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ABSTRACT

The present study was carried out on Rank set sagnplith a view of
increasing the efficiency of estimate of populatroean. The basic premise for
ranked set sampling (RSS) is an infinite populatiwmder study and the
assumption that a set of sampling units drawn fthenpopulation can be ranked
by certain means rather cheaply without the achedsurement of the variable of
interest which might be costly and/or time-consugniiihe essence of RSS is
similar to the classical stratified sampling. RS& dbe considered as post-
stratifying the sampling units according to theanks in a sample. In present
study simple linear regression models were constlevith respect to samples
taken from the identified sampling techniques I&ienple random sampling
(SRS), systematic sampling (SYS) and rank set sagifRSS). It was found that
the coefficient of determination obtained from egion model based on rank set
sample was higher than rest of two sampling scheRest mean square error, p
values, coefficient of variation were much lowerremk set based regression
model than others. Kernel density curves were ragnemetric in case of rank set
sample as compared to SRS and SYS. Using validagicmique (Jacknifing)
there was consistency in the measure 9fA&lj R and RMSE in case of RSS as
compared to SRS and SYS. Ranlsetd sampling is introducedithin the frame



work of stratfied sanpling. Rather thansdecting a simple random sample
within eachstratumas is done irstratified simple random sampling (SSRS), a
rankedsa sample wihin eachstratum is takerf-rom the simulation results it is
concluded that RSS, when used in place of SRSarfittal stage of stratified
sampling, can provide considerably more accuraimates of population means.
New ratio estimators for RSS are proposed basegaoious combinations of
known values of deciles, Median, Quartile deviationefficient of Skewness,
Kurtosis, and Correlation coefficient of auxilianariable. The proposed ratio
estimators were more efficient than classical rastimators, and from various
simulation results it was found that the efficierafyRSS estimators decreases as
the correlation coefficient decreases, the efficyencreases as the set sixze
increases. Population mean under non responsdsoisstadied under rank set
sampling. Some new allocation schemes were proposddr RSS in order to
study their effect on sampling variance. In mostha situations under different
combinations of non-response rate and inverse odtsnb-sampled non-response
class, allocation schemes depending solely uporknbg/ledge of stratum size,
non-response rate, mean squares of non-respongp groduces more precise
estimates as compared to proportional allocatiah @her allocations based on
knowledge of response and non-response rate omtym Rhe results it is
concluded that in addition to the knowledge oftatiazes, the knowledge of non-
response rates and mean squares among non-respanges while allocating
sample to different strata, improves the precisainthe estimate. Different
computer programmes were prepared using R-softaraitlehe analysis as per the
objectives were carried out. In the preliminarydstuegression analysis and
regression diagnostics was carriedout in SAS, wihiée simulation was carried
out using the functiofibrary (mvtnorm) in R software. With the help of R
-software new functions likerss(m,r), varwts(n,h), makeAlloc

(n,m) andratio.est(n,N(x,y)) were developed. All these functions were
run on real data set generated from forestry amtichitiural crops.
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Chapter — 1
INTRODUCTION

1.1 Introduction

The basic premise for Rank set sampling (RSS) isfamite population
under study and the assumption that a set of sagplhits drawn from the
population can be ranked by certain means ratheapiin without the actual
measurement of the variable of interest which istlgoand/or time-consuming.
This assumption may look rather restrictive att faight, but it turns out that there
are plenty of situations in practice where thisagisfied. The original form of
RSS conceived by Mcintyre (1952) can be descrilsetblbows. First, a simple
random sample of sizeis drawn from the population and tkeampling units are
ranked with respect to the variable of interesy, Xaby judgment without actual
measurement. Then the unit with rank 1 is iderdifiend taken for the
measurement of. The remaining units of the sample are discarblectt, another
simple random sample of sikes drawn and the units of the sample are ranked by
judgment, the unit with rank 2 is taken for the sweament ofX and the
remaining units are discarded. This process isimoatl until a simple random
sample of size&k is taken and ranked and the unit with rdnis taken for the
measurement oK. This whole process is referred to as a cycle. dywe then
repeatsm times and yields a ranked set sample of 8lze mk. For k = 3, the
sampling procedure is illustrated in Fig. 1.

The essence of RSS is conceptually similar to tlassical stratified
sampling. RSS can be considered as post-stratithi@gampling units according
to their ranks in a sample. Although the mechanssdifferent from the stratified
sampling, the effect is the same in that the pdjmrais divided into sub-
populations such that the units within each subdfaipn are as homogeneous as
possible. In fact, we can consider any mechanisoh,necessarily ranking the

units according to thek values, which can post-stratify the samplingtsuin

[1]



Cycle 1
Xn11= X211 < Xg)11 = Xy1
X121 < X221 < X321 = X(2)1

X131 X231 < X(3)31 = X(3)1

Cycle 2
X112< X212 < X3)12 = X(1)2
X1)22< X222 < X(3)22 =X (2)2

X132 X232< X332 =X (3)2

Cycle m
X1 = X< X@ei— X
X@2= X2 < Xere— X@)

X13= X3 = X@z — Xg)

Fig. 1: Demonstration of the ranked set samplingRSS) procedure



such a way that it does not result in a random p&ation of the units. The
mechanism will then have similar effect to the nagkmechanism considered

above.

RSS is applicable whenever a ranking mechanisnmbeaiound such that
the ranking of sampling units is carried out eaaity] sampling is much cheaper
than the measurement of the variable of interespalrticular, it is applicable in
the following situations: (i) the ranking of a s&tsampling units can be done
easily by judgment relating to their latent valo¢she variable of interest through
visual inspection or with the help of certain aiaty means; (ii) there are certain
easily obtainable concomitant variables availaBig.concomitant variables we
mean variables that are not of major concern baitcarrelated with the variable

of interest. These situations are abundant in jgect

RSS has been used in the assessments of animgingacapacity of
pastures and ranges. The sampling units in sudasseents are well defined
quadrats. The measurement of a quadrat involvesimgdverbage and/or clipping
browse within the quadrat and then drying and wieglthe forage, which is quite
time-consuming and destructive. However, nearbydata can be ranked rather
precisely by visual inspection of an experiences@e. If the variation between
closely spaced quadrats is the same as that betwiksly spaced quadrats,
quadrats taken nearby can be considered as randmples. RSS can increase
greatly the efficiency in such situation. Hall amkll (1966) reported an
experiment by using ranked set sampling for estimgdbrage yield in shortleaf-
loblolly pine-hardwood forests carried out on a -2@0e tract of the Stephen F.
Austin Experimental Forest, near Nacogdoches, TaX84. In this investigation,
the quadrats were determined by metal frames of f@gt square. The
measurement of a quadrat involves clipping the beowvand herbage on the
quadrat and then dry the forage to constant weigC. Browse included the
current season’s leaf and twig growth of shrubspdyovines, and trees available

to deer or cattle. Herbage included all non-woodgnts. Due to particular

[2]



features of the plantation in this area, the vemmabdbf the forage plants between
closely spaced quadrats was essentially the sarntteaabetween widely spaced
quadrats. The sampling procedure is as followsstFiset locations were
established on a 2-chain grid. Then at each locatioree metal frames were
placed on the ground at randomly selected pointisinva circle 13 feet in radius.
Two observers-one a professional range man, ther oth woods worker-
independently ranked the three quadrats. Browse lartbage were ranked
separately. To investigate the efficiency of thekesd set sampling, all the forage
on all the quadrats were clipped and dried. Fowbey 126 sets of three quadrats
were ranked and clipped and, for herbage, 124gets ranked and clipped. It
turned out that, to achieve the same accuracyeoéstimation with 100 randomly
selected quadrants, only 48 quadrats need to bsumeshfor browse and only 73

quadrats need to be measured for herbage by RSS.

Martin et al. (1980) evaluated RSS for estimating shrub phytemas
Appalachian Oak forest. In this application, samgpliinvolves counting the
number of each vegetation type in randomly seletiiedks of forest stands,
which is rather time-consuming. But the rankingaasmall number of blocks by

visual inspection can be done quite easily.

In the above two examples, ranking of a small nunabeampling units is
done by visual inspection. For the visual inspectio be possible, the sampling
units must be nearby. As mentioned in Dell (1966%he variation between
nearby units is as same as that between far ap#st @ set of sampling units
taken nearby can be considered as a random sahhpleever, if the variation
between nearby units is much smaller than that &stwar apart units, a set taken
nearby is no longer a random sample from the pdipalaunder study. To
overcome this difficulty, either the entire areadenstudy may be divided into
sections such that within each section local viamat are essentially the same as

the overall variation and then apply RSS in eachi@® or some auxiliary tools

[3]



such as photos and video pictures may be usechéoranking of a randomly
selected set of units.

The assessment of the status of hazard wasteisitesially costly. But,
often, a great deal of knowledge about hazard wsités can be obtained from
records, photos and certain physical charactesisgitc., and then be used to rank
the hazard waste sites. In certain cases, the roomation levels of hazardous
waste sites can be indicated either by visual @weh as defoliation or soil
discoloration, or by inexpensive indicators suclspeacial chemically-responsive
papers, or electromagnetic readings. A concretenpla follows. In the early
1970s, an investigation was carried out to estirttegetotal amount of plutonium
239,240 Pu in surface soil within a fenced areacdjt to the Nevada Test Site of
Nevada, U.S.A. Soil samples at different locatiarese collected and analyzed
for 239,240 Pu using radiochemical techniques tterdene the plutonium
concentration per square meter of surface soil. radechemical analysis of the
soil samples is costly. However, a concomitantalde, the Field Instrument for
the Determination of Low Energy Radiation (FIDLEE®unts per minute taken at
soil sample location, can be obtained rather clyedpie ranking of soil sample
locations based on the FIDLER is rather cheap angls. Gilbert and Eberhardt
(1976). Yu and Lam (1997) applied retrospectivel$SR with concomitant
variables to the data collected from the above dtigation and found that the
statistical procedures based on RSS improves gigntfy those based on simple

random samples.

