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Shakeel Ahmed! and Javid Shabbir?

Department of Statistics Quaid-i-Azam University Islamabad Pakistan'?

Abstract. A mixture of Extreme Ranked Set Sampling (ERSS) and
Median Ranked Set Sampling (MRSS) is introduced to obtain a more
representative sample using three out of five number summary statis-
tics [i.e. Minimum, Median and Maximum]. The proposed sampling
scheme provides unbiased estimator of mean for symmetric population
and gives moderate efficiency for both symmetric and asymmetriec pop-
ulations under perfect as well as imperfect rankings. Expressions for
bias and asymptotic variance are presented. A simulation study is also
conducted to observe the performance of the proposed estimator. Ap-
plication of proposed sampling scheme is illustrated through a real life
example.

Key words Median ranked set sampling, Extreme ranked set sampling,
Ranking error, Imperfect ranking.

1 Introduction

Ranked Set Sampling (RSS)s introduced by [? | for estimating the yield
of herbage in agriculture researches, involves randomly selecting m sets of
units, each of m units, from an infinite population of interest. The units in
each set can assumed to be ranked visually or through some concomitant
variable. Fromsthe first set of m units the lowest ranked unit is selected.
From the second ranked set of m units second lowest unit is selected. The
process is continued until the mth ranked unit is measured from the mth
ranked set./This procedure is repeated r times to obtain n = mr units.

[? Jiintroduced a very essential statistical basis for the theory of RSS intro-
duced by [? |. They showed that the sample mean under RSS is an unbiased
estimator of the population mean and more efficient than the sample mean
under simple random sampling with replacement (SRSWR) for same num-
ber of units. [? | proved that mean of the RSS is an unbiased estimator of
the population mean, whether there are errors in ranking or not and more
efficient than the mean of SRSWR. [? ] showed that the variance estimator
based on RSS is an asymptotically unbiased and more efficient than the
usual variance estimator based on SRS, when the sample size is large. [? ]
analyzed the empirical distribution function based on RSS and proved that
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it is an unbiased estimate of the underlying distribution function. [? | and [?
| worked on error in ranking with application of RSS to real life situations.
[? ] suggested ERSS on basis of the fact that for sets containing a larger
number of units, visual recognition of the ith ranked unit (other than the
smallest and the largest) is difficult and expensive. [? | introduced the MRSS
procedure to obtain a better representative units. After that [? | suggested
quartile ranked set sampling (QRSS) for this purpose. Similarly, [? ], [? ]
and [? | have written detail notes on ranked set sampling. [? | suggested
ranked set sample by selecting extremes of the samples and called this sam-
pling scheme as RSS(E). Later on, [? | have made a modification in RSS
namely Independent extreme ranked set sampling (IERSS) in the case of
both even as well as odd sample sizes. The main objective was. to propose
non-parametric estimators of the population mean using these two extremes
RSS and are compared with mean estimator under SRSWR.

Fat-tailed distributions as the Cauchy distribution; students t-distribution,
uniform distribution (and such other stable distributions with the exception
of the normal distribution) units that deviate from the mean by five or more
standard deviations (beyond 5-sigma limit) have higher frequency as appose
to normal distribution where extreme units are less likely to occur. As a
consequence, application of MRSS and"ERSS for sampling from such dis-
tributions provides a non representative sample. For example, in estimating
the ratio of width to length of petal and sepal of certain flowers (Iris flower
data is used in Section 5) or a‘ratio of width to length of leaves on plants
in a certain garden in agriculture experiments, use of ERSS or MRSS may
provide a bad representation of population as these variables follow Cauchy
distribution (Cauchy random variable is the ratio of two normal random
variables). Similarly, many other phenomena in biological science and agri-
culture setting have fat tail distribution. In such situations application of
these two sampling schemes simultaneously may provide more representa-
tive sample than their individual application.

