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ABSTRACT

In this article, a new sampling scheme based on ranked data is proposed. The main idea of the new sampling procedure is to
produce a more flexible, reliable, caxfticient designthan the classical ranked set sampling and simple random sampling
techniquesAccordingly, the new sampling scheme minimizes the number of wasted measurement units with high efficiency
performances in estimating the population mean. Moreover, as different set sizes are used then the sample mean expected to be
biased to solve thiproblem an information theoretic weighted mean estimator is proposed. It is found that the weighted mean is
more accurate and more efficient than the standard one. and the sample mean based a simple random sampling technique. Both
estimators, weighted angh-weighted outperform the simple random sampling scheme in estimating the population mean. A real
data set for estimating the average cohort percentage for survivals to age 65 in Jordan from 1960 to 2015 is useel tioaillustra
proposed sampling scheme
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RESUMEN

En este trabajo ggopone un nevo esquema de muestigasadaen datoordenados La idea principal del nuevo
procedimiento denuestrees producir unéZcnicaque seants flexible fiable y baratajue elcltsicoOranked set samplingO y
que é muesteosimple aleatorio As’ que el nuevo esquema deiestreaninimizael noemerde medidas desechadesn una
alta eficiencia e sudesempe-al estimar la media de fgoblaci—rMts aun, como se utilizan tama-diferentesde los
conjuntos se espera que el estimador de la media tenga sesgo, para resolver este problema se propader ypordérado
basadceen teor'adela informaci—rBe halla qué media ponderadssmisacurady miseficiente que ef’picoy que la media
muestrabasaden el muestreo simpkeatorio Ambos estimadores, el ponderado y el no ponddragionanmejor que el
del esquema simple aleatoriolarestimaci—aela mediapoblacional Se utiliza, para ilustrar el comportamiento del propuesto
esguema de muestreo, un conjunto de dato realesgtanar el promedio dgborcentajelelas cohortesle la sobreviencia a la
edadde 65en Jordania entre 1960 y 2015

PALABRAS CLAVE: Entrop’a de&ShannonRanked SeBampling, Estimaci—n de la media, eficiencia re|e&arevivencia a
la edad dé&5.

1. INTRODUCTION

Mclintyre (1952) is the first advocating the use of ranked sets for unbiased selective sampling called ranked
set sampling (RSS). The main idea of the RSS is to increase the efficiency of the population estimators
comparing to the classical simple randoimmpling (SRS) technique. In RS®,SRS sets are selected each of
sizem. The units within each SRS are ranked based on @frstemethod. Then th& measurement unit is
selected from th#" SRS, wheré= 1, 2, E, m. This procedure may repeatetimes b obtain a RSS of size

=rm. If the set size (i.em) equal to the number of selected sets (pthen the sampling scheme is known

as balanced RSS. However, if the set size is fixed if).éut not equal to number of random sets (i.e.,

m);then thesample scheme is called unbalanced RSS. There are several statistical inference procedures use
balanced or unbalanced RSS, in all of these procedures an important property is the sample mean based on
ranked data should be unbiased with minimum varianogecding to SRS (Zhang et ,@2014;Jemain et al.,
2008,Al-Talib and AtNasser, 2008Al-Omari, 2012Zamanzade and Vock, 2015; Zamanzade and
Mahdizadeh, 201, 7Zamanzade and ADmari, 2016,Al-Omari and Haq, 201&henetal., 2004 and the
referencesherein).

In the literature, there are many authors proposed improvements to the RSS scheme. Muttlak (1997)
suggested using the median ranked set sam@MRES). Muttlak (2003), introduced percentiles ranked set
sampling (PRSS). For symmetric distribusorand in order to estimate an unbiased padipumanean with

high efficiency,Samauwi et al. (1996) investigated the extreme ranked set samples (ERSS); While, Jemain and
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Al-Omari (2006) suggested double gilaranked set samplin@loreover, a generalization sampling
schemes are proposed by-Masser (2007) called L ranked set samp(logSS) to outperform the RSS,
MRSS and PRSS; and Alasser and BafiVlustafa (2009) suggested RERSS as an alternative sampling
scheme.