In population census in certain countries, valdesome variables are kept
on a “short form” for all individuals. These recerdre available for a survey
designer before a survey is carried out. In a syrthee values of survey variables
are collected on a “long form”. The variables or tlshort form”, which are
easily obtainable, can be considered as concomitardbles. Therefore the RSS
with concomitant variables can well be applied imveys of this kind. The

following case, which concerns the 1988 Test PdameCensus of Limeira, Sao

[4]



Paulo, Brazil, provides an example. The test cemssscarried out in two stages.
In the first stage, a population of about 44,000detholds was censused with a
“short form” questionnaire. In the second stageysiematic sample of about 10%
of the population size was surveyed with a “longrfoquestionnaire. The “short
form” contains variables such as sex, age and #&duacaf the head of household,
ownership of house, car and color TV, the numberooins and bathrooms, a
proxy to the monthly income of the head of houseghetc. The “long form”
contains, besides the variables in the “short foriiné actual monthly income of
the head of household and other variables. The daii@ned from the survey
consists of the sample records of the “long form’ 426 heads of households.
Details of the data were described in Silva andvsi (1997). Chen (2002) used
the data to illustrate the efficiency of RSS pragedand found that, for the
estimation of the mean monthly income of the hehdamsehold, RSS is more

efficient than simple random sampling in all stated procedures considered.

Many quantitative traits of human such as hypertenand obesity can be
attributed to genetic factors. In genetic linkagelgsis, sibpair models are used
for mapping quantitative trait loci in humans. Testt whether or not a marker
locus is associated with the quantitative traitemdonsideration, sib pairs are
selected, the values of the quantitative trait loé fpairs are measured, the
genotypes at the locus of the pair are determineldtze number of alleles that the
pair have derived from a common parent [identigablbscent (ibd)] at the locus
is found. The data is then used to test whethentimeber of shared alleles ibd of
the pair is correlated with the squared differehetween the values of the
quantitative trait of the pair. However, the povedrthe test by using a simple
random sample is very low. To detect the associatioexistence, thousands of
sib pairs are usually required. Risch and Zhan§%)1%und that the power of the

test can be significantly increased by selecting pairs with extremely

[5]



concordant or disconcordant trait values. In imm@atation, this requires to
screen a large number of sib pairs before genafypan be started, which will
certainly be subject to practical limitations. Teeccome the difficulty caused by
practical limitations, RSS scheme can be employedHte selection of the sib
pairs. Sib pairs can be screened in sets of aroppate size. In each set, only the
pair with either the smallest or the largest ah®ollifference in trait values is
selected for genetyping. This procedure, whileeasing the power of the test, is

more practical.

RSS can be used in certain medical studies. Ftarios, it can be used in
the determination of normal ranges of certain meddiceasures, which usually
involves expensive laboratory tests. Samawi (1299sidered using RSS for the
determination of normal ranges of bilirubin leuweldlood for new born babies. To
establish such ranges, blood sample must be takemthe sampled babies and
tested in a laboratory. But, on the other handyaim&ing of the bilirubin levels of
a small number of babies can be done by observingther their face, chest,
lower parts of the body and the terminal partshef whole body are yellowish,
since, as the yellowish colour goes from face ® tdrminal parts of the whole
body, the level of bilirubin in blood goes higheRSS also has potential
applications in clinical trials. Usually, the coltr a patient to go through a
clinical trial is relatively high. However, the petits to be involved in the trial can
be selected using the technique of RSS based dmirfi@mation such as age,
weight, height, blood pressure and health histtcy @hich can be obtained with
a relatively negligible cost. RSS is expected tonbare efficient than simple
random sampling (SRS), when applicable, regardiessranking is done. This is
because, intuitively, a ranked set sample contaioe information than a simple

random sample of the same size, since a rankeshsgile contains not only the

[6]



information carried by the measurements on thealbdgiof interest but also the

information carried by the ranks.

1.2 Historical background

The idea of ranked set sampling was first propogelddintyre (1952), in
his effort to find a more efficient method to esiie the yield of pastures.
Measuring yield of pasture plots requires mowind amighing the hay which is
time consuming. But an experienced person can bgnkye inspection fairly
accurately the yields of a small number of plotshaut actual measurement.
Mclintyre adopted the following sampling scheme.lE@me, a random sample of
k pasture lots is taken and the lots are rankeelykyinspection with respect to the
amount of yield. From the first sample, the lothwiank 1 is taken for cutting and
weighing. From the second sample, the lot with ran& taken, and so on. When
each of the ranks from 1 to k has an associatetddotg taken for cutting and
weighing, the cycle repeats over again and agatil antotal of m cycles are
completed. Mcintyre illustrated the gain in efficgy by a computation involving
various distributions. He observed that the retag¥ficiency, defined as the ratio
of the variance of the mean of a simple random $arapd the variance of the
mean of a ranked set sample of the same sizet iswach less than (k +1)/2 for
symmetric or moderately asymmetric distributiong] ¢ghat the relative efficiency
diminishes with increasing asymmetry of the undedydistribution but is always
greater than 1. Mcintyre also illustrated the eation of higher moments. In
addition, McIntyre mentioned the problem of optimallocation of the
measurements among the ranks and the problemshkihgaerror and possible
correlation among the units within a set, etc. Tgtothere is no theoretical rigor,
the work of Mcintyre is pioneering and fundamerdall farm the base line of

modern RSS methodology.

The idea of RSS seemed buried in the literatureafiong time until Halls
and Dell (1959) conducted a field trial evaluatirtg applicability to the

estimation of forage yields in a pine hardwood $or@he terminology ranked set

[7]



sampling was, in fact, coined by Halls and Dellg@P The first theoretical result
about RSS was obtained by Takahasi and Wakimot68j19hey proved that,
when ranking is perfect, the ranked set sample nean unbiased estimator of
the population mean, and the variance of the rasie¢dsample mean is always
smaller than the variance of the mean of a simgpidom sample of the same size.
Dell and Clutter (1952) later obtained similar fesuhowever, without restricting
to the case of perfect ranking. Dell and Clutte®d5@) and David and Levine
(1972) were the first to give some theoretical tiresnts on imperfect ranking.
Stokes (1976, 1977) considered the use of concomiaiables in RSS. Up to
this point, the attention had been focused mainlyh@ nonparametric estimation
of population mean. A few years later, Stokes (3980nsidered the estimation of
population variance and the estimation of corretatcoefficient of a bivariate
normal population based on an RSS. However, ottatistscal procedures and
new methodologies in the context of RSS had yetbéo investigated and

developed.

The middle of 1980’s was a turning point in the @lepment of the theory
and methodology of RSS. Since then, various stlsprocedures with RSS,
non-parametric or parametric, have been investigatariations of the original
notion of RSS have been proposed and developeds@ntt general theoretical
foundations of RSS have been laid. A few referemfethese developments are
given below. The estimation of cumulative distribat function with various
settings of RSS was considered by Stokes and S@88), Kvam and
Samaniego (1993) and Chen (2000). The RSS verdidistribution-free test
procedures such as sign test, signed rank tesMama-\Whitney-Wilconxon test
were investigated by Bohn and Wolfe (1992) and mHattsperger (1995). The
estimation of density function and population questusing RSS data were
studied by Chen (1999, 2000). The RSS counterpfrtatto estimate was
considered by Samawi and Muttlak (1996). The Uistiatand M-estimation
based on RSS were considered, respectively, bynélteend Bohn (1999) and
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Zhao and Chen (2000). The RSS regression estwedeackled by Patit al.
(1993), Yu and Lam (1997) and Chen (2001).

The parametric RSS assuming the knowledge of #mily of the
underlying distribution was studied by many authcesgy., Abu-Dayyeh and
Muttlak (1996), Bhoj (1997).

The optimal design in the context of unbalanced R&S considered by
Kaur et al. (1997), Ozturk and Wolfe (1998), Chen and BaiO@0and Chen
(2001). A general theory on parametric and non+patdc RSS was developed
by Bai and Chen (2003). Ranking mechanisms basethernuse of multiple
concomitant variables were developed by Chen anen SR2003). Rank set
sampling procedures are used for obtaining thessmple from the set of non-
respondents. Gaajendra and Bouza (2012) have dpjdigble sampling to study
the non-response situations, when rank set saminged in the sub-sample.
They suggested that the first visit may serve famking accurately the sub-
sampled non-respondents and applied two variabbnsank set sampling (RSS),
i.e. extreme-RSS and median-RSS for developinignakirs of the population
mean. Their expected variances and biases wereénettaising Monte Carlo
experiments. Various sampling strategies have bpphed to study the behavior

of non-responses.
1.3 Introduction to various sampling techniques

One of the vital issues in a sample survey is ti@ce of proper sampling
techniques. In the choice of a sampling methodretreee some methods of
selection while others are control measures wheth m grouping the population
before the selection process. The basic samplictgnigues which are employed
are simple random sampling, systematic sampling sardpling with unequal
probabilities of selection of units particularlyttviprobability proportional to size.

Among the control measures are procedures suclragied sampling, cluster

[9]



sampling and multi-stage sampling, etc. Brief digsion of some of the important

sampling techniques is given below:
1.3.1 Simple Random Sampling

Simple random sampling is a method of selectingits out of theN such
that every one of thgC, distinct samples has an equal chance of being drawn
practice a simple random sample is drawn unit b Whe units in the population
are numbered frorh to N. A series of random numbers betwdeandN is then
drawn, either by means of a table of random numbelsy means of a computer
program that produces such table. At any draw tloegss used must give an
equal chance of selection to any number in the fadipa not already drawn. The
units that bear thesenumbers constitute the sample. It is easily wedifihat all
nCr distinct samples have an equal chance of beiregtsel by this method. If a
unit is selected and noted and then returned lmattket population before the next
drawing is made and this procedure repeatdines, it gives rise to a simple
random sample af units. This procedure is generally known as simpledom
samplingwith replacement (srswr)if this procedure is repeated til distinct
units are selected and all repetitions are ignotleds called a simple random
samplingwithout replacementsrswor)Simple random sampling serves as a

baseline for comparing the relative efficiency tier sampling method.

Some important results in simple random samplirdy\atal properties are

as under:

Property 1: The probability that a specified upit the population being
selected at any given draw is equal to the proitglaf its being

selected at the first draw.

Property 2 :  The probability of a specified uniifgeincluded in the sample is
equal ton/N.

