Y2(A, + Dy — 2E,) <0

h=1

3. Comparison with usual classical combined ratio estimator
t;(‘), i=1,2,..,5, performs better than y . if:

(i o E2
MSE(t,") < MSEFe) = 72 [A -5

_ _ E?
<yz(A+D—215):>1/2[215—0—H <0

4. Comparison with usual classical separate regression estimator
t;(l), i=1,2,..,5, performs better than yg,, if:

L L
i . _ E? _ = o _ E? _ = o
MSE(tz"’)mm < MSE(Véreq) = V2 [A - F] < Z W2 [V2Ay + BRyxXiDy — 2By Xy Vi En] = 72 [A - F] - Z W2 [V2Ay, + BRyXEDy — 2Bnyx X ViEn] < 0
h=1 h=1

5. Comparison with usual classical combined regression estimator
t;(l), 1,2,..,5, performs better than ye,. if:

\V2 ]

Y°E <0
D

i _ E?] _ o __ _
MSE(t;"), . < MSE(Vereg) = V? [A — 5| <V?A+BEX*D - 2B.XVE = [ZﬁEXYE — B2X%D —

6. Comparison with Onyeka et al. (2019) estimator

., i=1,2,..,5, performs better than yo;‘),l =12,..,7if:

L
, _ _ 1 _ E? _ 1
MSE(6) < MSE(5,{) = ¥? [ 2 72 [Ah + 728D, = /L-Eh] = 72 [A - 5] - Z Wi 72 [Ah +7 28D — AiEh] <0
h=1
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5. EMPIRICAL STUDY

In this section we investigate our theoretical results with the help of two real data sets.

Population I: (Source: Koyuncu and Kadilar (2009)). We consider No. of teachers as study variable (Y) and No. of

classes in primary and secondary schools as auxiliary variable (X), for 923 districts at six 6 regions (1: Marmara, 2:

Agean, 3: Mediterranean,4: Central Anatolia, 5: Black Sea, and 6: East and Southeast Anatolia) in Turkey in2007.

Table 2 The descriptive statistics for Population |
2 3 4 5 6

h 1

Ny 127 117 103 170 205 201

ny 31 21 29 38 22 39

Shy 883.84 644.92 1033.40 810.58 403.65 77172

Shx 555.58 365.46 612.95 458.03 260.85 397.05

A 703.74 413 573.17 424.66 267.03 393.84

X, 498.28 318.33 431.36 311.32 227.2 313.71

Bang) 2.3149 11.1909 10.7864 8.6241 9.7209 14.407

Phxy 0.979 0.976 0.984 0.983 0.964 0.983
W,;, = 10% Non — response

Shy(2) 510.57 386.77 1872.88 1603.3 264.19 497.84

Shx(2) 303.92 278.51 960.71 821.29 190.85 287.99

Phxy(2) 0.9931 0.9871 0.9972 0.9942 0.985 0.9647
W,;, = 20% Non —r

Shy@) 396.77 406.15 1654.40 1333.35 335.83 903.91

Shx(2) 244.56 274.42 965.42 680.28 21449 | 469.86

Prxy@) 0.9898 0.9798 0.9846 0.9940 0.9818 0.9874
W, = 30% Non — response

Shy(2) 500.26 356.95 1383.70 1193.47 289.41 825.24

Shx(2) 284.44 247.63 811.21 631.28 188.30 | 437.90

Prxy(2) 0.9739 0.9793 0.9839 0.9904 0.9799 0.9829

Population I1:
(Source: Singh and Mangat (p no.369)). We consider No. of tube wells as study variable (Y) and No. of tractors as
auxiliary variable(X). We divided the population of size 69 into three strata and a sample is selected from each
stratum by proportional allocation.
Table 3 The descriptive statistics for Population 11
h 1 2 3