To overcome the above stated deficiency in ERSS and MRSS, we propose
an estimator of finite population mean by using a new ranked set sampling
procedure obtained by combining ERSS and MRSS. The expressions for bias
and variances under assumption of symmetric distribution are derived. We
conduct a simulation study for purpose of comparison of EMRSS with ERSS
and MRSS. We also give a numerical example before concluding the work.
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2 MRSS and ERSS based on 2m units

Consider an infinite population consisting variable of interest Y with dis-
tribution function F'(y) and probability density function f(y) having mean
p and variance o2. Let Yj(); be the i-th unit from ith sample in jth cy-
cle on the study variable Y. Then a ranked set sample of size 2m in jth
(] = 1, 2, ceey ’l“) cycle is {Yl(l)ja Yé(Q)j, ceeey YQm(Zm)j}'

The sample mean under RSS is given by

>t (Z?ﬂ Yz’(i)j)

Yrss = 2mr (21)
It is easy to prove that ¥,ss is an unbiased estimator with.variance
_ 1 [, 12,
V(rss) =omr lff i~ ;@(i)l : (2.2)

Further {Yl(l)ja Y2(1)j> --Ym(1)j§ Ym+1(2m)j7 '--aYQm(Zm)j} and {Yl(m)j>Y2(m)j7'
Ym(m)]u Ym+1(m+1)j7

o ng(mﬂ)j} be an ERSS and MRSS ofisize 2m in cycle j respectively. The
mean estimators under ERSS and MRSS are given by

> =1 (Z?L Vi), + S Yz’(2m)j)

Ye = ) 2.
Y 2mr ( 3)
and
%51 (S Yigmy + S8t Yigms1)s)

Ym = omr (2-4)

with biases
_ 21 + £(2m _ P(m + P(m
E(fe — p) = < <l d E(Ym —p) = ) (et )

2

Py =M — s Vo i=1,2,.,2m.

It is straight forward to show that . and g, are unbiased when the under-
lying distribution is symmetric about mean i.e. p(2,,,) = —(1) and (. 41) =
—§(m)- Assuming symmetric distribution we obtain variance of g, and g,
as follows:
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_ 1 7 1
V(Ym) “omr o? - i(p%m) + p(2m+1)) (2.5)
and
_ 1 7 1
V(@) =g [0 = 50k + o) (2.6

We can easily show that the estimators in Equations (2.3) and (2.4) are more
efficient than mean estimator under SRSWR based on 2mr observations.
Note that ERSS gives a sample consisting only extreme units in the data
which ignore middle units of population in this way it is very sensitive to
outliers. On the other hand MRSS includes only middle units of population
in sample that may some time gives a less representative sample (in case of
fat tailed distributions) although it gives an efficient estimate of population
mean. A mixture of these two sampling schemes which may provide a more
representative sample with moderate efficiency by including middle as well
as extreme units is given in next section.

3 Extreme-cum-Median Ranked Set:Sampling (EMRSS)

Taking motivation from [? ] and [? ], we provide a new sampling procedure,
named Extreme-cum-Median Ranked Set Sampling (EMRSS), that provide
a more representative sample than median and extreme ranked set sampling
with moderate efficiency. This procedure works as follow:

1. Select 2m independent random samples each of size 2m and rank each
sample in ascending order according to certain ranking mechanism.
2. In Step 2, wework as follow: (i) When m is odd, we initiate with select-

ing smallest ranked unit from first (mTfl) samples, largest unit from

next (mT_l) samples and mth unit from mth sample which complete
the application of ERSS. We continue the process by selecting m + 1
unit from (m+1)th sample, mth unit from (m + 2) to (%2 + m)th
samples and (m + 1)th unit from last (1) samples to complete an
MRSS from remaining samples.

(ii) When m is even, we start with selection of smallest ranked unit
from first %5 samples and largest unit from next 5 samples to complete
the application of ERSS. From remaining m sets; we select mth unit
from (m+1) to 2th samples and (m-+1)th unit from last Z* samples.

3. Repeat Steps (1) and (2) r time to obtain n = 2mr units.

To understand our selection procedure, we present two examples as follow:
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Example 1

To explain the EMRSS with odd set size, we take m = 5. The sampling
layout is given below

The above layout shows 10 ranked sets of observations each of size 10. The
bold underlined units are selected for actual measurement.