Corollary 1:  The probability of a specified samplen units, ignoring order, is
1/ M.
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Corollary 2:

Corollary 3:

Corollary 4:

Property 3:

Corollary 1:

Corollary 2:

Corollary 3:

Corollary 4:

In simple random sampling without @@ment, the standard error
of ¥ is given by;

e _ a"-'.—?‘! .".2 _ i—_f .'"2
Gy = NS[—1"? = NS[—]"

In simple random sampling with repla@nt, the standard error of

]

¥ can be written as;

Vi) = cT‘fﬂc’;lndcrf =g/\n

In simple random sampling with repla@nt, the variance and

standard error of = N; can be written as ;

V(¥) = N*¢?/nando; = No/\n

In simple random sampling = X7(y,— )" /(n— 1) is an
unbiased estimator ¢f* = No*/(N — 1)

An unbiased estimator of variance jofin random sampling

without replacement, is given by;
v(¥) = (N—n)s*/Nn=(1—f)s*/n

An unbiased estimator of the variarafe ¥ = N¥ in random
sampling without replacement, is given by;
v(¥) = N(N—n)s®/n=(1— fIN*s%/n

An unbiased estimator of varianceyoin random sampling with

replacement, is given by;
v(¥) = 5%/n

An unbiased estimator of variance & N%*s%/m in random

sampling with replacement, is given by

Estimators are generally calculated torede the population parameters.

These estimators vary from sample to sample. A rurabestimators are used to
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draw inference about the population parametersteTaee two general categories
of estimators; (1prdered estimator§2) unordered estimators

The estimators that take into account the ordewlmch the units are
selected in the sample are calleddered estimatorsAn important ordered
estimator isDes Raj's ordered estimatoDes Raj (1956) has proposed an
estimator that makes the use of conditional prdiigisi without calculating

inclusion probabilities which are difficult to callate for many sampling schemes.

An estimator which does not depend on the ordexhich the units are
drawn within the sample is callathordered estimatorSome of the important

unordered estimators are;

Murthy’s unordered estimator: Murthy (1957) suggdstthat an unordered
estimator can be obtained by weighting all posstisiiered estimators with their
respective probabilities. In samplingunits without replacement from a finite
population ofN units, here will be i)} unordered samplés). Each unordered

sample of sizen can be ordered iM (= n!) ways, i.e., an unordered sample

corresponds t¥ ordered samples.

Horvitz-Thompson estimator: Horvitz-Thompson (1952)ggested an estimator
which is a biased estimator of population totaleyiproposed a general estimator
of population total which possesses several ddsirainaracteristics. This
estimator with revised probabilities is always mefcient than usual estimators.
The variance estimator under this scheme with e obabilities is always non-
negative. It may be noted that Horvitz-Thompsonmesior can be used for any
sampling design when the estimator has only distumits in the sample. A
typical survey sampling set up consists of a petpn U on N labeled units with
a valuey; attached to the uniy; fori = 1,2,3,...... ,N.The finite populatiorld a
sample of sizen is drawn without replacement. One of the problefmmterest is
to estimate ¥ = Y, yi /N, the population means, by observing yaelues on

a subset of units in the population. A popular chas to select a sampling plan
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that has both its first and its second order inoluprobabilities equal. It is noted
that a simple random sampling plan is the most fsmaan to achieve this. It is
known that under simple random sampling, the farsdi second order inclusion
probabilities are respectively given by, =n/N, for every individual unit, and
m; =n(n—1)/N(N— 1) for all pairs of unitsi # j. Having obtained these
probabilities, the Horvitz-Thompson (1952) estimatduces to the usual sample

N-—n

mean. The sample mean is unbiased with variancengby V() = - 5,

N—n

which can be unbiasedly estimated by (¥) = s%,  where

§$*=X . (v,-¥)*/N—-1and s*= I (y,— 7)%/n— 1 have their usual
meanings. It is clear that, for a fixed-size sampldesign, the sampling error

remains unchanged if the values, and ,; are the same as that of simple

7

random sampling. Horvitz and Thompson (1952), Mu(ttB57) have shown that
unordered estimators are more efficient that odlerstimators, because their
variances are always less than or equal to thatdgfred estimators.

1.3.2 Probability proportional to size smpling

A sampling procedure in which the units are sebbciath varying
probabilities in proportion to some measure of sk of the sampling units is
known as sampling with probability proportional $@ze (PPS). Under PPS
sampling larger units has more probability of isodun in the sample as
compared to the unit of smaller size. Samplindhvgtobability proportional to
size (PPS) provides a practical technique when Baghfrom populations with
large variation in the values of the study variahfel often gives considerable
gain in efficiency. Under PPS sampling an auxilimige measure must be
available and for efficient estimation the size swra should be strongly related
to the study variable. More precisely, a size meagisought for which ratio to
the value of the study variable remains nearly astant for all the population
elements. These three basic sampling technigaégeng with control

measures can be used to construct a managesthpling design for a
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complex sample surveys. In all the techniquesluging simple random
sampling, auxiliary information on the structuretioé population is required. As

a rule sampling error can be decreased by the pumgeof auxiliary information.

The procedure of selecting a PPS sample consistssiociating with each
unit a number or a set of numbers equal to its dikhe selection of units is done
corresponding to a number chosen at random fromlitiotof numbers. The
commonly used selection procedures for a sample (a)e Cumulative total
method (2) Lahiri’'s method

Cumulative total method: let the size of tHeunit be denoted byt,, the total size
of N population units being X = X X,,i =1,2,3,...,N. Then, the selection
procedure consists of following steps ;( 1) Writevth cumulative totals for sizes
X,i=123,..,N. (2) Choose a random number r, such that;4 X. (3) Select
ith population unit ifT,_; =X, + X, +X; +-—....+X,_jand T,=T,_; + X,.

The probability of selecting the ith unit, usingstiprocedure, is given by, = %

Main difficulty in this procedure is the compulsidl compute successive
cumulative totals, which becomes time consumingasily when the population

size is large.

Lahiri's method: Cumulative method involves cumntiaia of sizes and then

writing down these cumulative totals, which is did&is one. A procedure which

avoids the need for calculating cumulative totalsdach unit has been given by
Lahiri (1951). It involves the following steps feelecting a sample;(1) select a
random number say from 1 to N(2) select another random numipesuch that

< j < M, where M is either equal to maximum of the sizes

{X.}.i =1,2,3,....N,or is more than the maximum size in the population.
1.3.3 Systematicsampling

Systematic sampling is one of the most frequenslydusample selection
techniques. A list of population elements or a stgi serves as the selection

frame from which everyq” element can be systematically selected. For
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example, many population registers are alphabéticatlered by family name.
The first member is selected at random among thedfielement. The rest of the
sample is selected by taking eveyyelement thereafter down to the end of the
list. Systematic sampling may in some cases be neffiective than simple
random sampling. This will occur, for example, hete is a certain relationship
between the ordering of the frame population anel ¥alues of the study
variable. The most common cases are those wherepdbalation is already
stratified or a trend exists that follows the p@ign ordering or there is a
periodic trend; all these situations can also keched by appropriate sorting
procedures. Periodicity may be harmful in some sasgpecially if harmonic

variation coincides with the sampling interval
1.3.4 Stratified sampling

In stratified sampling, the population consistirfg & units is first divided
into K sub-populations of N3,Np,Ns........... N units respectively. These sub-
populations are non overlapping and together tlegptomise the whole of the
populationi.e £¥_, Ni = N. These sub-populations are called strata. Stratiifin,
the values of Ns must be known. When the strata have been detednia
sample is drawn fom each stratum, the drawingagbenade independently in
different strata. If a simple random sample is take each stratum then the
procedure is termed as stratified random samphsgthe sampling variance of
the estimate of mean or total depends on withitatvariation, the stratification
of population $ done in such a way that strata are homogeneauthin
themselves with respect to theariable under study. However, in many
practical situations, it is usually difficult toratify with respect to the variable
under consideration especially because of physaal cost consideration.
Generally the stratification is done according tdmanistrative groupings,
geographical regions and on the basis of auxildrgracters correlated with the

character under study.
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1.3.5 Multi-stage sampling

Generally, elements belong to the same clustemaree homogeneous
as compared to those elements which belong toreliffeclusters. Therefore, a
comparatively representative sample can be irdta by enumerating each
cluster partially and distributing the entire gdenover more clusters. This will
increase the cost of the survey but the proport@iracrease in cost vis-a-vis
cluster sampling will be less as compared to inseem the precision. This
process of first selecting cluster and then furteampling units within a
cluster is called as two-stage sampling. The clasie a two-stage sample are
called as primary-stage units (psu) and elementsirwa cluster are called as
second-stage units (ssu). A two-stage sample leasdbvantage that after psu’s are
selected the frame of the ssu’s is required onlythee sampled psu’s. The
procedure allows the flexibility of using differesampling design at the
different stages of selection of sampling taini A two-stage sampling
procedure can be easily generalized to muli-stsg@pling designs. Such a
sampling design is commonly used in large scaleestst It is operationally

convenient, provides reasonable degree of precaidris cost-wise efficient.
1.3.6 Ratio and regression methods of estimation

In sampling theory if the auxiliary information,laed to the character
under study, is available on all the population tgnithen it may be
advantageous to make use of this additional inftonan survey sampling. One
way of using this additional information is in tisample selectionvith unequal
probabilities of selection of units. The knowledgfeauxiliary information may
also be exploited at the estimation stage. Thenasbrr can be developed in such a
way that it makes use of this additional informaticRatio estimator and
Regression estimators are the examples of sucmadstis. Obviously, it is
assumed that the auxiliary information is availabteall the sampling units. In
case the auxiliary information is not available rnthi¢ can be obtained easily

without much burden on the cost. Another way theli@uy information can be
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used is at the stage of planning of survey. An gtarof this is the stratification
of the population units by making use of the aaxjliinformation.