Ny 22 27 20

ny 8 10 7

Syn 122.73 117.55 102.68

Sy 16.67 18.02 16.41

A 149.14 126.70 131.55

X, 22.59 20.26 21.05

Bano) 3.95 6.49 1.49

Phxy 0.939 0.961 0.800
W,;, = 10% Non — resp

Swy2) 31.82 56.32 153.44

Shx(z) 6.36 954 24.04

Phiy(2) 1.00 0.999 1.00
W, =20% Non — resp

Shy(@) 92.65 24.06 186.55

Snx(z) 13.96 3.91 2727

Phiy(2) 0.920 0.726 0.900
W,, =30% Non —resp

Shy2) 70.76 98.84 127.72

Shx(z) 12.05 16.16 11.76

Phy() 0.774 0.976 0.950

The %RE of the existing and proposed estimators with Hansen and Hurwitz estimator in the situation 1 and situation
Il for Population | are respectively in Table 4 and Table 5.
Table 4%RE of the existing and proposed estimators with Hansen and Hurwitz estimator. Situation |

W, = 10% Non — resp

Estimators Ky=2 K, =2.5 K,=3 K, =35 Ky=14
7 100 100 100 100 100
Vir 102172 | 102233 | 101968 | 1023.33 | 1023.73
Tia 1031.44 | 102339 | 101342 | 1010.73 | 100566
Vireq 250579 | 257118 | 2603.44 | 2647.60 | 2680.06
Vereq 226625 | 231400 | 2367.05 | 241191 | 245027
g 24518 | 24457 243.28 | 243.58 243.19
g 24413 | 24352 242.24 | 24254 242.14
7. ® 237.43 236.89 235.70 236.04 235.69
[ 244,56 243.95 242,68 242.98 242.59
7. 245.05 244.44 243.15 243.46 243.06
7@ 244.39 243.78 24250 | 242.80 242.41
| 7. 237.27 | 23674 23555 | 235.89 235.55
oe
102172 | 102233 | 101968 | 102333 | 1023.73
[;(t)
i=1-5 | 256404 | 264496 | 271759 | 280398 | 2884.16
[;(t)
i=1-5 | 219889 | 225698 | 230471 | 236376 | 241276

W,p = 20% Non — response
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7 100.00 | _100.00 10000 _|_100.00 100,00
Vi 101946 | 1019.28 | 1019.10 | 1018.97 | 1018.85
Vin 104518 | 103284 | 1029.08 | 1026.05 | 1023.57
Vareg 266210 | 272573 | 279482 | 285333 | 2903.71
Fereg 2280.98 | 233991 | 240531 | 246232 | 251265
7 24643 | 243.97 24343 | 243.00 242.64
7 24537 | 242.92 24238 | 241.95 241.59
7. 238.48 236.10 235.59 235.17 234.83
g 24580 | 243.36 242.83 242.40 242.05
[ 24630 | 243.84 243.31 242.88 242.52
7o 245.63 243.18 242.65 242.22 241.86
7.0 23832 | 235.95 23543 | 235.02 234.68
7 102686 | 1019.28 | 1019.11 | 101897 | 1018.85
t‘(l)
i=1-5 | 260445 | 278422 | 288078 | 296692 | 3043.94
t‘(l)
i=1-5 | 228008 | 233001 | 240531 | 246232 | 251265

W,, =30%Non—r

7 100.00 | 100.00 100.00 | 100.00 100,00
Ven 1027.85 | 103021 | 103204 | 103348 | 1034.66
Vi 104322 | 1040.35 | 103815 | 103642 | 1035.02
Fsreg 257349 | 262546 | 2666.63 | 270029 | 272823
Vereq 2231.68 | 228493 | 232742 | 236231 | 239128
[ 245.42 245.01 244.70 244.45 244.25
7o 24436 | 24395 24363 | 24335 243.18
7 237.49 | 237.09 236.78 | 23654 236.34
7ok 24480 | 24439 24408 | 243.84 243.64
7 24529 | 24488 24457 | 24432 24412
[ 244.62 244.21 243.90 243.66 243.46
[ 237.33 236.93 236.63 236.39 236.19
[ 1027.85 | 1030.21 1032.04 | 1033.48 1034.66
)

i=1-5 | 250587 | 266430 | 272205 | 2r7ize | 281402
t‘(L)