In terms of ugg urequal set sizes, Al Odat and-8hleh (2001) introduced the miag extreme ranked set
sampling In this sampling scheme) random samples of size=1,2, E, mare drawn; anthen, the

maximum order statistics is selected from each set. To compéesehieme, another cyclemfrandom
samples are drawn; then the minimum value is selected from each set. Then the MRSB3rstheiprocess
could be repeatedtimes to obtain a MERSS of sime= 2rm. Even whermr =1, the cost of using MERS is

very high In this article,atwo cycles of MERSS are merged into one cycle to minimize the sampling cost
and to be more flexible and reliable in using the measurement units in our applied researches.

This paper considers nonparametric estimation for population mean baaedried data schemeuwiequal
set size under prefect ranking. This paper proposesdaighted estimator as well as a weighted estimator
which is motivated by the fact that the ebgtions fronunequal set sizeare not identically distributed. In
other words, observations selected by different ranks should contribute differently because they follow
different distributions.

The article organized as follows: Secti@) describes ta new sampling scheme, and give an illustrative
investigations for estimating the population mean in case of the standard uniform distriistioia.
comparative study based on the relative efficiency criterion is gieetion 8) introduce a weightethean
estimation based on Shannon entropy to increase the accuracy and the efficiency of the proposed estimator.
Section 4) we discuss the merits of the proposed sampling schém8sction(5) an illustration of the
proposed sampling scheme is discussed by analyzing a real data set to estimate the average percentage cohort
for the survival to age 65 in Jordan between 1960 and A0ibarticle ends with some concluding remarks.

2. THE MINIMAX RSS SCHEME

In RSS scheme and its extensions, to dramndomsample of size m, we use€* sampling units, one of the
previous schemes felded ranked set samplingRSS (Bani Mustafa eal., 2011) is used to reduce number

of wasted sampling units anditaprove the estimator efficiency in case of asymmetric distributions. The new
sampling scheme has the same aims of FRSS by reducing number of wastes and increase the estimator
efficiency but in symmetric distributions. The main idea is to use differestzest and apply the same
procedure of the ERSS. This can be clarify by applying the following steps:

Step (1): Drawm SRS of sizé = 1,2,3, E, m

SRS.1 2 x
SRS2 2 X X
SRS3 2 X X X
! R BT
SRSM 2 X1 X - Xm

Step (2): Arrange the sampling units within each SRS from smallest to largest
SRS.1 2  Xu

SRS.2 -2 X12)  X@:2)

SRS.3 2 Xus Xea Xaw

: ! ! ! !

9

SRS.m X(l:m) X(Z:m) ! X(m:m)

Step (3): From the first SRS of sizie-1, measure(,.1), theminimum

Step (4): From the second SRS of siize2; measurex,.»); the maximum

Step (5): From the third SRS of size3; measure(, 3 the minimum

Step (6): Continue in the same selection procedure till in the last sample you select the minimigodid,
or select the maximum ihis even.

Ordered samples MiniMaxRSS

SRS.1 2 xay > X1
SRS.2 2 Xuz Xe2 2> Xy
> X1 3]

SRS.3 2 Xus Xes Xad
! : ! !
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SRS.Mm 2 Xum Xom Xmm)y {x[u! Jue e

![! QU N leven
Step (7): Repeat the procesgimes to chose a MiniMax RSS of siges r.m

Then the MiniMax RSS sample will be of the form:

m+1 m-—1
HEENREY ,T;k=1,2,...,r}; if ! isodd

{x[1:2i—1]ki X[zj2ji b = 12, .1

|
{x”””l]k; D 10100 =t 00 !!}m MM O )

Note that the observed data are judgmental order statistics, where these values are independent but are not
identically distributed. We will refer to this random sample as partial judgment order statiitsequently,
the MiniMax RSS mean can be identify as follows:

(m! 1' Iml ||/2
1 n LLLL

mr Z Z Xpzi-p + Z Xugonge | ¢ Hmi" !
- I =l it
[ " =
ISR oy n

1

T, Z Z! (RUETE ZX!!i:!!!! ; ML misleven.