1.3.7 Clustersampling

A cluster may be defined as a group of units. Wtien sampling units
are clusters the method of sampling is known astetusampling. Cluster
sampling is used when the frame of units is notlabke or it is expensive to
construct such a frame. Thus, a list of all thenfaiin the districts may not be
available but information on the list of villages easily available. For carrying
out any district level survey aimed at estimatimg tyield of a crop, it is
practically feasible to select villages first afkn enumerating the elements (in
this case farms) in the selected village. The ntkibooperationally convenient,
less time consuming and more importantly such ehatets cost-wise efficient.
The efficiency of cluster sampling procedure incsea as the heterogeneity
between units belonging to same cluster increaSésster sampling
becomes more efficient than element sampling if whés pertaining to same

cluster are negatively, correlated.
1.4 Preliminaries

Some of the basic sampling concepts and notatmbs used in this study
hereafter are given below:

Population:The collection of all units of a specified typeangiven region at a
particular point orperiod of time is termed as a population or universe. Thus,
we may consider a population of persons, famifi@sns, cattle in a region or a
population of trees or birds in a forest or a papah of fish in a tank etc.
depending on the nature of data required.

Sampling Unit: Elementary units or group of units which besidesng

clearly defined, identifiable and observable arenvemient for purpose of
sampling are called sampling units. For instancea icrop survey, a farm or a
group of farms owned or operated by a household beyonsidered as the
sampling unit.
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SamplingFrame: A list of all the sampling units belonging to thepulation
to be studiedwith their identification particulars or a map showing th
boundaries of the sampling units is known as semgdrame. Examples of a
frame are a list of farms and a list of suitableaasegments like villages, blocks
in India. The frame should be up to date and freenferrors of omission and
duplication of sampling units.

Population Parametefny function of all the population values or obs#rons is

termed as population parameter or simply parametey. population meap,

population variances* etc.

Sample statistic or EstimatoAny function of the sample values which is free

from population parameters is called sample statist estimator.eGt, s°)
Generally it is calculated to estimate the popalatparameters. The estimator
varies from sample to sample. For a particular $antpe value of the estimator

in called estimate.

Sampling distribution: For all possible samples from the population, the

distribution of the sample statistic is called séngpdistribution. The standard

deviation of the sampling distribution is calledraiard error of the distribution.

Expected Value or average value of EstimaSuppose in a probability sampling

schemer; is the probability of selecting th& samples. Let; is the estimate of
parameter from thei™ sample and leM, be the total of all possible samples
from the population. Then expected value or avekadee of the estimatot’ is
defined by

M o] M 0
>t and denoted by E(t)  i.e. E()X, 77,
i= i=1

i=1

Unbiased EstimatorThe estimatort’ is said to be unbiased estimator of

paramete# if E(t) is equal td

[18]



MD
e EM)=Y tm, =6
i=1

Biased Estimator The estimatoft’ is said to be biased estimator of param@ter
if E{)#0

Bias in the estimatoft’ is given by
B(t) = E(t) -0

Consistent EstimatorFor finite populations and estimatdt, is said to be

consistent estimator ofif
t— 6 whenn— N
‘n’ is sample size an®l’ is population size for infinite populations, is

said to be consistent if

it P[[t-6|>0]=00>0

n [

Mean Square Error (MSE) of the Estimat&uppose in a probability sampling

schemet; is the estimate of the parametefrom thei™ sample, therfti — 6) is
called sample error. It varies from sample to sanphe expected value of the
square of sampling error (or expected value ofdteare of deviation) of the
estimatort’ from its true valué is termed a®ISEof the estimator t and denoted
by MSE

M, 2

MSE (t) =E (t-0)°= > (t, - 6) 7,
i=1

The square root dfISE (t)is called root mean square

Sampling VarianceThe expected value of the square of deviation @®timator

‘t" from its expected value is termed as variancéefesstimator t and denoted by
V(t) or ¢

V() == E [t—E(t)]?
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It is measure of divergence of the estimator frtsrexpected value.

Coefficient of Variancelt is defined by standard error ‘of divided by expected
value oft. i.e. CV(t)= s.e (1JE(t)

Efficiency: Given two estimator andt, of parametefthent; is said to be more
efficient than £ if MSE (t) < MSE (b)

On the other hantj is said to be more precise estimator thah
V() < V(b)

Relative efficiencyRelative efficiencyRE) of t; as compared t is defined as
= MSE (t)/MSE (t)

Relative precisionRelative precisiomy; as compared ty is= V (k) /V (t)

Sampling and Non-Sampling ErrorThe error arising due to drawing

inferences about the population on the basis difservations on a part (sample)
of it is termed sampling error. The sampling ernon-existent in a complete
enumeration survey since the whole population ivested. The errors other
than sampling errors such as those arising throungim-response, in-
completenesandinaccuracy of response are termed non-samplirgseand are
likely to be more wide-spread and important in anptete enumeration survey
than in a sample survey. Non-sampling errors atise to various causes right
from the beginning stage when the survey is plarmad designed to the final
stage when the data are processed and analyzedsarhpling error usually
decreases with increase in sample size (number rifs selected in the
sample) while the non-sampling error is likely taocriease with increase in
sample size. As regards the non-sampling errois itkely to be more in the
case of a complete enumeration survey than in #s® of a sample survey
since it is possible to reduce the non-sampling@reto a great extent by using
better organization and suitably trained persoratethe field and tabulation

stages in the latter than in the former.
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15 Ranking mechanism

The procedure is a two-stage scheme. At the ftegjes simple random
samples are drawn and a certain ranking mechasigmployed to rank the units
in each simple random sample. At the second stagaal measurements of the
variable of interest are made on the units selediaded on the ranking
information obtained at the first stage. The judgtranking relating to the latent
values of the variable of interest, as originalpnsidered by Mcintyre (1952),

provides one ranking mechanism.

Let us start with Mcintyre’'s (1952) original ranginmechanism, i.e.,
ranking with respect to the latent values of thealde of interest. If the ranking
is perfect, that is, the ranks of the units tallglmthe numerical orders of their
latent values of the variable of interest, the roess values of the variable of
interest are indeed order statistics. In this chsge; f;), the density function of the
rth order statistic of a simple random sample oé dtzfrom distributionF. We
have

K
fo (9 = (rDi(kn)!

F™ ([L-F (1" )

It is then easy to verify that

F(0 =3 f, (0

=]
for all x. This equality plays a very important role in R&Ss this equality that
gives rise to the merits of RSS. The equalitieshed kind are regarded as the
fundamental equalities. A ranking mechanism is daicbe consistent if the
following fundamental equality holds:

k
F(x) = % S F,, (%), for all x.

r=1
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Obviously, perfect ranking with respect to the matgalues ofX is consistent.

Other consistent ranking mechanisms are as follows
1.5.1 Imperfect ranking with respect to the variabé of interest

When there are ranking errors, the density functibthe ranked statistic
with rank r is no longerfy. However, we can express the corresponding

cumulative distribution functiofy; in the form:
k
F[r](x) = Z psr F(s) (X)1
s=1

Where ps; denotes the probability with which tlstlh (numerical) order statistic is

judged as having rank If these error probabilities are the same wittaich cycle

of a balanced RSS, we haYe"_ p_,=>"_ p, =1.Hence,

1
I I:[r](x) =

r=1

x|

k k
Y, 2 Py Fy(x)
s=1

r=1

=52 R Fu () = F.

1.5.2 Ranking with respect to a concomitant variald

There are cases in practical problems where thahlarof interestX, is
hard to measure and difficult to rank as well bebacomitant variabley, can be
easily measured. Then the concomitant variablebeanmsed for the ranking of the
sampling units. The RSS scheme is adapted inithisti®n as follows. At the first
stage of RSS, the concomitant variable is measanedach unit in the simple
random samples, and the units are ranked accotalitige numerical order of their
values of the concomitant variable. Then the meabXrvalues at the second
stage are induced order statistics by the ordéhe¥ values. LetY(,) denote the
rth order statistic of th¥ ’s andX;;] denote its corresponding Let f[X|Y() (Xly)]
denote the conditional density functionXfivenY() =y andgp(y) the marginal

density function ofY). Then we have
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i (0 = [ IXIY, (X1y)g, (Y)dy.

Then

F(9 = [0 X1, (xI)g,, (Ve

1 k
ZEZ:;‘ fiy ().

1.5.3 Multivariate samples obtained by ranking onef the variables

With-out loss of generality, let us consider thedbiate case. Suppose that
inferences are to be made on the joint distributbX andY. The RSS scheme
can be similarly adapted in this case. The scheoes the same as the standard
RSS. The sampling units are ranked according to ainthe variables, say Y.
However, for each item to be quantified, both vdealare measured. LEK, y)
denote the joint density function ¥fandY andf[r](x, y) the joint density function
of X[r] andY[r]. Then

f[r](X, y)= X |Y[r] (le)g[r] (y)

and
1 k
f(xy)= EZ fy (X, Y).
r=1

1.6 Estimation of population mean using ranked setampling

Let hy be any function ok. Denote by, the expectation di(X), i.e.,puh
= Eh(X). We consider in this section the estimationugfoy using a ranked set
sample. Examples df(x) include: (a)h(x) = X, 1=1,2 - corresponding to the
estimation of population moments, (b{x)= I{x < ¢} where I{-} is the usual

indicator function, corresponding to the estimation of distidoufunction, (c)h

X = %K(t;—x) where K is a given function and is a given constant,
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corresponding to the estimation of density functidfe assume that the variance
of h(X) exists, then

R 1 k m
H hrss = _kz Z [r]|

We consider first the statistical properties @f .5 and then the relative
efficiency of RSS with respect to SRS in the estimation of papulatean.

First, we have the following result.
Theorem 1.6.1.Suppose that the ranking mechanism in RSS isstensiThen,
i) The estimatori’ .. is unbiased, i.e.E[ ,zss = Uy,

2
i) var ({4 gss) < gk where g/ denotes the variance 6fX), and the

inequality is strict unless the ranking mechanismurely random.

i) Asm- o,
NMK (f yrss— Hy) - N (O, th.RSS)
in distribution, where,

Uh RSS — Z Uh[r]

Here g}, denotes the variance X

Proof : i) It follows from the fundamental equalityat

~ k m 1 k
E,U hRss:ﬁz th(X[r]i):Ez Eh(x[r]i)
r=1

=1 1

=, [neodR, (=0 d 3 Fiy (0

=[h(x)dF (94,
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%Z zm: Var (h(X,,,i)) -

ii) Var ([ =
(,uhRss) (mk)Z & ~ mk 2

> var (h(X;,))

#(%Z‘l(E[h(X[,])]Z ‘[Eh(X[r])]zj

1 1E 2
=W(mhz_E;[Eh(X[r])] J'

where my, denotes the second moment ). It follows from the Caushy-

Schwarx inequality that

%rzzl[me[r])]Zz{%;Eh(x[r])J =2,

where the equality holds only whé&h(Xj;) = --- =Eh(X}) in which case the

ranking mechanism is purely random.

i) By the fundamental equality, ,uh:%Z'::l,uh[r],where Higyis  the

expectation oh(Xp). Then, we can write

v mk (/} hRSS_luh): %;lm[%ih(xlr]i)_ 'uh[r]]

=1

Kk
\/F > Z,.say.

r=1
By the multivariate central limit theoremZy, ---, Zmy converges to a

multivariate normal distribution with mean vectogra and covariance matrix

given byDiag (0py, ... Oy ).

