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Abstract

In this paper we have proposed a general class of estimators under median ranked set sampling (MRSS) both
one auxiliary and multi-auxiliary variables are known. The mean square error (MSE) and bias formulas are
derived by theoretically. We have conducted a simulation study to see the performance of proposed
estimators. Also it is shown that the proposed estimators are always more efficient than existing estimators by
theoretically. From simulation study we can say that suggested class of estimator performs better than Al-
Omari [1] estimator and conclude that regression type estimator gives always more efficient results than Al-
Omari [1] estimator.

Keywords: Auxiliary information, Efficiency, Median ranked set sampling, Monte Carlo simulation, Ratio
estimator.

Oz

Bu calismada, medyan sirali kiime Grneklemesi (MSKO) altinda hem bir yardime: degisken hem de birden ¢cok
yardimct degisken bilinmesi durumunda genel bir tahmin edici sinifi onerilmistir. Hata kareler ortalamast
(HKO) ve yanhilik formiilleri teorik olarak elde edilmistir. Onerilen tahmin edicilerin performansmn gérmek
icin bir benzetim ¢alismast yapilmistir. Ayrica onerilen tahmin edicilerin mevcut tahmin edicilerden her
zaman daha etkin oldugu teorik olarak gésterilmistir. Benzetim ¢alismasindan, 6nerilen tahmin edici sinifinin
Al-Omari [1] tahmin edicisinden daha iyi performans gosterdigi sdylenebilir ve regresyon tipi tahmin
edicinin, Al-Omari[l] tahmin edicisinden her zaman daha etkin sonuglar verdigi sonucuna varilabilir.

Anahtar sozciikler: Yardimci degisken, Etkinlik, Medyan swrali kiime érneklemesi, Monte Carlo benzetimi,
Oransal Tahmin.

1. Introduction

Ranked set sampling (RSS) is more efficient sampling plan than simple random sampling (SRS) when the
measurements are difficult or expensive to obtain but ranking of units is relatively easy and cheap. Many
authors developed and modified this sampling plan to estimate population parameters such as Al-Saleh
and Al-Omari [2], Jemain and Al-Omari [3], Jemain et al. [4], Ozturk and Jafari Jozani [5], Amiri et al. [6]
etc. Recently Al-Omari and Al-Nasser [7], used robust extreme ranked set sampling to estimate median.
Al-Omari and Ragab [8] studied truncation-based ranked set samples to estimate population mean and
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median. Haq et al. [9-10] introduced partial ranked set sampling and mixed ranked set sampling designs
respectively. Some authors prefered various ranked set sampling designs to estimate parameters of
distributions. Bhoj and Kushary [11-12] proposed a ranked set sampling procedure with unequal samples
and unequal replications to estimate the population mean and have extended their study for skewed
distributions. Samuh and Qtait [13] used median ranked set sampling to estimate parameters of
exponentiated exponential distribution. Omar and lbrahim [14] used extreme ranked set sampling to
estimate shape and scale parameters of the Pareto distribution.

In sampling literature another way to get more efficient estimates is that using ratio estimator when the
information of auxiliary variable is available. Moving this point, many authors proposed ratio estimators
under different sampling desings (see [15-17]). But in median ranked set sampling (MRSS) there are a few
studies related with ratio estimators. Al-Omari [1] first defined ratio estimators in MRSS and Koyuncu
[18-19] proposed new ratio estimators in MRSS and extended ratio estimators to extreme ranked set and
double robust extreme ranked set sampling.

In this study we have proposed more general class of estimators in MRSS when one auxiliary is known.
Also we have extended our results for the case: multi-auxiliary variables are known. SRS and MRSS are
defined in Section2 and Section3 respectively. In Section4, we have suggested a class of estimators in
MRSS. Simulation study is given in Section5 and we have summarized our results in this section.

2. Simple Random Sampling

We have reviewed some well known estimators in SRS. Let U:(ul,uz,...,uN) denote a finite

population of size N. Let Y be the study; X and Z be two auxiliary variables associated with each unit
u;(j=1...,N) of the population. A sample of size n is drawn without replacement from the population.