Example 2

Similarly, to explain the EMRSS with even set size, we take m = 4. The
sampling layout is given by

[ Yiw Vi) Yig Yim Yie) Yie Vi Vi) |
You) Yoy Yo Yow) Yas) Yo Yoy Yo
sy Ysey Ya@) Ysw) Yse) Y Yz Yse)
Yiape Ya@ Ya) Yawy Yas) Yae) Yar) Ya)
Ysa) Yo Yo Ysw Yss) Y Ysr) Yss)
Yoy Yoy Yo Yew) Yos) Ye) Yoy Yo
iy Yie) Yisy Yowy Yre) Yoe Yir) Yus)

L Ye) Yse) Ysm) Yy Ys) Yee) Ysy Y

The above layout shows 8 ranked sets of units (sampling units) each of
size 8. The bold underlined units are selected for actual measurement.
These layouts can be replicated r time, adding subscript j to Yj(;); and by
varying j from 1 to r, to obtain an EMRS sample having size n = 2rm. Let
{Yl(l)ja ---YmTfl(l)jﬁ Ym74+1(2m)j7 --Ym—1(2m)j§ Ym(m)j§ Ym+1(m+1)j§ Ym—i—?(m)j?
.oy Y3m2+1 (m)],Y3m2+l +1(m+1)j"Yém(m+1)j} and {Yl(l)jv Y%(l)], Y%”+1(2m)ja
vy Ym(2m)j; Ym-i-l(m)j"‘y‘%"(m)j; Y3ﬂ+l(m)j, Ym(2m)]} be an EMRSS of size

2

Yin)y Yieg Yigy Yiw Yz Yie Yim Yie Yie Yiao
Yoa) Yooy You Yoy Yo Yo Yoy Yoy Yo Yorio)
Ysay Yse) Yas) Y Yse)  Yse)  Yam  Yas) Yae)  Ysge)
Yiy Yae) Yae)y Yaw Yas)y Yae Yary Yawr) Yae) Yaao)
Ysay Ysio) Yse) Yswy Ysi) Yse)  Ys Yse)  Ysey Ys(10)
Yoy Ye2) Ye3) Yoy Yes) Yew) Yoy Yes) Xe(9) - Ye(i0)
Yooy Yoo Yisy Yo Yy Yoe Yy Yee)y o Yue) Yoo
Ys) Yse) Ysm) Ysw Yse) Yse)  Ysr) Ys) o Yse)  Ysao
Yoy Yoy Yom) Yoy Yos) Yo Yor o Yoy Yow  Yoqo)
Yoy Yo Yo Yiow) Yios) Yioe) Yiom (Yios) Yioo)  Yioo)
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2m in cycle j for odd and even m respectively. For each case, we have sample
mean under EMRSS as follow

G = —2rm K Z Yi; + Z Yiomj + Ym(m)j) + (Ym+1<m+1)j
i=ml
3m+1
™ Z Yitmyj + Z Yi(m+1)j )} (3.1)
i=m-+2 j=3(m+1)
2
and
m Sm
1 r 2 5 2m
yg%_ZrmZKZY’ i+ Z Yi2m); ) ( Z Yimjit Y. }/;'(m+1)j>:|
J=1 i=1 f——f—l i=m-+1 i:%’l—i-l
(3.2)

2m
m—1 m—1
+ 5 Pm) T @(m+1)> (3:3)
and
1 m m m m
Bias(3'%) = - [(59(1) + 2@(2m)) + (2@(m) + 2@(m+1)> - (34)

By writing in simplest form

. y 1 [m-1 m+1
Bias(yo) = — [2 (@(1) + @(m)) + (@(m) + @(mﬂ))]

2m

and

Bias('%) = H(pm + p@m)) + <p(m + 1))},

where p(;) = p;) — p# and p;) represents population mean of ith order

statistic for (i = 1,2,...,2m). Here, géi’% and géi{ will be unbiased only if

Y has symmetric distribution i.e. 9,41y = —pemyand pam) = —p1). We
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obtain variance of gg% and gjéfr)L assuming that the underlying distribution is

symmetric about wu.

m—1
. 1 r 2 m—1
Vc”"(yénzb) :(2rm)2 [( Z ‘7(21) + Z Tlom) 1 U(m)) + (U(m+1)
Jj=1 =1 7 m2_1+1
37n2+1 om
+ D omt X f’<m+1>)
i=m+2 ;. 3(m+1)
2
m—1 1
I (oeh) s X (o)
= o’ —p + o —°(2m) ),
@rmy 2= 1 & © L5 (%)
3m2+1
(v} (b B )
i=m+2
2m
+ 3 (P}
3(m+1)