We know thato?/(mK)is the variance of the moment estimatorpgf

based on a simple random sample of stde Theorem 1.6.1 implies that the
moment estimator gfih based on an RSS sample always has a smaller variance

than its counterpart based on an SRS sample of the same dize.dontext of
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RSS, the cost or effort for drawing sampling uriitan the population and then
ranking them is negligible. When we compare thecieficy of a statistical

procedure based on an RSS sample with that based SRS sample, we assume
that the two samples have the same size.[Lgks denote the sample mean of a

simple random sample of simek We define the relative efficiency of RSS with

respect to SRS in the estimationuafas follows:

2 nd var ({1 gpo

RE( /2 ,
(U gss M Var (7 yped

Theorem 1.6.1implies that RE [ rss i sr9d> 1. In order to investigate the

relative efficiency in more detail, we derive tlodidwing :

1 &
UhRss EZ hir]
Z%E(E[h(x[r])]z—[Eh(X[r])]z)
1 22, ,2_1% 2
_E;(E[h(X[r])] ~Hn Ty _E;[Eh(x[r])]

Z(,uh[r :uh

Thus, we can express the relative efficiency as :

1 <«
~ ~ Of Ezrzl(:uh[r] _,uh)2
RE(i pss i gre) = 2 1- 2
O \rss Oy,

It is clear from the above expression that, ag las there is at least one

such that 4, #th, the relative efficiency is greater than 1. For a given

underlying distribution and a given function h, the relative efficyecan be

computed, at least, in principle.
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Based on the computations on a number of underlgistributions,
following conjectures are made : the relativeosfincy of RSS with respect to
SRS, in the estimation of population mean, is betwg and (k+1)/2 where k is
the set size; For symmetric underlying distribusiotine relative efficiency is not
much less than (k+1)/2, however, as the underlythgfribution becomes
asymmetric, the relative efficiency drops down hewer diminishes to less thanl.
Takahasi and Wakimoto (1968) showed that, whenkimgn is perfect,

%Z'::lahz[,] , as a function ok, decreases dsincreases, which implies that the

relative efficiency increases &sncreases. A practical implication of this regslt
that, in the case of judgment ranking relatinghte latent values of the variable of
interest, when ranking accuracy can still be askore in other cases, when the
cost of drawing sampling units and ranking by thesg mechanism can still be
kept at a negligible level, the set skkehould be taken as large as possible. The
relative efficiency for a number of underlying distitions are computed. The
relative efficiency is affected by the underlyingstdbution, especially by the
skewness and kurtosis. The notationsofi, y and « in the Table-1 stands,
respectively, for the mean, variance, skewnesxkartdsis.

Table-1: I, 6% v, k and the relative efficiency of RSS wittk = 2, 3, 4 for
some distributions

Distribution m ¢° v K 2 3 4
Uniform 0.500 0.083 0.000 1.80 1.500 2.000 2.500
Exponential 1.000 1.000 2.000 9.00 1.333 1.636 Q@.92
Gamma 0.500 0.500 2.828 15.0 1.254 1483 1.696
Normal 0.000 1.000 0.000 3.00 1.467 1.914 2.347
Beta 0.500 0.028 0.000 2,45 1.484 1.958 2.425
Weibull 2.000 20.00 6.619 87.7 1.127 1.236 1.334
Xz 0.789 0.363 0.995 3.87 1430 1.841 2.239
Triangular 0.500 0.042 0.000 2.40 1485 1961 2.430
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1.7 Estimation of smooth-function-of-means using mreked set sampling

In this section we deal with the properties of R8Sa particular model,
the smooth-function-of-means model, which refershi situation where we are
interested in the inference on a smooth functiopagulation moments. Typical
examples of smooth-function-of-means are (i) theawnae, (ii) the co-efficient of
variation, and (iii) the correlation coefficientceLetm,..., m, denotep moments
of F andg a p-variate smooth function with first derivatives. Wensider the

method-of-moment estimation gfmy,..., mp).

The following notation will be used in this sectid_et Z, | =1,...,p, be
functions ofX (~F) such thakE [Z]= m. Letn = km A simple random sample of
size n is represented byZy, ...,Z,): ] =1,...,n}. A general RSS sample of sine
is represented by X yi,..., Zpri): r =1,....k i = 1,...,m}. The simple random and
ranked set sample moments are denoted, respectnely

~ 1<

Z,==>27,1=1.,p
n<e

and

- 1 oo
| :k_zzzm)i'l =L..p.

m'= =1
Let ZSRS: (Z~1,...,Z~p)T and Z~RSS: (Z ,...,Z~p J .Denote byzSRS and ZSRS the

variance-covariance matrices df?]ZSRSand\/T]ZRSS respectively. Letag denote

the vector of the first partial derivativesg@évaluated atnfy, ..., m). Define

n=g(m,...my)
ﬁSRS:g(Zl""'Zp)

ﬁRSS:g(Zl""'Zp)
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We first state the asymptotic normality @f. and /7., and then consider

the asymptotic relative efficiency (ARE) gf.cs With respect t07.q¢

Theorem 1.7.1.Asm - oo (hence n - »),wehave

In(Ases—) -~ N (O.ag" > ag)
in distribution and

In(Ases=) -~ N (O.ag" > __ag)
in distribution

The above result follows from the multivariate wahlimit theorem. The

proof is omitted. The ARE off<s With respect to7..dis defined as

ag' > .29

ARE(7srs1sre) =
srollsrs) = ot stsag

The next theorem implies that the ARE Bfsswith respect t0/gqsis

always greater than 1.

Theorem 1.7.2.Suppose that the ranking mechanism in RSS is tenisighen

we have that

Z SRS= Z RSS
where ) (2 Y rssMeans thad sz D rss is Non-negative definite.
Proof : It suffices to prove that, for any vector of comssa,

arT Z SRSaT Z RSSOI2 O

Define

p p
Y=a'Z=) ,Z andy¥ =a" m=ajm;.
=N i=1
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Then we have

~

I[IY,SRS: aT ZSRSan Ci[IY,RSS: aT ZRSS
It follows from Theorem 1.5.1 that

Var ([lY.RSS) Svar (li’\lYSRS) !

O’T ZSRSa2 aT Z RS?

The theorem is proved

In fact, it can be proved that, as long as theeeah least two ranks, say

ands, such thathy; # R, thenZsgs>Xrss

It should be noted that, unlike in the estimation of metmesestimator of
a smooth-function-of-means is no longer necessarily unbiased. tnlig
asymptotically unbiased. In this case, the relative efficiency of RiBBrespect
to SRS should be defined as the ratio of the mean square errors tfothe
estimators. The ARE, which is the limit of the relative efficiencyhessamples
size goes to infinity, does not take into account the biaBnibe sample sizes. In

general, the ARE can not be achieved when sample size is small.
1.8 Estimation of variance using rank set sampling

The natural estimates ef using an SRS sample and an RSS sample are

given, respectively, by

1 k m -
S%srs= mk—lzz(xri —Xerd’s
r=1i=1

k m

o _ 1
whereXSRs—er:l X, and

ri?

1 k m o
Sres= (X = Xsrd
mk—1 ;; e 7SR
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a 1 k m
where xRSS:WZr:l =1 X[r]i

The properties ofSiwere studied by Stokes (1980) Unlike the SRS
version S, the RSS versiol$iis biased. It can be derived, that :

2

ESF%SS:U k(mk 1) & Z(Mr] H)*

An appropriate measure of relative efficiencySf. with respect toSZ

is then given by

RE(Sis0 S = o 22

Var(sSRs)
Var(sRsa [k( o 1)2 L =T

It can be easily seen that

RE(SI§SS’ SéRS) < ARE(SiSS’ SiSS)

Since
1 k
W 2~ <0,
r=1
o 1 K ) ) .
it is clear that——— - 1)?will decrease as eithé&ror mincreases.
k(mk_l) Zr=l(’%f] 'U)

e., the relative efficiency will converge increasingly to ARSedker k or m

increases.
1.9 An overview of the data sets

For the present study two data sets were utilized, one wasftakeapple
and another one from Pinus. For apple data the block Ganderbal ecteddbr
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the present study in District Ganderbal. Distriegin@erbal being inseparable part
of the state naturally inherits the same charasttesi which predominately exist in
the economy of the state. Agriculture is the maourse of income and
employment in the district. More than half of thepplation, directly and
indirectly derive their livelihood from it. Paddynaize and horticulture are the
principle crops grown in the district. There is doaetwork of agricultural
infrastructure available throughout the length dmdadth of the district. Total
area sown under different food and non-food crepbiut 27735 hectares, out of
which 15828 hectares constituting 57 per cent waseu cereal food crops. At
present 8738 hectares are under major horticultuops with 3866 hectares
constituting 44 per cent are under apple cultivatémd out of 47916 MT of
production of horticulture crops, apple productier84873 MT which is 72 per
cent of the total production. A survey was condddbor estimation of average
yield of apple in the district Ganderbal at bloavdl. Since at present 8738
hectares are under major horticulture crops witBe3@ectares constituting 44 per
cent of the area is under apple cultivation inraisiGanderbal. A total of 420
orchards were reported in the block Ganderbal aogean area of 772.8 hectares
with 73,496 total number of trees. Total productmhnapple in the block was
found out to be 6758.52 metric tons (Mt) with th@ductivity of 8.74 Mt/ha.
American, Delicious and Maharaji were the main et@s of apple cultivated in
the block.