ST e\ 1

Without lose of generality, let=1; then expected value of the proposed estimator is given by:
(l | ll mn II
Z f X[1:2i- 1]dF(x[1 PHRILE: Z f n.zl]dF( "121] e
E(XMiniMasts) =

L /
— fo”””!" T Zf!’”” al™ 1) I I Wl 1 even!

where the probability density functions!af, ,lis given by:
11

e ) () !m!!”!(! L)t

The associated variance of this estimator is:

| ¢ +1) m-tt
,._! Z ! 2!1!2!—1] + Z ‘72[2i:2i] ; misodd,
. ' i=1 i=1
P ignsoee m y
! N
1 202[1" 1]+Z:' 2amn !t misleven
] - : nere (= : '
= I

2.1 An Example of MiniMax RSS: Standard Uniform Distribution

In general, the samples based on ranked data have shown several evidences to conclude the superiority of
such methods over the SRS while estimating the population mean. The relative efficienisyd@tis)dered

as the statistical criterion for investigating the new estimator performances. The RE can be computed as:
I L L

T T T egepee !
whereMSEis the mean squared error.

To illustrate the RE of the proposed sampling scheme in estimating the population mean from the standard
Uniform distribution i.e., U(0,1)The expected value and the variance of the ith order statistics from U(0,1) is:
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Consequently, using the MMRSS, the expected value and the variance of the sample mean from a MMRSS is

equal to:
111 1l
! !
! 1 I
— — 1 — 31 e
m Z!!' Z!!! P
=1 i
]

P11

! 207 ti+1

UMiniMaxRss 0

" even!

Noting that,! , ! ¥, !|—is denoted by the thharmonic number and it is equal to

NN TR '

wherey is the EulerMascheroni constant and, is the digamma function. Therefore, the mean from the
standard Uniform distribution based on MiniMaxRSS can be simplify to:

I+ —lOg(!)+H!_+1—HE
2

L imlis ™
| I 1 'Tl 31
s H$%&" o m
U RV
ol 1 1S even.

Now the variance can heritten as:

Z('””". Z("")"'LI__ NNTRNTES

2 —
! MiniMaxRSS —

2

! 1 2i

T sl

Y Z!!!)2(2i+1)+(2i+1)2(2i+2) o Lseven,
i=!

which can be simplify to:

%! Pt b p e

" 1

II%"IO " ! e

CIHIS%E& : Moara o | 0
L N T

—— T |

Mo
where! ''! is the first derivative of the digamma (psi) function. Therefore, the relative efficiency with respect
to SRS is given by:

1
L iy

N igone

where
Nho
"o

And!"# "#1$%&" = UMLnLMaxRSS +! '"#$ Given that"#$ = Hminimaxrss — I_

Then the exact RE were computed for different set sizeame.3, 4, 5 and 6, usmg Mathematica.6 software
isillustrated in Figurgl).

(#8]
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Figure (1): RE of the Standard Uniform Distribution

2.3 Efficiency Results: Comparing with SRS

To illustrate the RE of the proposed sampling scheme in estimating the population mean from a symmetric
distribution, we considered a set of sime 3, 4, 5and6. Then the exact Rivere computed using

Mathematica software for several symmetric distritmuts. The esults are presented in Talf1g.

The computational results in Tal{y suggest that under the RE measure, the MiniR8% mean estimators
are superior to the traditional SRS estimators when the underlying distribution is symmetric. becoated

the following results:

* The MiniMaxRSS estimators is mogfficient than the SRS estimatuwiith efficiency value more
than 1 in allsymmetric distributions and some of asymmetric distributi(®eta, Rayleigh and Half
Normal).

* The SRS estimatas anunbiased and more efficient in case of some asymmetric distributions
(Exponential, Gamma and Chi Squasehen the set size is even.

e By increasing the set size (in both cases: odd set size and even set size separately), the relative
efficiency valie also improvedh case of symmetric distributions

e The has is negative in case of odd set size, because number of minimum observations are more than
the maximum observations within odd set sizes. Also, it is positive in case of even set size, because
theexpected value of the maximums is dominated the expected valtlesmfnimums as we are
using urequal set sizes.