Let (X,,Z,,Y,).(X,.Z,,Y,),....(X,,Z,.,Y,) denote the observed values of Y, X and Z. Moreover let

Y, > X, >z,
1 2 _ =1

Hyo by By o Yops =, Xepg = - , Zens =-——— be the population and sample means of study
n n
and two auxiliary variables respectively.

The well known ratio estimator using SRS is defined by

/’lX (1)

Yr srs = Ysrs =
SRS

where Xz # 0. If the quantiles of auxiliary variable, q,,q, are known Al-Omari [1] defined ratio type
estimators in SRS as

iV IV Hy + ql

Yr1 srs = Ysrs = 2
B Xsrs T 01

v v Hy + q3

Yr2_srs = Ysrs = 3)
N Xsrs T U3

The regression-type estimator of population mean using one auxiliary variable is defined by

Yre gl SRS — Ysrs + bSRSl (;ux — Xsps ) (4)
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S :
where by, = ——=" denotes the estimator of regression coefficient and s%RS_X ==L n :
SRS _x n-
n
Z(yi = Vers ) (% = Xsps )
Ssrs_yx = = n_1 , [20]).

If two auxiliary variables are available the ratio type and regression-type estimators are, respectively,
defined as

v g M M
Yrs srs = Yors =~ o 5)
SRS ZSRS
yRegZ_SRS = Veps + bSRSl (;ux — Xsps ) + bSRsz (/uz — Zgps ) (6)
S
where bggs, =y denotes the estimator of regression coefficient for second auxiliary variable and
SRS z
n _ 2 n
) _ 1(Zi_ZSR5) Z(yi_ySRS)(Zi_ZSRS)
S — 1= , S = i=1 y 20 .
SRS z n—1 SRS _yz n—1 [20])

3. Median Ranked Set Sampling
For the sake of brevity we follow Al-Omari [1] sampling design and notations given by

1. Randomly select n samples each of size N multivariate units from the population.

2. The units within each sample are ranked with respect to a variable of interest.

n+1
3. If n is odd, select the [Tjth—smallest ranked unit auxiliary variables together with the associated
. . . . . .n
study variable from each set, i.e., the median of each set. If n is even, from the first E sets select the

n . - . . . . n
(—] th ranked unit auxiliary variables together with the associated study variable and from the other >
n+2 N : : : :
sets select the T th ranked unit auxiliary variables together with the associated study variables.

4. The above procedure can be repeated m times to obtain a sample of size nm units.

To extend our results to multivariate case we assume that Y is study variable and X and Z are auxiliary
variable. In application to ranked the samples we prefer higly correlated auxiliary variable with study
variable.
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Let (Xi(l),Zi(l),Yi[l]), (X i) i Y[Z]) (Xi(n ,Zi(n),Yi[n]) be the order statistics of X, X;,,..., Xj,,

Z,,Z,,...,Z, and thejudgement order of Y,;,Y;,,....Y,, (i=12,...,n), where ( ) and [ | indicate
that the ranking of X, Z is perfect and ranking of Y has errors. For odd and even sample sizes the units
measured using MRSS are denoted by MRSSO and MRSSE, respectively.

For odd sample size let

[UUMMUUHHUUHJ

= 18 - 13
denote the observed units by MRSSO. XMRSSO:_ZXKMJ’ Zyrsso = — 2, Z } and
ne (M

N '(n%l

1 n
Virsso :HZY-[M} be the sample mean of X ,Zand Y respectively.

S

For even sample size let

[X{zrz{zj’f[;ﬂ’(thzrzz@ﬁz{:ﬂ""’(X;@’Zz{zﬂzm]’(X“fm’zm;m’“;m

X Z Y o X g Z Y
{ Bty HJ [ (CHRLCYILE

ﬂ denote the observed units by MRSSE.

n

1| 2 1| 2
=— + X , Z, =— .
MRSSE n Zl (Ej i%z (n;—Z] MRSSE n Z]; '[*) I:nizz |[ 22)

n
- 1] 2 g . .
and Yypsse = — Z ..»1 | be the sample mean of X, Zand Y respectively. Let rewrite the
IRKENRNES
sample Means as Xyyess ;) Zurss )+ Ywrss(j) Where J =(E,O) denote the sample size even or odd.