Simplest form of variance is

e 1 1 st m+ 1
Var(gls)) =5—o0> — [ S (p?l) + p?zm)) +— (p?m) + p?mﬂ))

2rm 4rm? 2
- B 1 m—1/ 4 9 m+1/ 5 9
=Var(Jsrs) = Lz [2 <@(1) + @(2m)) Ty (K’(m) t Olmrn) ) |-

From Equations (2.5) and (3.5), we notice that Var(gg’%) < Var(gm) if

@%1) + pém) < (Bf’%m) + p%m+1))‘ (3.6)
Further from Equations (2.6) and (3.5), we observe that Var(yé%) < Var(ye)
if

@%1) + @%2m) 2 (@%m) + @%mﬂ))- (3.7)

Inequalities (3.6) and (3.7) reveal the conditions in which we prefer EMRSS
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over MRSS and ERSS respectively. Similarly

. 1 T m 2m
Varl) =g | (Lot + X a%zm))+(,z Tyt D Than)|

Simplifying, we have

. 1 1 [m—1 m +1
Var(gl9) =——o% — [ (p%l) - p%QmQ - (p%m) + go?mﬂ))

2rm drm?2| 2 2
_ _ L [m( o 2 m( o 2
=Var(ysrs) — ) [2 (@(1) + @(Qm)) o (p(m) + Olm+1) ) |

(3.8)

where Var(ysys) = 27}m o2 is the variancé of 7. with n = 2rm. This shows
the superiority of EMRSS over SRSWR with same sample size in terms of
efficiency.

From Equations (2.5) and (38), we notice that Var(géf,)l) <Var(ym) if

@%1) + @%2m) < (@%m) + @%mﬂ))- (3.9)

Further from Equations (2.6) and (3.8), we see that Var(gjéﬁ)r)l) < Var(ye) if

@%1) + p%Qm) 2 (Bo%m) + p%m+l))‘ (3.10)
Inequalities (3.9) and (3.10) show the conditions in which we prefer EMRSS
over MRSS and ERSS respectively.

4 Empirical Study

For purpose of the efficiency and bias comparisons, we conduct a simulation
study by generating a hypothetical population of size 1000 on two variables
Y (the study variable) and X (a concomitant variable correlated with Y).
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The values of X are generated using different distributions mentioned in
caption of Tables 1-8. After that Y is computed such that Y = (p x X) +e,
where e is normaly distributed error term, having zero mean and unit vari-
ance, independent of Y. The procedure of RSS, MRSS, ERSS and EMRSS is
applied to estimate population mean of Y. The process is replicated 10,000
times to see the long-run behavior of the mean estimators. The results ob-
tained from simulation study are presented in Tables 1-8. We compute the
absolute bias (AB) and relative efficiency (RE) of the means estimator (g )
for different ranked set sampling schemes with respect to mean estimator
under SRSWR as follows:

100,000 /-
Zj:l (To — 1)
100, 000

| and RE = Y4 Wers)
Var(e)

AB = | (4.1

~—

Note: In Tables 1 — 4, ranking is performed on the study variable Y itself
while in Tables 5-8 ranking is performed on X (imperfect ranking).

Table 1 AB and RE under Normal(5, 1)

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0005 0.0006 0.0167 3.1314 41016 24311 5.1323

5 0.0001 0.0017 0.0097 47232  6.9291  2.8897 7.5682

7 0 0.0017  0.0068 6.2995 9.6398  3.2775 9.4978

3 0.0003 0.0005 0.0169 3.1476  4.0856  2.4488 5.3077

10 5 0.0001 0.0013 0.0099 4.6909 6.7885  2.898  7.6062

7 0.0001 0.0017 0.0069 6.4544 9.3844  3.2447 9.2297
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Table 2 AB and RE under Weibull(1.5,5)

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0785 0.1092 0.0836 29376  4.069  2.0198 5.4133