* The MSE decreases as the set size increasgsnmetricdistributions

Table .1: TheRE ofMiniMax RSS with respect to SRS fdifferent distributions
5

m 3 4 6

Distributio Bias MSE RE Bias MSE RE Bias MSE RE Bias MSE RE
U(0,1) 0027 | 0020 | 1.360 | 0.054 | 0.016 | 1.3D | oo | 0.009 | 1.760 | 0.040 | 0.008 | 1.68)
N(0,1) 0094 | 0258 | 1.29 | 0186 | 0.207 | 1210 | ooo | 0134 | 14D | 0142 | 0.119 | 1.30

Symmetric Beta(3,3) 0018 | 0009 | 1.3 | 0035 | 0.007 | 1.2 | o, | 0.004 | 1.610 | 0.026 | 0.003 | 1.510

Distribution Logistic(5,2) 033 | 3509 | 1.25 | 067 | 2836 | 1160 | [, | 1.921| 130 | 0510 | 1.741 | 1.260
Student t(4) 6_123 0562 | 1.190 | 0.247 | 0.464 | 1.080 6_1 13 | 0335 | 1.1 | 0.191 | 0.307 | 1.09
ArcSin (0,1) 6_03 4 | 0030 | 1380 | 0.065 | 0.023| 1.3D 6_027 0.013 | 1.880 | 0.047 | 0.011 | 1.80
Beta(5,2) 6_013 0.006 | 1.334 | 0.034 | 0.006 | 1.114 6_007 0.003 | 1.615 | 0.031 | 0.004 | 1.199
Rayleigh(1) 6_05 4 | 0108 | 1.323| 0.137 | 0.097 | 1.102 6_029 0.055 | 1.573| 0.125 | 0.061 | 1.178
HalfNormal(2) | 0.036 | 1.321| 0.084 | 0.035| 1.025 | ~ 0.018 | 1.552 | 0.084 | 0.023 | 1.029

Asymmetric @ | 0.028 0.006

Distribution Exponential(1) E) o056 | 0265 | 1.256 | 0.229 | 0.289 | 0.865 E) 023 | 0-154 | 1.303 | 0.261 | 0.216 | 0.772
Gamma(2,3) 6_287 4.651 | 1.290 | 0.945 | 4.729 | 0.952 6_023 2.523 | 1.427 | 0.992 | 3.299 | 0.909
ChiSquare(3) 6_155 1.564 | 1.279 | 0.553 | 1.636 | 0.917 6_01 4 | 0868 1.383 | 0.600 | 1.173 | 0.853
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3. WEIGHTED ESTIMATION OF THE MEAN USING MINIMAX RSS

For a finite populatiorX, let! (! ) and! (x) denote, respectively, the cumulative distribution function (cdf )
and the probability density function ( pdf ) with mgaand variance ' . We wish to estimate the population
meanusing a random sample froltiniMax RSS scheme. Thethe judgmental order statistics can be written
as:

m+1 m-—1 ) .
;! !,2,...,7;}; if misodd

{! D i—1p X2y E = 1,211

{Xlllzn r; Xpzianli =111 !E}! e rear
121210 1 A24: 11 ’» 2

Note that judgmental order statistics are independent but not identically distributed. Accordingly,
a weightedpopulation meaestimatorcan beformulatedas:

Wy, ey
Z ! !! ni i—!!! Z ! lli! i e Odd
|_| | 1 1 ’
' YA My
Pyl ! Pl (s mis even
ENECRIRN! i e
2ot 20y

where w;, W, E, w,, are nonnegative weightSollowing Al-Nasser (2007)he optimal weights, which

provide a measure ofcertainty, can be found by using an entropy measure from information theory under
two constraints(1) Themoment conditiontheweightedmean of MiniMax RSS is unbiased estimatbthe
population mean; and (2) Unitpnstraints: the sum of all weighissequal to oneEntropy generally is taken

as a measure of expected information. A simple choice of this measure is Shannon (1948) entropy:

H(w) = -iw,. InGw,),

, 1
where, W, In(w,) = O for w; = 0, andH(w) reaches a maximum when = w, = E =w n= —. Then by
m

m
maximizing shannon entropybject to the moment condition and the add up const!airwj =1, leads to

j=1
the optimal solution. This problem can be expressegrmnlinear programming system (ifis odd):

m
Maximize " | w,Ln(w;),
=
Subject to

Im+1) o
VX, /2! o X, 4 Wi+%X!!!!!!! .