In MRSS we can re-write estimators in defined in section two as given by, respectively

Hy

yR_MRSS = yMRSS( Ve ()
MRSS( j)
o . T O
Yri mrss = Ywrss() = o (8)
0 XMRSS +0
_ _ +q
Yr2_mrss = Ywrss(j) 2 9)

XMRSS + q3
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Yreg1_mrss = Yurss(j) T Burss: (:ux - XMRSS(])) (10)

where by, denotes the estimator of regression coefficient under MRSS

p n+. S N+
—1ﬂiillil;l,n is odd

b

wessi(j) = ( ] * oot j [Syxm ] }
)

s sttty (il s

and 'Oxy{”i}’ Yol m represent correlation coefficient between study and auxiliary variable for odd and

,niseven

2 2
even sample sizes.

If the two auxiliary variables are known, following estimators can be used

v - H K,

Yrs_mrss = Ywrss(j) = —— (11)
MRss(j) ZMRss(j)

Yreg2_wrss = Yurss(j) + Burss: (:ux ~ Xurss(j) ) +DByess2 (,uz - zMRSS(j)) (12)

where b5, denotes the estimator of regression coefficient of second auxiliary variable under MRSS

,0 n+S n+
—ji—jlliiil,n is odd

,niseven

RG]

(Swm+szy[“ﬂ]:[’)zv[z}“’zv[“ﬂ](s{ﬂ”{“fﬂ(svm“vm]'
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4. Suggested Classes of Estimators

Following Srivastava and Jhajj [21] and Koyuncu and Kadilar [22], we have defined a class of estimators
of population mean using MRSS as

ty = YurssyH (U) (13)

X _
where u=—"250 and H () is a function of U satisfies the following regularity conditions:
Hy

a) H(1)=1

b) The first and second order partial derivatives of H with respect to U exist and are known constants at
a given point U =1. Note that the estimators are defined in (7)-(9) are members of t,. Let us define
following expectations under MRSS as follows

P Yurss() ~ Ay e = YMRSS(j) Ay
0(i) 1 () P ’
y X

such that E (go(j)) =E (51(1)) =0 and j=(E,O) denote the sample size even or odd.

If sample size N is odd we can write

1 1
E (‘912(5)) = T [O'XZ@ +0':(n+22]], E («95(5)) = 2,2 {O‘jm + O-j{”;zﬂ

Expanding H (u) in a second order Taylor’s series we have

H(8) =H (1 (0 1)=H @)+ (0-) 5]

2
r(u-1y? LM

(14)
i 2 ou’

u=1

Note that |u —]4 < 1thus the higher order terms can be neglected. Putting (14) in (13) we have

ty = Vumss | 1+ (U=2) Hy +(u=1) H, +.. (15)
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_10°H

R =00 . Expressing (15) with & terms and extracting g, from both

u=l

where H, = 0
u u=1

sides we have

t, — 4y, = p, [51(,-)H1 +gf(j)H2 + &5+ €oyx5) Ha +] (16)

Taking expectation on both sides, the bias of class is given by

1
_[&“f@;l

)Hz +o-xy[MjHl} if odd

2

(17

B(tg ) = _p
_ = 2y 2 2 H H f
2nL, [/ux (GX(;J +O-X(n;2]] 2 +(o-yx[ﬂ +O_yx[”;1} l:l IT even

Squaring both sides of (16) and taking expectation we obtain the MSE is given by
2
(tg —,uy) =~ ,uj [gg(j) + 512(1.)H12 + 280(1.)81(1.)H1]

_a:(njof N ZZ—iaXy(M)Hl] if odd

2

Alor ot nzeots H, | if
i (“{z)“’wﬂ o ("y{;r‘wﬂ }

(18)