Data onPinus wallichianawas also considered in the present stiiyus
wallichiana is a coniferous evergreen tree native to the Higea Karakoram
and Hindu Kush mountains, from eastern Afghanistast across northern
Pakistan and India to Yunnan in southwest Chingrdtvs in mountain valleys at
altitudes of 1800-4300 m (rarely as low as 1200bejyween 30 m and 50 m in
height. It favours a temperate climate with drytems and wet summers. This tree
is often known as 'Bhutan pine’, (not to be corduseith the recently

described Bhutan white pinBinus bhutanicaa closely related species). Other
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names include 'blue pine', 'Himalayan white pimel &imalayan blue pine'. In
the past, it was also known by the invalid botanmamesPinus
griffithii McClelland or Pinus excelsaWall., Pinus chyllaLodd. when the tree
became available through the European nursery trai836, nine years after Dr
Wallich first introduced seeds to England. The ésa{’needles”) are in fascicles
(bundles) of five and are 12-18 cm long. They areah for being flexible along
their length, and often droop gracefully. The comes long and slender, 16—
32 cm, yellow-buff when mature, with thin scalese tseeds are 5—-6 mm long
with a 20-30 mm wing. Typical habitats are mountacrees and glacier
forelands, but it will also form old growth forests the primary species or in
mixed forests withdeodar, birch, spruce, and firsbme places it reaches the tree
line. The wood is moderately hard, durable and Igiglesinous. It is a good
firewood but gives off a pungent resinous smokas la commercial source of
turpentine which is superior quality than thafofroxburghiibut is not produced
so freely. It is also a popular tree for plantimgoarks and large gardens, grown
for its attractive foliage and large, decorativene®. It is also valued for its
relatively high resistance to air pollution, tolimg this better than some other
conifers. The data oRinus wallichianawas taken from block Langate of District

Baramaula from Forest department J&K.

While scanning the review of literature it has bdeand that no such
work with regards to agricultural/Forestry data hes far been conducted.
Therefore, the present investigation entitled “Gome aspects of Rank set
sampling and Non-Response situations utilizing RSAS Softwares” was

undertaken with following objectives:

1) To compare Rank set sampling scheme with other lsagnpechniques
(Simple Random sampling, Systematic Sampling) @andysthe impact of
these sampling techniques on estimates of simglession models.

2) To study the impact of Rank set sampling on themegors of population
mean in Stratified sampling.
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3) To develop class of Ratio estimators using Ranksaetpling and their
comparison with the classical Ratio estimators.

4) To study Rank set sampling in situations of Nongeese, while
considering the problems of allocation.

5) To utilize R/ SAS softwares in the above methodglagd to develop
functions based on these softwares to study thedlalhta sets.

1.10 Review of literature

Ranked set sampling was first described as a metboihcrease the
precision of estimated vyield without the bias of saacher-chosen
‘representative’ samples (Mcintyre 1952). He codeghthat the effectiveness of
the method was dependent upon the information ghlneranking. RSS has
been used to estimate pasture yield (Mcintyre 195t8ub phytomass (Martet
al., 1980), mass herbage in a paddock (Coébgl., 1985) in order to achieve
observational economy and increased precision siraple random sampling
(SRS). In practice, ranking is bound to be perfanvdth some error. The
statistical theory of ranking error was developed Takahasi & Wakimoto
(1968). Dell & Clutter (1972) showed that the RS8reator remains unbiased in
the presence of unbiased ranking error and thathwieking is completely
random the RSS estimator provides better precifian simple random sample
estimator. The correlation between the concomitaniable and the variable of
interest is proportional to ranking error. RSS wedended to ranking on a
concomitant variable by Stokes (1977).

Rank set sampling has wide applications in regoessiodelling as it is
used to improve parameter estimation in simplealinegression model. Many
authorsused RSS technique in regression analysis. Baal. (1993) compared
the RSS sample and SRS sample in relation to theooaitant variable and the
regression estimate. Muttlak (1995) used RSS tonatt the parameters of
simple linear regression model treating the regmeas a constant. Gilbert (1995)

recommended it for environmental research questisnsh as estimating
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plutonium soil concentrations. Nussbaum and Sid887) discussed the problem
of quality testing reformulated gasoline wigiierence to RSS. Samawi (1997)
proposeda regression-type estimator based on RSS. Theymsrated that this
estimator is always more efficient than the regogssstimator using SRS. Chen
(2001) did an extensive study on the propertiesegfession type estimates.
Ranked samples are proven to be more efficient tamadom samples. Hani
(2002) suggested that using ranked samples in@¢hsgrecision of regression
analysis and argued that all residual analysis austtior the model diagnostics
remain valid when ranked samples are used. ChenNartg (2004) studied the
optimal RSS for the regression analysis.

The effects of using RSS in multiple linear regi@ssanalysis were
considered by Yaprak (2007) in terms of estimatioin regression model
parameters. Yaprak suggested that the estimattagmed based on RSS are more
efficient than the estimators based on SRS whersdh&le size is small. Many
forms of ranked set samples have been introduceehtly for estimating the
population mean and other parameters. For multthkracteristics estimation,
Walid et al. (2011) suggested extreme ranked set sample anctdarat this
sampling scheme will prove to be more efficientnthmavariate simple random
sample and the usual univariate rank set samplestimating population means.
He suggested a simulation study to compare theieity of the estimators and
showed that extreme ranked set sample gives unbiaged more efficient
estimators than those obtained by using bivarigitaple random sample and
univariate ranked set sample, using the sammabau of quantified

observations.

Murray (2000) applied RSS for estimating the perfance of spray
deposits on leaves of apple trees and contendédébpite errors in ranking, RSS
improved the precision of estimating the mean ot@etage of upper leaf surface
covered with deposit and the total deposit on tppeu surface of the leaf as

compared to SRS. Zehua (2000) suggested that maxihkelihood estimates
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(MLE) based on RSS are always more efficient thair tcounterparts based on
SRS. For comparable sample sizé® RSSprocedure results in morexccurate
parameter estimators thansimple random sampling (SRS). Hushiyal. (2005
used surveydata on crop poduction in Ohio, and considerededuction in
standarderror for a variety of sample sizes while using sevewdifferent

auxiliary variables for ranking.

Zehua (2008) proposed schemes for the assignmexpafrimental units
that may greatly improve the efficiency of the camgon in such situations. The
proposed schemes based on general ranked set sgmglie considered by him
and relative efficiency and cost-effectivenesstltg proposed schemes were
studied concluding that the proposed scheme basednking provides results
which are always more efficient than the tradiélb8S8RS when the total cost is
same. Estimating a monitoring survey abundanceximarild be more efficient if
the sampling sites were selected based on themiatoyn from previous surveys
or catch rates of the fishery research. You (2089ygested two practical
examples from fishery research that RSS incorpsiatermation on concomitant
variables that are correlated with the variableirgérest in the selection of
samples, to demonstrate the approach: site setetioa fishery-independent
monitoring survey in the Australian northern prafishery (NPF) and fish age
prediction by simple linear regression modelingharslived tropical clupeoid.
Both the strategies were based on RSS. The relafifidencies of the new
designs were derived analytically and samplingtatjias were developed based
on the idea of ranked set sampling (RSS) to inerediiciency and reduce the

cost of sampling in fishery research.

Minzhu (2005) provided the estimation of quantilBem data sets
generated with RSS. Based on this data he proposedestimators and argued
that such estimators have smaller asymptotic veesifor all distributions Bouza
(2009) proposed a modified ratio estimators of pupulation mean of the

variable of interest involving the first or thircuartiles of an auxiliary variable
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that is correlated with the variable of interedte$e estimators were investigated
under simple random sampling (SRS) and rankedasepling (RSS) method and
these estimators were found to be approximatelyaged and the RSS estimators
were more efficient than those based on SRS méitrothe same quartile and
sample size. Many sampling methods have been swaglder estimating
population median or second quartile in a situatiien sampling units in a study
can be ranked easily than quantified. Kamarulzarf2®ill) illustrated the
superiority of RSS over SRS through simulation stsid

Rank set sampling procedures are used for obtathegub-sample from
the set of non-respondents. Gaajendra and BouZ®)Zuggested that the first
visit may serve for ranking accurately the sub-dachmon-respondents and
applied two variations of rank set sampling (RS$8),extreme-RSS and median-
RSS for developing estimators of the populatiommd heir expected variances
and biases were obtained using Monte Carlo expetsne/arious sampling

strategies have been applied to study the behafimon-responses.
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Chapter — 2

UTILIZATION OF R AND SAS SOFTWARES IN SAMPLE
SURVEY DATA

2.1 Introduction to R and SAS softwares

The proposed investigation envisages utilizatiorRo$oftware and SAS
packages for statistical and graphical studiesjew of the following important

and distinguishing features of these softwares.

R-software is an integrated suit of software fortadananipulation,
calculation, and graphical display. It has an effechandling and storage facility.
It has a large number of functions for data analy$i contains numerous
graphical facilities to display either directly@mputer screen or as hard copy. It
has its own programming language, which is vergai¥e and simple. It has the
feature of extendibility, thus a programme writieanC, C++ or FORTRAN can
easily be called in this software. R- Softwareimilsr to S-PLUS software and
both are implementations of S language, developeBed laboratories USA,
which is birth place of C language and unix opemsystem. Three fundamental
books written by Beckeet al. (1988), Venables and Repley (2004) are of
immense use for understanding this software’s. Kduach Mir (2005) discuss in
detail the application of R-software in agriculiudata analyses. One of the
important feature of R- software is that it is ape@ Source and freely available
on website http://cran-project.org. R languagesiseatially a functional language
for all practical purposes of data analysis anglgics. Preliminary data analysis

in case of Pinus data was carried out in R software
Some of the important features of R and S-plus\so#ts are:

. These are an integrated suit of software for dagenipulation,

calculation, and graphical display.

. They have an effective handling and storage fgcilit
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. They have suit of operators for calculations omysy in particular

matrices and data frames.
. They have a large number of functions for datayasl

. They contain numerous graphical facilities to dgpleither

directly at computer screen or as hard copy.

. They have their own programming language, whichvey

effective and simple.

. They have the feature of extendibility, thus a paogme written in
C, C++ or Fortran can easily be called in thesensoks.