2) iwj =1
=

In case ifmis even, then the first constrain is replaced by
|
/) M/,

Z! ENIENINEE Zwi+lix[zi:zi] =u
i=1 )

To recover the weights, one can form the Lagran(jian funason

prryml !!"(Wi)+/11<ll—<2i;!!1!/!!!!!!!!!!!1! Zi!!!”!/!!!!il ””!”>>! L Zi!!!!)’
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where /| and /, are a Lagangian multiplier. Therthe unbiased estimatoan berecovered through the

weighted estimates, after finding the first order conditions and swodvednlinear programmingystem.
Accordingly, the optimal weighted mean can be expressed as:

i —

i ./! (m 1)/2

Z Pl ! Z ANEEL [2i:2i] A
n—

_ i i=1

"/ "/

i=1 i=1
andits associated weighted variance will be defined as:
i i

| .
T Z -r\!!!!!!!!!!!!! Z r\!!#”!”,,,” + misodd

\ i 1
| H

ISR
™/, ™/

1
a5 2 ~ 2 . .
_m E w; o [1:2i-1] + E Wi+% o ; m s even.
i=1 =1 [

2i:2i]
The resutis of the nonlinear prognaming system are given in Tab® for symmetricdistributions and Tdb
(3) for asymmetric distributions.

Table 2: Optimalweightsfor givenm under MiniMax RSS: gmmetric distributions

Distribution 3 P 5 P

w

1 0337 0263 0202 0.169

2 0.398 0212 0215 0.156

3 0.265 0351 0.182 0.194

ve. 7 0175 0226 0.142

5 0175 0.205

3 0135

1 0.337 0.263 0.200 0.169

2 0.398 0211 0215 0.156

3 0.265 0352 0.181 0.193

NGO 7 0174 0229 0.142

5 0175 0.206

3 0134

1 0.338 0.263 0.202 0.169

2 0397 0211 0216 0.156

3 0.265 0352 0.181 0.193

Beta(3.3) 7 0.174 0227 0.142

5 0174 0.206

3 0134

1 0.337 0.263 0.199 0.169

2 0.398 0211 0215 0.156

. 3 0.265 0353 0181 0193

Logistic(5.2) 1 0.173 0.230 0.142

5 0175 0207

3 0133

1 0.337 0.263 0.202 0.169

2 0.398 0211 0216 0.156

@ 3 0.265 0353 0.181 0.193

7 0173 0228 0.142

5 0173 0207

3 0133

1 0.337 0.262 0.202 0.169

2 0.398 0211 0215 0.155

! 3 0.265 0.350 0.182 0.194

AreSin(0.1) 7 0.176 0.225 0.142

5 0.176 0204

6 0.136

Then the relative efficiencyRE) of estimating the population mean using the weighted MiniR&$ method
with respect to the usual estimator using SRS is defined as:

— Va’”()?_SRS) _
Y Var(X,)

The RE, in Table(4) summarizes results for weighted MiniMax RSS. For aistiibution calculations were
donewhen the sesizesmequal to 3, 4, 5, and 6.
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Table 3: Optimalweights for giverm under MiniMax RSS: Aymmetric distributions

Distribution

w 3 4 5 6
1 0337 | 0258 | 0201 | 0.168
2 0391 | 0211 | 0.206 | 0.148
3 0272 | 0367 | 0192 | 0.209
Betab.2) 4 0.164 | 0216 | 0.135
5 0.186 | 0.218
6 0.122

0.337 0.261 0.199 0.169
0.391 0.208 0.207 0.149
0.271 0.366 0.188 0.207
0.166 0.217 0.135
0.188 0.218
0.123

Rayleigh(2)