i=1-5 | 224180 | 230220 | 235188 | 230346 | 242883

Table 5 -Situation |1
W,, =10% Non —r

Estimators | Ko =2 | K, =25 | K= Ki=35 | Ky—4
7 277610 | 300314 | 322019 | 345723 | 3684.28
Vi 68171 | 908.76 113580 | 136285 | 1589.89
Ve 674.64 | 90168 1128.73 | 135577 | 1582.82
Fireg 55021 | 777.25 100430 | 123134 | 1458.37
Vereq 566.14 | 793.8 102024 | 124729 | 147430
A 139496 | 162201 | 1849.05 | 207610 | 2303.14
7D 1399.00 | 162604 | 1853.09 | 2080.13 | 2307.18
7 142635 | 165340 | 1880.44 | 2107.49 | 233453
7D 1397.43 | 1624.47 185152 | 2078.56 2305.61
7 139548 | 162252 | 184957 | 207661 | 2303.66
7. 1398.06 | 162511 | 185215 | 2079.20 | 2306.24

| 7.2 1427.02 | 165410 | 188111 | 210816 | 2335.20
7 68171 | 908.76 113580 | 136285 | 1589.89
t’(t)
i=1-5 | ss021 | 777.05 100430 | 123135 | 1458.39
e
i=1-5 | 40036 | 31862 31563 | 277.18 249.90

W, = 20% Non — resp

7 3169.92 | 359387 | 4017.83 | 444178 | 4865.74
Vi 107553 | 149949 | 1923.44 | 2347.39 | 2771.35
Tie 1068.46 | 149241 | 101637 | 2340.32 | 2764.27
Fireg 94403 | 136798 | 179194 | 221589 | 2639.85
Vereg 95006 | 138391 | 1807.87 | 223182 | 2655.77
[ 1788.78 | 2212.74 2636.69 | 3060.65 3484.60
7.2 1792.81 | 2216.77 2640.72 | 3064.68 3488.63
70 182017 | 224412 | 2668.08 | 309208 | 3515.99
A 179124 | 221520 | 2639.15 | 3063.11 | 3487.06
7 1789.29 | 221325 | 2637.20 | 306116 | 348511
y.© 1791.88 | 221584 2639.79 | 3063.75 3487.70
7.0 182084 | 2244.80 2668.75 | 3092.71 3516.66
> 107553 | 149949 | 1923.44 | 2347.39 | 2771.35
t'(f)

i=1-5 | oas03 | 136798 | 170104 | 221580 | 263085
ol

i=1-5 | 33021 | 25069 22224 | 199.02 183.21

W, = 30% Non — resp

7 3331.90 | 383685 | 434180 | 4846.75 | 535169
Vo 123752 | 174246 | 204741 | 2752.35 | 3257.31
Fin 123044 | 173530 | 204034 | 274528 | 3250.23
Vireg 110601 | 1610.956 | 211591 | 2620.86 | 3125.80
Fereg 112193 | 162689 | 213189 | 2636.83 | 314177
[ 195077 | 245572 | 2960.66 | 346561 | 3970.56
7 195480 | 2459.75 | 2964.69 | 3469.64 | 3974.59
7 198215 | 2487.10 | 299205 | 3497.00 | 4001.94
7o) 195323 | 245818 | 296312 | 3468.07 | 3973.02

| 79 195128 | 245623 | 206117 | 3466.12 | 3971.07
7. 1953.87 | 245881 | 2963.76 | 3468.71 | 3973.66

| 7. 1982.83 | 2487.78 | 2092.72 | 3497.67 | 4002.62
7. 123752 | 174246 | 204741 | 275235 | 3257.31
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/(@)
t
i=1-5 1106.01 1610.96 211591 2620.86 3125.80
/(@)
)
i=1-5 296.98 235.84 203.66 183.81 170.34

The %RE of the existing and proposed estimators with Hansen and Hurwitz estimator in the situation 1 and situation
Il for Population 11 are respectively in Table 6 and table 7
Table 6. Situation |