SAS is a sophisticated computer package contaimagy components.
Originally the letters SAS stand for Statistical alysis System SAS software

provides comprehensive statistical tools for a widlege of statistical analyses,
including analysis of variance, categorical datalysis, cluster analysis, multiple
imputation, multivariate analysis, nonparametrialgsis, power and sample size
computations, psychometric analysis, regressionmyegu data analysis, and
survival analysis. SAS has also been utilized indisss, like, nonlinear mixed
models, generalized linear models, correspondencalysss, and robust
regression. For over three decades, SAS softwarddwn used by programmers,
analysts and scientists to manipulate and analgre GAS (Statistical Analysis
System) software is comprehensive software whickisdeith many problems
related to Statistical analysis, Spreadsheet, Qa&ation, Graphics, etc. It is a
layered, multivendor architecture. Regardless & thfference in hardware,
operating systems, etc., the SAS applications lthek same and produce the
same results. The three components of the SAS Bystee Host, Portable
Applications and Data. Host provides all the reegdinnterfaces between the
SAS system and the operating environment. Funditeasa and applications

reside in Portable component and the user supihieeBata.
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Windows of SAS
1. Program Editor : All the instructions are givender
2.Log : Displays SAS statements sutaifor execution and messages
3. Output : Gives the output generated
Rules for SAS Statements
1. SAS program communicates with computer by the Satsents.
2. Each statement of SAS program must end with seomcg).
3. Each program must end with run statement.
4. Statements can be started from any column.

5. One can use upper case letters, lower case leitdlee combination of the

two.
Basic Sections of SAS Program
1. DATA section
2. CARDS section
3. PROCEDURE section
Data Section

Details of data section are given below :

Data value

A single unit of information, such as name of tipe@e to which the

tree belongsheight of one tree, etc.
Variable

A set of values that describe a specific data cbaratic e.g. diameters

of all trees in a group. The variable can have menapto a maximum of 8
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characters and must begin withletter or underscore. Variables are of two

types:
Character Variable

It is a combination of letters of alphabet, numbemd special

characters or symbols.
Numeric Variable

It consists of numbers with or without decimal gsimnd with + or -

ve signs.
Observation

A set of data values for the same item i.e. allsueament on a tree. Data
section starts with Data statements as DATA NAMEG&s to be supplied by the

user);
Input Statements

Input statements are part of data section. Tlagestent provides the

SAS system the name of the variables with the fornfidt,i$ formatted.

List Directed Input

. Data are read in the order of variables given puirstatement.
. Data values are separated by one or more spaces.

. Missing values are represented by period (.).

. Character values are followed by $ (dollar sign).

Univariate study in case of Apple data was caroiedin SAS.
2.2 Preliminary study of data structure

Two data sets were considered for the present sflidyhave a
comprehensive look into the data its graphic ad aglnumerical summary is

required. This job can be accomplished using th&ctfans of R which are
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specially meant for meeting this requirement. THasetions will be discussed in
what follows. Summary features of the data consighe two main aspects; (i)

Numerical summary (ii) Graphical summary.
2.2.1 Numerical summary

Numerical summary consists of summary features ha&f tharacters
(variables) of breeding data. The main featuresmamr@mum, maximum, first
quartile, second quartile (median), mean and thjudrtile. These summary
features are reported for each variable of apple. ddl summary features can be
obtained by making use of the functismmmary () of R software packages. A

general format of the function &immary (data)

Where data stands for data object of which sumnsargquired. This data
may be a vector representing a single charactéetfer alternative is data frame
which is a two dimensional array consisting of roavel columns, where rows
represent number of observations and columns reprasumber of variables
(characters). The data used for the present stugiynus data with 275 rows and 2

columns. Names of these characters can be obtasiad the functiomames

() of R software packages.

> names(pinus)
[1] "dbh"  "height"

Now the data set pinus introduced in the abovenayaed to see its summary

features

> summary(pinus)

dbh height
Min. : 2.20 Min. :0.90
Ist Qu.: 6.85 1st Qu.: 4.80
Median : 14.60 Median : 9.31
Mean :21.45 Mean :15.67
3rd Qu.: 33.25 3rd Qu.:20.12
Max. :219.00 Max. :71.77
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2.2.2 Graphical summary

A graphical summary of the data set provides g#le picture which can

be easily understood by a common man.

Boxpl ot ()

Boxplot() is meant for comprehensive presentations of dathows
centre as well as spread of a distribution. Thasiability can be depicted along
with point of centrality. A line in the box is pled at the median value. The width
of the box is equal to inter quartile rarl@R, which is the difference between the
third and first quartile. The width of the box sh®othe variability present within
the character. Wiskers are lines on both sidefi@fobx that extend the edge of

the box to either sides of the extreme value @r distance of1L.5% IQR from the

median whichever is less, (e.g., Khan and Mir (3D0Box plot of data is
obtained by usindhoxplot() function available in and R. Argument to this
function is data object whose box plot is requirédle general format of the

function isBoxplot(data).

To get the box plot ofdbh" "height" of pinus data the commands are

given Fig. 2.

op=par(mfrow=c(1,2))

# par can be used to set or query graphical paramet ers.
Parameters can be set by specifying them as argumen ts
to par in tag = value form, or by passing them as a

list of tagged values.

> boxplot(pinus$dbh,ylab="cm",main="dbh")

> boxplot(pinus$height,ylab="mt",main="height")

Quantile—Quantile plot ( QQ- Pl ot)

The quantile quantile plot is a plot of one set of dilaa against another
set of quantiles. There are two main formQ&p-Plot these arggnorm and
qgline . The most frequently used form i.ggnorm checks whether data

set comes from a particular normal distriiti In this type of plot one set of
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quantiles consists of the ordered set of data gadunrel the other set of quantiles
are from normal distribution. If the points in tpiet cluster along the straight line
the data set probably has the normal distribufidre second form i.eqqline

fits a line through a normajgplot to check the distribution shape. The general

format of these functions is
ggnorm(data)
qgline(data)

To getqgnorm andqgline of the each character of pinus data the commands

are given in Fig. 3.

> op=par(mfrow=c(1,2))

> qgnorm(pinus$dbh,main="dbh")
> qqgline(pinus$dbh,main="dbh")

> qgnorm(pinus$height,main="height")
> qqline(pinus$height,main="height")

2.2.4 Regression analysis of the data

A linear multiple regression models was fitted tbe Pinus data set.
Multiple regression models is an extension of semgigression model. In such a
case more than one regressor variables are invoNedmodel is specified by the

linear equation,
Yi ::BO +ﬁ1Xi +---+,kak t+e, [ =ZL...,n
Where ['s are regression coefficients andes are distributed normally with

mean zero and variances®. This model can be extended to a general linear

model defined as
y=X5+e
Which is equivalent to
Y, ~N(B, + B X, +..+ BX,,0%), i=L..n
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For regression analysisin function of R software is used. Its main
arguments areformula and data. Formula provides relationship between
response and regressor variables while data prevddt frame in which data on
response and regressor variables are made availlls, general form doim

function is as follows:
reg <-Im(formula, data=data.frame)

For pinus data in which if ‘height’ is a response variabledddbh’is regressor

variable then this model will be fitted as

reg<-Im(height~dbh,data=pinus)

# Im is used to fit linear models. It can be used t o]
carry out regression, single stratum analysis of

variance and analysis of covariance (although aov may

provide a more convenient interface for these).
> sunmary(reg)

# summary is a generic function used to produce res ult
summaries of the results of various model fitting

functions.

Im(formula = height ~ dbh, data = pinus)

Residuals:
Min 1Q Median 3Q Max
-120.91078 -3.56472 -2.14159 0.01044 35.58 641

Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 2.83774 1.00261 2.83 0.00499 **
dbh 0.59810 0.03347 17.87 <2e-16** *

Signif. codes: 0 **** 0.001 *** 0.01 ** 0.05 . '
0171

Residual standard error: 11.61 on 273 degrees of
freedom
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Multiple R-squared: 0.5391, Adjusted R-squared:
0.5374
F-statistic: 319.3 on 1 and 273 DF, p-value: < 2.2 e-16

> anova(reg)

# Compute analysis of variance (or deviance) tables for

one or more fitted model objects.
Analysis of Variance Table

Response: height

Df Sum Sq Mean Sqg F value Pr(>F)
dbh 1 43023 43023 319.33 < 2.2e-16 ***
Residuals 273 36781 135

Signif. codes: 0 “*** 0.001 **' 0.01 **’ 0.05 ". '
011

2.2.8 Validity of assumptions

The validity of the fitted multiple regression méder the pinus data is
checked graphically. The assumption on the erreiagbi.i.d. normal random
variables translates into the residuals being nthynthstributed. They are not
independent as they add to and their variancetismtorm, but they should show
no serial correlations. We can test for normalityhvhistograms, boxplots and
normal plots. We can test for correlations by logkif there are trends in the data.
This can be done with plots of the residuals vaetand order. We can test the
assumption that the errors have the same variaithepiots of residuals vs. time
order and fitted values. Following functions of IRe aused for checking the

validity of assumptions (Fig. 4).
> op=par(mfrow=c(2,2))
> plot(reg)

(# par can be wused to set or query graphical

parameters. Parameters can be set by specifying the m as

[46]



Residuals

JIStandardized residuals|

0

-100

0.0 15 3.0

0
Residuals vs Fitted ‘é Normal Q-Q
_ - 5 S
— o o o —M
©
—] ()] —
N
_ T 9|
32° %’ ! 032
I [ = T T T T T 1
0 40 80 120 7 3 101 23
Fitted values Theoretical Quantiles

X%)
Scale-Location ‘é‘ mResiduaIs vs Leverage
8 o —E‘?“*:*::r—-—--: b5
-O 1 .
QJ —
N
S 94
CG 1
]
C
g
n 0.00 0.10 0.20 0.30
Fitted values Leverage

Fig. 4 :

Graphs of fitted regression model of lAus data



arguments to par in tag = value form, or by passing
them as a list of tagged values)

Residuals vs. fitted This plots the fittedi) values against the residuals. Look for

spread around the line y = 0 and no obvious trend.

Normal ggplot :The residuals are normal if this graph falls clsa straight line.