MSE (t, ) =

Differentiating (18) with respect to H, and putting again we obtain minimum MSE as

1 2 2 -
- 1- , nis odd
U[ ”xm] ”

) O e

Note that this is also MSE of V.1 wrss - (Se€ Koyuncu [19] for details )

MSE,,, (t, ) =

Srivastava [23] defined a wider class in simple random sampling. Secondly taking motivation from
Srivastava [23] we have suggested wider class of estimators as

t,=H (VMRSS(j)’u) (20)

where H (VMRSS(D,U) is a function of Yyqss(;) and U satisfy the following regularity conditions:

a) The point (VMRSS(D,U) assumes the value in a bounded, closed convex subset R, of two-

dimensional real space containing the point (\7,1) .
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b) The function H (VMRSS(j)’u) is continuous and bounded in R, .
¢) H(Y,1)=Y and H,(Y,1)=1 which is first order partial derivative of H with respect to

VMRSS '
d) The first and second order partial derivatives of H (VMRSS,U) exist and are continuous and
bounded inR, .

Expanding H (VMRSS(D , u) about point of (\7,1) in a second order Taylor series we have
t,=H (VMRSS(j)’u) =H |:(Y_+(7MRSS(j) _ﬂy)>a(1+(u _1)” (21)

_ _ _ 2
t, = Vyrss(jy T (U—1)H, +(u —1)2 H, +(yMRssm _/”y)(u ~1)H, +(yMRSS(J') _ﬂy) H,

where
oH 1 0°H 1 0°H 1 0°H
T BT e St R
Ymrss =4y U=1 Ymrss =4y U=l WMRSS Ymrss =4y U=1 y Tnarss =4y U=1
Extracting 4, from both sides of (21) we obtain
t,—u, = HyE( i) +51(j)H1 +812(J.)H2 +<9O(J.)<C,‘1(J.)H3 +g§(j)H4 (22)
The bias of t,, is, given by
l(%az n+1 H2+ < O rha H3+i20-2 n+1 H4] if odd
g ) e ST g oY
B(t,)=
S iz[azn +o’ JH2+ ! (0 o ]H3+i2[62n +o’ JH4 if even
an| (3] A A m B
(23)
The MSE of t, is, given by
E(GZ n+1 +i262 n+l le +2i6 n+l HlJ If Odd
n( % o e o)

MSE(t,)=

1 2 2 1 2 2 2 1 i
2n 2 H +2— H, | if
2n &%m + Uy[n;zﬂ+ ,sz Lax(g) + ax(”f]] .t m [va[ﬂ + ny[”*ﬂ] 1} if even

(24)
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After differentiating with respect to H, and putting it (24) we obtain the MSE_ (tw) is equal to

MSE ;.. (tg). This means that the usual linear regression estimator is special case of wider class of
estimator.

Now we define a general class of estimators using multivariate auxiliary variable as

Y = VMRSS(j)H (ul’UZ""'up): VMRSS(j)H (H) (25)
YMRss(j)k . . .
where U, = k=1,2,..., p and H(u) is a parametric function such that H(e)=1 for
/uxk
€= (1,1,...,1)*p, satisfying certain regularity condition such as the first and second order partial

derivatives of H with respect to U exist and are known. Expanding H(g) around the € by using second
order Taylor’s series we have

, A2
1) =l b-gl=HEru-o S+l oo )
Putting (26) in (25) we have
= 1 '
Y. =ﬂy{1+80(,-)+(u—§)i+§(u—§) i(u—g)ﬂo(,-)(u—g)iJr--} (27)
2
where H,=— d H,= 2 - are the matrices consisting of first and second order partial
o — lu=e o u—! u=e

derivatives of the function H with respect to U and evaluated at U = €.

1 ’
B(5.) = E| 3(u-2) Hy(u-) oy (u-2) . 9
Lyt oYt o H if odd
_ n"’ia Hy Xk[%] k=1 My My ka[TJrj
B(V,)=
iﬂy Zp:iz o’ tol H2k+zp: L O (1 +0 o |Hu | if even
2n T p\ ) ) S gty oz
(29)

where H,; and H,; denote jth diagonal element of H, and jth component of H , respectively.