AR [WIN|F

0.337 0.261 0.200 0.171
0.387 0.205 0.204 0.147
0.276 0.375 0.195 0.214
0.159 0.207 0.126
0.194 0.227
0.115

HalfNormal

AR [WIN|F

0.336 0.267 0.200 0.175
0.380 0.201 0.195 0.143
0.285 0.387 0.207 0.226
0.145 0.189 0.117
0.209 0.239
0.099

Exp(1)

DA [WIN|F-

0.336 0.264 0.201 0.171
0.385 0.203 0.200 0.148
0.279 0.378 0.197 0.217
0.155 0.203 0.124
0.198 0.230
0.109

Gamma(2,3)

DA [R|WIN|F

0.336 0.263 0.200 0.171
0.383 0.206 0.199 0.146
0.281 0.381 0.202 0.223
0.150 0.197 0.123
0.202 0.232
0.105

ChiSquare(3)

OO [WIN|F

Table 4: Relative efficiency (RE) by using weighted MiniMax R&SSRS.

m
Distribution 3 4 S 6
u(0,1) 1.386 1.619 1.847 2.088
N(0,1) 1.322 1451 1.566 1.663
Symmetric Beta(3,3) 1.352 1.525 1.684 1.840
Distributions Logistic(5,2) 1.285 1.370 1.439 1.489
T(4) 1.217 1.238 1.242 1.234
ArcSin(0,1) 1.401 1.682 1.965 2.275
Beta(5,2) 1.309 1.490 1.607 1.767
Rayleigh(1) 1.300 1.462 1.569 1.700
Asymmetric HalfNormal(2) 1.274 1.447 1.535 1.681
Distributions Exponential(1) 1.188 1.302 1.344 1.422
Gamma(2,3) 1.234 1.366 1.419 1.518
ChiSquare(3) 1.216 1.342 1.392 1.483

The results indicate that theresisimprovement by using the weighted MiniMax R$$fact, the weighted
MiniMax RSS estimators are unbiased and outperform the SRS estimators.
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4. MERITS OF THE MINIMAX RSS SCHEME

The theoretical part of this article showed that the proposed sampling scheme is efficient and could be more
accurate when we give the right weights facle measuremeritherefore, MiniMax RSS could be consider a
robust extended form of the RSS scheme with some additional belmefieneralthere are several
considerations, which make the MiniMax RSS better than many of the ramkptirspscheme. Stang with
unequal set sizes, in many applicaspgpecially, the medical and reliability applications, it is very hard to
obtainall the time equal set sampl@hen cost considerationg is known that in most of ranked data

schemes such as RSS for a set of sizee usually discardn® - m sampling units. While by usirtipe

MiniMaxRSS we discar ”2! Ly Hmeb Table(5) shows the number of used and wasted sampling
units in mnked data schemes and MiniMaxRSS and their sampling unitOs saving ratio.

Table 5. Saving Percentages by using MiniMaxRSS scheme
MiniMax RSS RSS
Saving percentage
MiniMaxRSS(Wasted)
m Measured| Wasted | Measured| Wasted RSS (Wasted)
3 6 3 9 6 50%
4 10 6 16 12 50%
5 15 10 25 20 50%
6 21 15 36 30 50%

The results indicated that we need double number of sampling units by using RSS to observe the same set size
by using MiniMax RSS. Moreover, by using a weighted MiniNR&S the mean estimators became unbiased
and more efficient than their counterpart estimators based on SRS.

5. ESTIMATING THE AVERAGE OF SURVIVAL TO AGES 65 IN JORDAN

We illustrate the MiniMax RSS scheme in data collection and estimating the poputaonusing a real

data set obtained from the United Nation Division (2017) abouldisan Health Status Survival to age

65. Survival to age 65 is an important indicator used by the united nation as wetit@®untry to measure

the percentage of@hort of newborn infants that would survive to age 65. The important of this indicator is
in its impacton the describingife quality andin describinghe health status of the citizemnghich effect on

the happiness rate in that countxiating that, ag 65 reflectdhe number of years a person could be expected
to receive unreduced Social Security retirement ber(&fitted Nation,2015). The data file consists of
information on female and male (% of cohdrgm 1960 to 2015The summary statistiem these data is

given in Tablg(6) The results indicate thahe percent of female thatirvival to age 6% Jordan increased
from 44.87.13% in 1960 to 84.36% in 2015 atawverage annual rate of 72.468ile, the percent ofmale
increased from 44.87% 1960 to 78.36% in 2015 at an average annual rate of 66.47%.