5 0.0961 0.1779 0.0518 4.2907  6.5971  2.2453 6.8137

7 0.1033 0.2276 0.0297 5.7251  9.0975 24035 7.743

3 0.0785 0.1089 0.0847 29511  4.081  2.0599 5.3258

10 5 0.096 0.1789 0.0511 4.287  6.7012  2.2989 6.5905

7 0.1034 0.2275 0.0295 5.6519  9.089  2.3642 7.5508

Table 3 AB and RE under Uniform(0, 1)

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0146 0.0155 0.1171 3.1987  4.278 22933 5.4687

5 0.0176 0.0233 0.0734 48964 7.139 2.8616 7.9177

7 0.0154 0.0209 0.0531 6.2704 10.1769 3.2807 9.3923

3 0.0143 0.0154 0.117 3.2652  4.2963 2.4024 5.4438

10 5 0.017 0.0223 0.0712 4.6022 6.9861 2.7285 7.4647

7 0.0158 0.0225 0.0524 6.2808 9.8752  3.2368 9.4496
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Table 4 AB and RE under Gamma(4, 3)

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0138 0.016 0.0563 3.1642  4.2259  2.3145  5.4877

5 0.0183 0.0235 0.0367 4.7468  7.1835 2.8996  7.7715

EN{

0.02  0.0258 0.0273 6.2134 10.0244 3.2978  9.5799

3 0.0132 0.0153 0.0566 3.154  4.3525 2.3174  5.5388

10 5 0.0182 0.0233 0.0363 4.5348  7.065  2.7109  7.3477

7 0.0201 0.0258 0.0279 6.2698 10.3035 3.2456  9.6882

Table 5 AB and RE under Normal(5, 1) with-imperfect ranking

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0002 0.001 0.0132 1.8096 1.9305 1.5829  2.65

1.9614 2.0876 1.7928 2.9789

ot

5 0.0012 0.002  0.009

7 0.0017 0.003 0.0075 2.0555 2.2628 1.7817 3.224

3 0.0006 0.0006 0.0135 1.7623 1.8514 1.6346 2.6866

10 5 0.0012 0.002 0.0091 2.0345 2.1322 1.8166 3.0383

7 0.0002 0.0109 0.0198 2.1389 2.4775 1.7388 2.2435
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Table 6 AB and RE under Weibull(5, 1.5) with Imperfect ranking

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0841 0.1239 0.0793 2.4961 3.4896 1.6411  4.387

5 0.0935 0.2161 0.0386 3.3486  4.9917 1.6698 4.8715

ot

7 0.0984 0.2842 0.008 4.1034 6.1822 1.7583 5.3783

3 0.0838 0.1243 0.0799 2.435 3.5872 1.6485 4.2576

10 5 0.0936 0.2157 0.0386 3.4231 5.0596 1.7014 4.9701

7 0.0978 0.2841 0.0078 4.0036 6.1803 1.6812 5.2811

Table 7 AB and RE under Uniform(0, 1) with imperfect ranking

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0312 0.0287 0.0251 1.1184 1.0891 1.141 1.6567

ot

5 0.0588 0.0229 0.0133 1.183  1.127 1.1892 1.6825

7 0.0862 0.0143 0.034 1.1585 1.1304 1.2202 1.7499

3 0.0343 0.0267 0.0237 1.1078 1.1051 1.1606 1.7018

10 5 0.0615 0.0221 0.0151 1.0909 1.1033 1.1259 1.6208

7 0.0866 0.014 0.0335 1.1697 1.1294 1.2165 1.7533
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Table 8 AB and RE under Gamma(4, 8) with imperfect ranking

Absolute Bias (AB) Relative Efficiency (RE)