MSE (7, )= ﬂje{gg +H, (u-e) (u—e)H, +26,(u—e) Hl} (30)
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,u_j iaz st Zk:p 0.0 H, + ! Zkzzk:HnHlptp c,.0C if odd
n ,Uj V(n%l) HyHy =1 e HytHys =1 s=1 Mo
I 1 1 <
MSE (V,) = —| o +ok,. }LZ [ ato . JH
R e o) o2 CR ) L I
2n 1 k&
H,H

(31)

On differentiating with respect to H, = (Hll,..., Hlp)t and equating to zero, we will obtain a set of p
equations, as

A D) Tl G
TR s T Hyg by, g gty
H
O-x1x2(n;rl) i 2 O-xzxp(%lj H;l L O-yxz(”;'lj
oty 1 % motty o ITL T sy,
: : : : H,, :

lexp(%l) O-XZXp[%l] iaz y nyp{nzlj
/uxlﬂxp :uxzﬂxp :ufp Xp(%—l)_ L ’ ’UY‘UXP n

or AH, =C . This equation can easily be solved for unknown parametersas H, = A‘lc

1 -
MSE(Y,),,, = ”_“502["2”] (1R if odd )
s Jmin = 1 2 2 2 |
Znuj (Gy{;} +Gy[n;—2}}|:1_ Ry-XlXZ...xp:I If even

Note that this MSE is same with MSE of multivariate regression estimator.

Corollary: A wider class of estimators for estimating population mean , using p auxiliary variables
Ly My, CaN €asily be defined as

Y. =H (VMRSS(j)’g)

where H ( , ) is a parametric function such that H (V,g) =1, satisfying certain regularity conditions. It is
easy to show that a wider class of estimators Y, has the same asymtotic mean square error as that of the

general class of ratio type estimators of population mean defined at VMRSS( J.)H ( u ) :
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5. Simulation Study

In this section, we conducted a simulation study to investigate the properties of proposed estimators. In

the simulation study, we track following steps:

1. Generate correlated four finite populations of size N =10000 using bivariate normal distribution
using “mvrnorm” function in R programme. In the simulation, we considered &, =2, u, =3, Hy = 4.

To see the efficiency of correlation we consider different correlations. To use the ratio type estimators we
have taken into account only positive correlations. We have generated populations with different
covariance matrices as given below:

Population |
18 3 29
2| 3 3 11| Pw70408 Py =0.3418 p,, =0.3175
29 11 4
Population |1
14 3 29
2_| 3 2 11 P, =0.5669 p,, =0.5480 p. =055
29 11 2
Population I11
10 3 29
o=l 3 2 11|P»= 0.6708 Py, =0.6485 p. =055
29 11 2
Population IV
6 3 29
2_| 3 2 11 P, =0.8660 p,, =0.8372 p. =055
29 11 2

2. Select samples size from bivariate normal distributions using SRS and MRSS for n=5,6,7,8 on the

basis of 60.000 replications respectively.

3. CompUte mean estimation USing nysRS’ VRLSRS’ VRZ_SRS' VRS_SRS' yReglfSRS’ 7R99275RS 'nyMRSS'
Yr1 wmrss© Yr2 Mrss+ YR3 Mrss @ Yregr mrss @N0 Yrego wrss from samples.