Table 6: Summary Statistics to Survive to age 65 in Jordan

N Min Q1 Q2 Q3 Max U g
Male 56 44.87 58.601 69.904 75.00 78.36 66.465 10.155
Female 56 49.19 64.929 76.18 81.038 84.36 72.459 10.421

In this article,a random sample of sid& isselected by two sampling techniques; SRS and MiniMax RSS.
using theproposedMiniMax RSSschemethree SRS were selected without replacement from the population
each of size 1, 2 and Bspectively. Then, the process is repeated five times (see Tatiles &yorth to say

that, the random selection was on #uwxiliary variable "year"and both associated values of the indicator for
the male and female weircluded if the measurementéar" is selected for inclusion in the MiniMax RSS

Then the weighted and un weighted averages are computed for both génatérg.that, in order to compute

the weighted average, first we implemented the Kolmogrov Smirnov test on the actual datailthe re
indicated that, the population is Normal for both genders (Z=1.0B2p%) and (Z=1.113, p= 0.168) for male
and female, respectively. Therefore, the weights in Table.2 are used when the population is Normal and the
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set size is 3 in computing the \ghied averagésee Table 7)To measure the accuracy of the estimator, the %
Erroris used:

|1"HS%&H# (1 ! |
%l | " 100

Table 6: MiniMax RSS for the survival to age 65 data using3.

MiniMax RSS SRS
Set# Sample#t Male Female Male Female
1 {60.38 {66.84 44.87 | 49.19
1 2 {57.33,73.93 {63.57,79.84 48.74 | 53.81
3 {50.81, 54.04, 55.13} {56.24 59.90, 61.12} 52.94 | 58.67
1 {61.39 {69.03 54.04 | 59.9
2 2 {45.78,76.55 {50.29,82.5%3 55.13 61.12
3 {69.67 73.30, 77.0} {75.94 79.24, 83} 56.23 62.34
1 {77.43 {83.48 58.35 64.66
3 2 {74.85,78.13 {80.47,84.13 63.93 70.56
3 {56.23 64.69, 77.22} {62.34 71.33, 83.24} 64.69 71.33
1 {48.74 {53.83 70.14 76.37
4 2 {46.67,70.64 {51.39,76.8% 71.07 77.24
3 {72.01,75.99, 76.77} {78.1Q 81.95, 82.76} 71.54 77.67
1 {71.54 {77.6% 72.33 78.39
5 2 {44.87,72.9% {49.19,78.95 75.16 | 81.11
3 {66.21, 72.65, 78.36} {72.88 78.67, 84.36} 77 83

Table 7: Population Meartstimation Based obifferent Sampling Scheme

Method MiniMax RSS SRS

Un weighted %Error Weighted %Error Sample | %Error
Gender Average Average Mean
Male 67.11 0.9%%6 67.85 2.08% 62.41 6.1%
Female |73.23 1.08% 73.97 2.08% 68.36 5.65%

The results of the MiniMaRSS scheme is more accurate in estimating the population mean than using the
SRS of the same siz€hese resultsan be considered as advantage of the proposed method to be a robust
alternative tdhe SRSin estimating the population mean.

5. CONCLUDING REMARKS

A new ranked sampling scheme called MiniMax RSS is proposed in this article. There benefitsby
using the proposed MiniMax RSS, gain in efficiency when estimating the population meaa droem
distribution, and reduce 50% dfe number of wasted measurement uiMisteover, to improve the accuracy
and the efficiency of the MiniMax RSS estimator a weighted mean is Tisedelative efficiency resulnd
the real data analysis this article recommendeaf usingthe MiniMax RSS for estimating the population
meanas an alternative sampling scheme
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