W,;, = 10% Non — response
Estimators | Ky =2 | Kp=25 | Ky=3 | K,=35 | K =4
7 10000 | 100,00 10000 | 100.00 100.00
Van 52526 | 52485 52439 | 523.99 52353
7 53164 | 53128 53091 | 53055 530.24
768.79 | 75122 73453 | 71857 703.20
57298 | 568.65 56439 | 560.14 556.00
22740 | 22338 21949 | 21574 212.12
21954 | 21551 21164 | 207.90 204.28
19205 | 18861 18528 | 182.07 178.98
21710 | 213.08 20921 | 20548 201.88
22527 | 22115 21719 | 21336 200,66
21873 | 21472 21086 | 207.13 20359
19057 | 187.09 18374 | 18050 177.38
52526 | 52485 52439 | 523.99 523.53
77328 | 759.96 74821 | 737.63 728.03
57389 | 58854 60339 | 562.13 633.41
W,;, = 20% Non — response
7 10000 | 100.00 10000 | 100.00 100.00
Y 498.34_| 500.46 50232 | 503.89 505.31
Vix 50323 | 505.04 50654 | 507.88 509.03
Vireg 674.60 | 64831 627.48 | 61057 596.58
Fereg 52313 | 51535 508.86 | 503.40 49874
g 227.49 | 230.10 232.36 | 234.34 236.10
72 219.82 | 222.08 224.42 | 226.30 227.96
3.3 194.36 | 197.45 200.16 | 202.55 204.67
3. 21804 | 21975 20182 | 223.65 225.27
3. 22517 | 22755 22061 | 231.43 233.03
7. 219.03 | 22150 22364 | 22553 227.20
7. 192.79 | 195.77 198.38 | 200.68 202.73
7 49834 | 500.46 502.32 | 503.89 505.31
t*(l)
i=1-5 | 68320 | 668.00 645.66 | 63252 621.76
t;(”
i=1-5 | 52767 | 523.42 52064 | 51882 517.61
W, = 30% Non — resp
7 10000 | 100.00 10000 | 100.00 100.00
Vi 487.87 | 486.07 48461 | 483.37 482.28
Vix 49585 | 494.87 494.05 | 493.35 492.76
Fireq 550.27 | 500.41 46516 | 438.87 41855
Vereg 52503 | 518.10 51243 | 507.71 503.69
g 22385 | 224.93 22585 | 22664 22732
[ 21634 | 217.36 218.23 | 218.98 219.62
7 189.91 | 191.12 192.15 | 193.03 103.79
g 214.04 | 215.07 21593 | 216.68 217.32
7. 22179 | 22278 22361 | 22433 224.94
7. 21558 | 216.62 21750 | 21825 21891
7. 188.46 | 189.63 19062 | 191.46 192.19
7@ 487.87 | 486.07 484,61 | 48337 482.28
588.00 | 56052 54541 | 53727 53331
52679 | 52122 51696 | 513.60 510.86
Table 7 . Situation 11
W, = 10% Non — resp
Estimators Kp=2 K, =25 Kp=3 Ky, =35 Ky=14
7 10000 | 100.00 10000 | 100.00 109.00
v 39449 | 36174 33555 | 314.13 296.27
Vi 397.99 | 36457 33791 | 316.13 298.02
Fireg 53352 | 470.79 42392 | 387.56 358.53
Vereg 42500 | 386.40 35599 | 33143 31116
g 20520 | 198.76 193.08 | 188.01 183.47
7. 199.24 | 193.34 188.10 | 183.42 179.22
7. 176.96 | 172.88 169.20 | 165.87 162.86
g 197.37 | 19163 18653 | 18197 177.87
7. 20374 | 197.45 191.87 | 186.90 182.43
7. 19859 | 19275 18756 | 182.92 178.75
7.7 17585 | 17184 16824 | 164.98 162.01
7 39449 | 36174 33555 | 31413 296.27
t‘(i)
i=1-5 | 53352 | 47079 42392 | 387.56 358.53
t‘(i)
i=1-5 | 42500 | 386.40 35590 | 33143 311.16
W,y = 20% Non — response
7 10000 | 100.00 10000 | 100.00 100.00
Vi 29261 | 25350 22759 | 209.16 195.39
Vi 29429 | 25466 228.45 | 20984 195.95
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Fireg 35272 | 29334 25655 | 23152 213.40
Vereg 307.03_| 26335 23489 | 21488 20004
g 18250 | 171.19 162.60 | 155.86 150.44
Tl 17832 | 167.79 15076 | 153.43 148.31
T 16220 | 15451 14850 | 143.69 139.75
T 17699 | 166.71 158.85 | 152.65 147.63
o 18148 | 17036 16191 | 155.27 149.92
7o 177.86 | 167.41 159.44 | 153.15 148.07
7.7 161.38 | 153.81 147.91 | 14317 139.29
7o 292.61 | 25350 227.59 | 209.16 195.39
t'(‘)