3 0.0808 0.1101 0.0738 1.4542 1.5857 1.3107 2.274

5 5 0102 0.1778 0.0464 1.5836 1.7534 1.3494 2.4664

7 0.1112 0.2223 0.0275 1.621 1.8196 1.3001 2.4442

3 0.0832 0.1108 0.0724 1.4363 1.5592 1.2901 2.2832

10 5 0.1017 0.1768 0.0476 1.5935 1.7237 1.2789 2.4111

7 0.1111 0.2215 0.0288 1.5991 1.7385 1.2857 2.3308

Absolute Bias (AB) and Relative Efficiency (RE) of mean estimators of
all considered sampling schemes are provided for several combinations of r
and m in Tables 1-8. Tables 1-4 present ‘AB and RE for perfect ranking
while Tables 5-8 give AB and RE for imperfect ranking. AB and RE for
even choices of set sizes (m) are shown in'shaded rows as behavior of estima-
tors under EMRSS may differ for even and odd set sizes. This can be noticed
from Example 1 and Example 2 of EMRSS procedure given in Section 2.
With respect to AB, EMRSS perform better than MRSS and ERSS when
data is generated from Weibull distribution for both perfect and imperfect
ranking. Among all other distributions, EMRSS perform better than ERSS
only for certain choices of m. On the other hand EMRSS performs better
than ERSS for all cheices of  and m in term of efficiency for all distributions
used for generating data. In context of efficiency EMRSS performs better
than MRSS-only for smaller choices of m. RE of all estimators increase with
increase in set size m. Furthermore, relative efficiency of mean estimator un-
der EMRSS is higher for perfect ranking as compared to imperfect ranking
(see Tables 1-8) because imperfect ranking involve judgmental ranked units.

5 Application

Iris flower data set is used to illustrate the application of EMRSS and com-
pared it with three well-known existing ranked set sampling schemes in terms
of relative efficiency. The data consist of N=150 flowers with 5 variables.
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Petal width is taken as the study variable and suppose that we are interested
in estimating average width of petals. For m = 4, we take 8 independent
samples each consisting 8 flowers and ranked them according to petal width.
The ranked sets are presented in Table 9.

Table 9 Ranked sets

Samples Ranks
1 2 3 4 5 6 7 8

1.2 13 13 18 2 21 22 24
0.1 02 02 1 1.2 14 19 23
01 02 11 13 14 21 24 24
01 03 10 10 14 15 23 24
02 02 02 10 16 17 19 23
01 02 10 13 14 14 18 19
01 02 03 12 13 15 46 19
02 02 02 13 13 15 22 23

0O Ui Wi =

The observations in bold form are taken from units that are selected under
EMRSS. We obtain RSS, ERSS and MRSS from the above ranked sets in
similar way. Table 10 provides ultimate ranked set samples obtained from
Table 9, respective sample means and a’'95 percent confidence limits for
population mean in each case. In this example, we use = 1 for simplicity.

Table 10 Ranked Sets Samples

Sample number RSS ERSS MRSS  EMRSS
1 1.2 1.2 1.8 1.2
2 0.2 0.1 1 0.1
3 1.1 0.1 1.3 2.4
4 1 0.1 1 2.4
) 1.6 2.3 1.6 0.2
6 1.4 1.9 1.4 0.1
7 1.6 1.9 1.3 1.9
8 2.3 2.3 1.3 1.9
U(e) 1.3 1.2375  1.3375 1.275

i) — 1.96 X \/V(Jrey) 1.086468 1.03043 1.08111 1.063593
Yoy +1.96 X \/V(Grey) 1.513531 144456 1.59388 1.486406

The last three rows of Table 10 provides (¥,)) sample mean obtained us-
ing proposed and existing ranking mechanisms, lower and upper confidence
limits for true population mean of petal width. To compute these limits
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variances of the mean estimators are obtained through repeated sampling
from the population of 90 units (see detail later). In Table 11, variance and
relative efficiency of mean estimator under different ranked set sampling are
presented.

Table 11 Variance and Relative Efficiency

Variance

m Urss Ye Ym Yem

5 0.01186896  0.01116143 0.01711133  0.0116339

7 0.006512832  0.00544884  0.00886409 0.004189423

Relative Efficiency

m Yrss Ye Ym Yem

5 4.895174 5.205482 3.395449 4.99408

7 6.372104 7.616382 4.681862 9.906006

The first four rows of Table-11 are obtained by applying formulas given in
Equations (2.2), (2.5), (2.6) and(3.8), where 07 = 02—p(i) fori =1,2,3..2m
is obtained using following algorithm.

1. Select 2m samples each of size 2m for m = 4,5,6,7 from population
of 150 Iris flowers.

2. Ranked each sample within itself from smallest to largest according to
petal awidth and compute 6(21.) E = Z?Zﬁ (Wi — ,u(i)k)2.