4. Computed MSEs and percent relative efficiencies (PREs) of estimators with respect to Y g for

n=>5,6,7,8 on the basis of 60.000 replications and displayed in Table 1-Table 4. We used following

formula to calculate PRE values:



PRE,; =

MSE (Vx_ses )
MSE(Y,)
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*100
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where i=R_SRS, R1_SRS, R2_SRS, R3_SRS, Regl_SRS, Reg2_SRS, R_MRSS, R1_MRSS, R2_MRSS,
R3_MRSS, Regl_MRSS, Reg2_ MRRS

Table 1: MSE and Efficiency of Estimators for Population |

n=>5 n=6 n=7 n=8
Estimator MSE PRE MSE PRE MSE PRE MSE PRE
VR_SRS 13164.0042 | 100.00 948.5593 | 100.00 753.8487 | 100.00 52.6932 | 100.00
le_SRS 8.6828 151609.71 | 4.1258 22991.10 | 2.9104 25901.97 | 2.4331 2165.68
yRZ_SRS 3.3443 393622.86 | 2.7754 34177.35 | 2.3691 31819.90 | 2.0342 2590.32
yRS_SRS 26038.5650 | 50.56 2531.9695 | 37.46 2295.0400 | 32.85 172.1833 | 30.60
yRegl_SRS 3.0754 428046.87 | 2.5875 36658.93 | 2.2239 33897.70 | 1.9212 2742.74
VRGQZ_SRS 2.9395 447824.38 | 2.4802 38245.61 | 2.1325 35350.10 | 1.8431 2858.95
yR_MRSS 3.8511 341828.74 | 1.5494 61222.79 | 2.4876 30304.07 | 1.0921 4824.86
le_MRSS 3.3535 392550.28 | 1.3704 69216.08 | 2.3136 32582.96 | 1.0117 5208.15
VRZ_MRSS 3.1856 413229.24 | 1.3215 71779.46 | 2.2542 33442.67 | 0.9921 5311.12
7R3_MRSS 115.7138 11376.35 2.1826 43460.93 | 3.9730 18974.23 | 1.3606 3872.78
yRegl_MRSS 3.1153 422555.38 | 1.2978 73089.57 | 2.2225 33918.36 | 0.9807 5372.81
VRGQZ_MRSS 2.9281 449576.12 | 1.2190 77812.19 | 2.0765 36304.05 | 0.9137 5766.88
Table 2: MSE and Efficiency of Estimators for Population 11
n=5 n=6 n=7 n=28
Estimator MSE PRE MSE PRE MSE PRE MSE PRE
yR_SRS 211.6173 | 100.00 6.7393 | 100.00 7.7910 | 100.00 216.1899 | 100.00
VRl_SRS 2.1825 9696.16 1.7635 | 382.16 1.4788 | 526.85 1.2896 16764.36
yRZ_SRS 2.1703 9750.69 1.7939 | 375.68 1.5215 | 512.07 1.3375 16163.55
yRS_SRS 445.1171 | 47.54 16.1187 | 41.81 20.0734 | 38.81 519.0859 | 41.65
yRegl_SRS 1.8579 11390.24 15479 | 435.40 1.3277 | 586.80 1.1668 18528.53
7RegZ_SRS 1.9815 10679.46 1.6448 | 409.72 1.4072 | 553.63 1.2367 17480.73
VR_MRss 2.0655 10245.43 0.8371 | 805.03 1.4182 | 549.37 0.6235 34672.35
VRl_MRSS 1.9183 11031.28 0.7906 | 852.48 1.3612 | 572.35 0.5986 36118.91
VRLMRSS 1.9222 11009.15 0.8097 | 832.31 1.3687 | 569.23 0.6098 35455.12
7R37MRSS 24221 8736.95 0.9280 | 726.25 15159 | 513.94 0.6480 33360.22
yRegl,MRSS 1.8496 11440.94 0.7730 | 871.86 1.3374 | 582.54 0.5914 36555.78
VRGQZ_MRSS 1.7780 11901.87 0.7588 | 888.11 1.2653 | 615.75 0.5643 38307.82
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Table 3: MSE and Efficiency of Estimators for Population 111
n=5 n=6 n=7 n=8

Estimator MSE PRE MSE PRE MSE PRE MSE PRE
VR_SRS 27.3732 | 100.00 24.3081 | 100.00 1.7696 | 100.00 1.2123 | 100.00
le_SRS 1.2764 2144.49 1.0329 | 2353.35 0.8629 | 205.07 0.7527 | 161.07
sz_SRS 1.3489 2029.24 1.1142 | 2181.74 0.9431 | 187.63 0.8285 | 146.33