i=1-5 | 35272 | 20334 25655 | 23152 213.40
t'(‘)

i=1-5 | 30703 | 26335 23489 | 21488 200.04

W;, =30%Non—r

7 10000 | 100.00 10000 | 100.00 100.00
Ve 27932 | 241.00 21618 | 198.79 185.93
Vi 28082 | 242.02 21693 | 199.38 186.41
Vireg 33200 | 27537 24096 | 217.83 20123
Vereg 292.09 | 24958 22248 | 20370 189.91
g 178.85 | 167.17 158.50 | 151.81 146.50
7.2 174.93 | 164.03 155.90 | 149.61 144,58
7. 159.75 | 15171 14558 | 140.75 136.85
7 173.69 | 163.04 15508 | 148.90 143.97
e 177.90 | 166.41 157.87 | 151.28 146.03
A 17450 | 163.69 15562 | 149.36 144,37
I 158.97 | 151.07 14504 | 140.28 136.43
7o 300.02 | 262.35 237.40 | 219.66 206.39
t'(l)

i=1-5 | 33200 | 27537 24096 | 217.83 201.23
t'(l)

i=1-5 | 20200 | 24958 22248 | 20370 189.91

6. CONCLUSION

In this article we have considered the issue of determining the population mean in stratified random sampling in the
situation of non-response under two conditions. The properties of improved versions of separate and combined
regression type estimators for finite population means have been examined up to the first degree of approximation

under large sample conditions, and their properties have been discussed. The proposed estimators t;(i); i=1-

5have the same optimal MSE and also t;‘(i); i =1 — 5 have the same MSE. Also the proposed estimators ti(i); i=

1 — 5have the same optimal MSE and also t;(i); i =1 — 5 have the same MSE. The %RE of the estimators t;‘(i); i=
1 — 5and t;(” ; i = 1 — 5have been compared with existing estimators for different values of K and response rates.
Also, for Situation Il the estimator t{(l);i =1 - 5and t;(l);i = 1 — 5have also been compared with other existing

estimators for different values of K and response rates. The proposed estimators tl*(i) ;i =1 — 5 is more efficient

—% —%  —%  —% — —*(1) —*(2) =*(3) =*(4) —*(5) —=*(6) —=*(7) —=*(8 - *(0)
thany 'YSR'yCR'ySreg'yCreg'yol(c ),yo,(( ),yo,(( ),yo,(( ),yo,(( ),yo,(( ),yo,i >,y0,§ Dand the proposed estlmatorstz(’);z =

1 — 5 is more efficient thany* , s, T, » Feregs Tan s T s Ty Fai, T, 7, 527, a2 for situation 1 of non-
response. Also The proposed estimators t{(i); i =1 — 5 is more efficient than y* , Vg, Vir

Teregr Tai s Tol, 70D, 32, 51 5/ 577 578 but are equally efficient to 7,.,and the proposed estimators

t, ;i = 1 — 5 is more efficient thany™ , g, Ter, Tog s Tag s Tow s Te s Tos s To s Ta > T but are equally

efficient to , y¢,., for situation Il of non-response. The areas where the proposed estimators to be more efficient than
competitors are obtained. To evaluate the benefits of the proposed estimators over others, a real data sets was
investigated in support of the current study. According to empirical study, the proposed estimators are more efficient
than existing estimators.
RECEIVED: MARCH, 2023.
REVISED: MAY, 2023.
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