3. Repeat Steps (1) and (2) 10,000 times.

4" Compute o) = S po000 G7y,/10000 for i = 1,2, ..., 2m.

The variance and relative efficiency of estimators under RSS, ERSS, MRSS
and EMRSS with respect to variance of mean estimator under SRSWOR
are given in Table 11. The numerical results suggest that EMRSS performs
better than well known existing ranked set sampling schemes for all choices
of m except of m = 5. For m = 5, EMRSS is slightly less efficient than
ERSS. The petal width of Iris flowers has a fat tailed distribution as shown
in Figure 1.
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histogram of Petal width
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Figure 1 Histogram of Petal width.

The histogram in Figure 1 shows that the distribution of petal width is
departed from normality. It also reveals that much data are densed at left
tail of the distribution as it can be seen from 0 to 0.25 the bar is too high
while it is low between 0.5 and 1.

6 Conclusion

A comparatively more representative, efficient and easy to handle ranked set
sampling procedure is proposed and applied to estimate population mean of
the study variable. The proposed sampling scheme is a mixture of ERSS and
MRSS. It is shown both'mathematically and through simulation study that
under certain ‘conditions EMRSS performs better than ERSS and MRSS for
estimating population mean. Alternatively, we can conclude that it performs
better than ERSS for all choices of m but it works better than MRSS only
for relatively small m. The numerical application shows that EMRSS per-
form well when underlying distribution has fat tail. The suggested sampling
scheme can be utilized in research areas where ranking all observations is
tedious but obtain median and extreme values (five number summary statis-
tics) are easy.

Acknowledgement

The authors are very grateful to the reviewers for their valuable comments
for improvement of this paper.



EMRSS 17

References

Al-Omari, A. I. and Bouza, C. N. (2014). Review of ranked set sampling: modifications
and applications.. Revista Investigacin Operacional, 3:215-240.

Balci, S., Akkaya, A., and Ulgen, B. (2013). Modified maximum likelihood estima-
tors using ranked set sampling. Journal of Computational and Applied Mathematics,
238:171-179.

Biradar, B. and Santosha, C. D. (2015). Estimation of the population mean based
on extremes ranked set sampling. American Journal of Mathematics and Statistics,
5(1):32-36.

Chen, Z., B. Z. and Sinha, B. (2002). Ranked set sampling: Theory and applications!
Springer Lecture Notes in Statistics, 176.

Cobby J.M., Ridout M.S., B. P. and R.V., L. (1985). An investigation_ into the use
of ranked set sampling on grass and grass-clover swards.. Grass and Forage Science,
40:257-263.

Cobby J.M., Ridout M.S., B. P. and R.V., L. (1987). Ranked set:sampling with non-
random selection of sets and errors in ranking. Applied Statisties, 36:145-152.

Dell, T. and Clutter, J. (1972). Ranked set sampling theorywith order statistics back-
ground. Biometrics, 28:545-555.

Mclntyre, G. (1952). A method of unbiased selectiversampling, using ranked sets.
Australian Journal of Agricultural Research, 3:385—-390.

Muttlak, H. A. (1997). Median ranked set sampling. Journal of Applied Statistical
Sciences, 6.

Muttlak, H. A. (2003). Investigating the use of quartile ranked set samples for estimat-
ing the population mean. Applied Mathematics-and Computation., 146’:437-443.
Patil, G. P., S. B. and Egemen, D. (2002). Ranked set sampling. Encyclopedia of
environmetrics, 3:16841690.

Samawi, H., Abu-Dayyeh, W., and Ahmed, S. (1996). Extreme ranked set sampling.
The Biometrical Journal, 30:577=586.

Stokes, S. (1980). Estimation of variance using judgment ordered ranked set samples.
Biometrics, 36:35-42.

Stokes, S. and Sager, T. (1988). Characterization of a ranked set sample with applica-
tion to estimating distribution functions. Journal of American Statistical Association,
83:374-381.

Takahasi, K. and Wakimoto, K. (1968). On unbiased estimates of the population mean
based on the sample stratified by means of ordering. Annals of the Institute of Statistical
Mathematics, 20:1-31.

Department of Statistics Quaid-i-Azam University Islamabad Pakistan

E-mail: shakeelatish05@gmail.com