7R3_SRS 145.0732 | 18.87 52.8522 | 45.99 3.1282 | 56.57 2.0634 | 58.75
yRe@u_SRS 1.0813 2531.59 0.9002 | 2700.33 0.7720 | 229.23 0.6776 | 178.91
VREQZ_SRS 1.1961 2288.51 0.9925 | 2449.24 0.8450 | 209.42 0.7432 | 163.12
yR_MRSS 1.2418 2204.27 0.4960 | 4900.34 0.8261 | 214.21 0.3642 | 332.85
le_MRSS 1.1382 2404.96 0.4618 | 5263.39 0.7906 | 223.84 0.3462 | 350.19
7RZ_MRSS 1.1614 2356.98 0.4856 | 5005.79 0.8082 | 218.97 0.3604 | 336.36
yRs_MRss 1.4280 1916.88 0.5558 | 4373.20 0.8517 | 207.78 0.3737 | 324.38
VRegl_MRSS 1.1006 2487.15 0.4517 | 5381.40 0.7789 | 227.20 0.3426 | 353.82
7R992_MRSS 1.0248 2671.10 0.4398 | 5527.28 0.7112 | 248.83 0.3194 | 379.52
Table 4: MSE and Efficiency of Estimators for Population IV
n=5 n=6 n="7 n=8

Estimator MSE PRE MSE PRE MSE PRE MSE PRE
VR_SRS 30.9339 | 100.00 10.1850 | 100.00 0.6340 | 100.00 0.4334 | 100.00
le_SRS 0.3656 8461.66 0.2963 | 3437.76 0.2449 | 258.86 0.2137 | 202.82
yRZ_SRS 0.5267 5872.75 0.4340 | 2346.62 0.3649 | 173.73 0.3202 | 135.35

7R3_SRS 73.7932 | 41.92 27.3506 | 37.24 1.3909 | 45.58 0.8715 | 49.73

yRegl_SRS 0.2965 10433.07 0.2464 | 4133.89 0.2111 | 300.29 0.1854 | 233.77
yRegZ_SRS 0.4061 7617.18 0.3399 | 2996.27 0.2880 | 220.19 0.2556 | 169.59
VR_MRSS 0.3590 8617.02 0.1481 | 6879.10 0.2347 | 270.11 0.1047 | 413.83
le_MRSS 0.3132 9876.42 0.1272 | 8008.96 0.2161 | 293.41 0.0952 | 455.33
VRZ_MRSS 0.3601 8590.04 0.1577 | 6459.30 0.2407 | 263.38 0.1137 | 381.20
7R3_MRSS 0.4688 6598.32 0.1785 | 5706.77 0.2098 | 302.23 0.1094 | 396.31
VRegl_MRSS 0.2964 10435.62 0.1217 | 8370.56 0.2097 | 302.28 0.0922 | 469.95
yRegZ_MRSS 0.2325 13302.55 0.1105 | 9213.11 0.1534 | 413.41 0.0766 | 565.93

From the simulation results given in Tables 1-4, we can conclude that:

1. When we compare same type estimators in SRS and MRSS sampling designs we can say that MRSS
estimators give more efficient results than SRS estimators.

2. Ratio type estimator using two auxiliary variables Y, ¢ is the worst estimator in SRS design for all

populations. And Yp; yges 1S the worst estimator in MRSS except the sample size n = 7 for Population
V.
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3. From the Table 1-Table 4, we can say that suggested class of estimator performs better than Al-Omari
(2012) estimator. We can conclude that regression type estimator gives always more efficient results than
Al-Omari (2012) estimator.

4. If we use any function of U in our estimator we can not reduced the MSE than MSE of regression
estimator. The usual ratio, product and power estimators are special case of class of estimator.

5. To use ratio type estimators in SRS or MRSS, we assume that there are positive correlations between
study and auxiliary variables. Otherwise to get efficiency we need to use product type estimators.
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