Scale-Location This plot shows the square root of the standaddiesiduals. The

tallest points are the largest residuals.

Cook's distance This plot identifies points which have a lot ofluence in the

regression line.
2.2.10 Confidence interval
> confint(reg)

# Computes confidence intervals for one or more
parameters in a fitted model.
25% 97.5%

(Intercept) 0.8639181 4.8115701
dbh 0.5322046 0.6639875

2.2.11 Correlation
> Cor (pinus)

#var, cov and cor compute the variance of x and the
covariance or correlation of x and y if these are
vectors. If x and y are matrices then the covarianc es
(or correlations) between the columns of x and the
columns of y are computed.
dbh height
dbh 1.0000000 0.7342398
height 0.7342398 1.0000000
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2.2.11 Univariate study of Apple data using SAS

The UNIVARIATE Procedure under SAS takes the follagvarguments;

data apple”
input vyield Area Trees Bearing;
cards;
23.52 2.55 255 196
19.32 2.1 210 161
16.52 1.8 180 138
20.76 2.25 225 173
18 1.95 196 150
24.84 2.7 270 207
11 1.2 120 92
9.6 1.5 105 80
13.8 1.5 150 115
16.5 1.8 182 138
9.96 1.2 109 83
13.44 1.5 146 112
21 2.25 228 175
20.04 2.25 217 167
0.75 68 52

6.24
5
proc univaraite data = apple;

run;
Variable: yield
Moments

N 420 Sum Weights 420
Mean 16.0917143 Sum Observations 6758.52
Std Deviation 6.22854468 Variance 38.7947689
Skewness 0.16762684 Kurtosis -1.1074731
Uncorrected SS 125011.181 Corrected SS 16255.0082
Coeff Variation 38.7065329 Std Error Mean 0.30392186
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Mean
Median
Mode

16.09171
15.28000
14.04000

Location

Std Deviatio
Variance
Range

Interquartile Range

Test

Student's t
Sign
Signed Rank

Basic Statistical Measures

n

Variability

6.22854
38.79477
25.49000

10.08000

Tests for Location:

-Statistic-

t 52.94688
M 210
S 44205

Mue=0

Pr > |t] <.0001
Pr >= |M| <.0001
Pr >= |S| <.e001

Quantiles (Definition 5)

Qu

10
99
95

antile

0% Max
%
%

90%

75% Q3

50% Median
25% Q1

10%

5%
1%
0%

Min

Variable:

Estimate

30.
28.
26.
24.
20.
15
10

8.

6
6.
4

yield

480
080
400
720
880

.280
. 800

105

.720

000

.990

Extreme Observations

----Lowest----
Value Obs
4.99 257
5.91 253
6.00 395
6.00 381
6.00 366
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----Highest----
Value Obs
28.08 107
28.20 300
28.32 86
28.44 222
30.48 408



Variable: Area
Moments
N 420 Sum Weights 420
Mean 1.84 Sum Observations 772.8
Std Deviation 0.67870437 Variance 0.46063962
Skewness 0.10850838 Kurtosis -1.9517595
Uncorrected SS 1614.96 Corrected SS 193.008
Coeff Variation 36.8861069 Std Error Mean 0.03311738
Basic Statistical Measures

Location Variability

Mean 1.840000 Std Deviation 0.67870

Median 1.800000 Variance 0.46064

Mode 1.500000 Range 2.55000

Interquartile Range 1.20000

Test

Student's t t

Sign

Signed Rank S

Tests for Location: Mu©=0
-Statistic-  ----- p Value
55.55995 Pr > |t]
M 210 Pr >= |M|
44205 Pr >= |S]|

Quantiles (Definition 5)

Quantile Estimate
100% Max 3.30
99% 3.15
95% 3.00
90% 2.70
75% Q3 2.40
50% Median 1.80
25% Q1 1.20
10% 1.05
5% 0.75
1% 0.75
0% Min 0.75
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N
Mean

Skewness

Mean
Median
Mode

Extreme Observations

----Lowest----

Value

Obs

420
395
394
393
382

Variable:

Momen

420 Sum Weights
174.990476 Sum Observations
Std Deviation 67.1602998 Variance
0.1676306 Kurtosis
Uncorrected SS 14751002 Corrected SS
Coeff Variation 38.3794029 Std Error Mean

----Highest---

Value

.15
.30
.30
.30
.30

wwwww

Trees

ts

Obs

300

92
199
222
408

420

73496
4510.50588
-1.1033162
1889901.96
3.27708708

Basic Statistical Measures

Location
174.9905 Std Deviation
166.5000 Variance
120.0000 Range

67.

265.

Interquartile Range 1e8.

Variability

16030

4511
00000
00000

Tests for Location: Muo=0

Test
Student's t

Sign
Signed Rank
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-Statistic-

t 53.39818
M 210
S 44205

————— p Value
Pr > |t]
Pr >= |M|
Pr >= |S]|

<.0001
<.0001
<.0001



Quantiles (Definition 5)

Quantile Estimate
100% Max 330.0
99% 304.0
95% 287.0
90% 268.0
75% Q3 226.0
50% Median 166.5
25% Q1 118.0
10% 90.0
5% 74.0
1% 68.0
0% Min 65.0

Extreme Observations

----Lowest---- ----Highest---
Value Obs Value Obs
65 395 304 107
65 381 306 300
65 366 307 86
65 314 308 222
68 420 330 408

Variable: Bearing

Moments
N 420 Sum Weights 420
Mean 134.171429 Sum Observations 56352
Std Deviation 51.7450067 Variance 2677.54572
Skewness 0.1714324 Kurtosis -1.1005816
Uncorrected SS 8682720 Corrected SS 1121891.66
Coeff Variation 38.5663381 Std Error Mean 2.52489779

Basic Statistical Measures

Location Variability
Mean 134.1714 Std Deviation 51.74501
Median 128.0000 Variance 2678
Mode 92.0000 Range 204 .00000
Interquartile Range 83.50000
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Tests for Location: Muo=0

Test -Statistic-  ----- p Value------
Student's t t 53.13935 Pr > |t] <.0001
Sign M 210 Pr >= |M| <.0001
Signed Rank S 44205 Pr >= |S| <.e001

Quantiles (Definition 5)

Quantile Estimate
100% Max 254.0
99% 234.0
95% 220.0
90% 206.0
75% Q3 173.5
50% Median 128.0
25% Q1 90.0
10% 67.5
5% 56.0
1% 50.0
0% Min 50.0

Extreme Observations

----Lowest---- ----Highest---
Value Obs Value Obs
50 395 234 107
50 381 235 300
50 366 236 86
50 314 237 222
50 257 254 408

2.3 Development of computer programmes for the prest study

One of the important feature of R- software is thas an Open Source
and freely available on website http://cran-projgct. R language is essentially a
functional language for all practical purposes aftad analysis and graphics.
However, in case some specific situations datayah& forced to develop his

own functions according to his requirements. Cousatly, few functions have
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been developed according to the requirements efgtudy. Detailed codes are
available inside text; however, a brief summarytlodse functions is reported
here. A convention adopted throughout the thesthat all the commands and
output of the software are typed in Courier Newtf@omputer programming in

R-software is essentially development of functiansch are to be executed in the

data analysis. Four functions have been developed.

These are drss(m,k),varwts(n,h),makeAlloc(n,m) and
ratio.est(n,N(x,y))

drss <- function(m k)
n<-55

id<-1:(11*5"2)
sl<-sample(id,n"2)
s2<-id[-s1]

block<-rep(1:(5*n),each=n)
d<-data.frame(block)

for(i in 1:n){
d$rss<-ifelse(d$block==i,sample(s1,n),0)
#s1<-s1[-which(s1==d%$rss)]

}

for(i in 1:n){
d$rss<-ifelse(d$block==i,sample(s2,n),0)
#s2<-s2[-which(s2==d%$rss)]

}

d <- transform(d,rss = ifelse(d[,"block"]<=n,
sample(sl), sample(s2)))

d <- transform(d,block.id = rep(1:n))

d <- transform(d,rss = ifelse(d[,"block"]<=n,
sample(sl), sample(s2)))

d <- dcast(d,block ~ block.id, value = rss)

R commands for ratio estinmation

ratio. est <-function(x, y, mux = NA, N = NA) {

# estimate of a ratio and ratio estimate of populat ion
mean and total.

# x is auxiliary variable, y is response, mux is

population mean

# of x (xbar is used if no value is given),

# N is population size (assumed infinite if no valu e
given),
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if(length(x) !'= length(y)) stop("x and y must be sa me
length™)

n <- length(x)

fpc<-1

if(Yis.na(N))

fpc <- (N - n)/N

r <- sum(y)/sum(x)

sr2 <- (1/(n - 1)) * sum((y - r * x)"2)

if(is.na(mux)) mx <- mean(x) else mx <- mux

cat("r=", r, " SE=", sqrt((fpc * sr2)/(mx"2 * n)),

"\n")

if(fis.na(mux))

cat("mu-hat=", r * mux, " SE=", sqgrt((fpc * sr2)/n) ,
"\n")

if(Nis.na(N) & lis.na(mux))

cat("tau-hat=", N*r * mux, " SE=", N*sqrt((fpc *

sr2)/n), "\n")

R conmands for rank set sanpling under stratification
# Variance of RSS under stratification mean estimat or
with 3 strata

var w s <- rep((strata.pops/setsizes), setsizes)

vars <- c()

for(i in 1:3)

{

m <- setsizes|i]

v <- varOS[[m]]

varsl <- strata.varsJi] * v

vars <- c(vars, varsl)

}

if(total) out <- sum(varwts”"2 * vars/alloc) else
{

Z <- varwts*sqrt(vars)

optkrh <- round(n*z/sum(z))

out <- sum(varwts”2 * vars/optkrh)

}

return(out)

}

R commands for allocation under non response in RSS

# This function makes allocations of sets for strat a
and of

# observations of sets

makeAl | oc <- function(n, M)
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{

A <- combn(n-1, M-1)

out <- matrix(nrow=M, ncol=ncol(A))
out[1, ] <- A[1, ]

for(i in 2:nrow(A))

{

out[i, ] <- Ali, ] - A[(i-1), ]

}

out[M, ] <- n - A[M-1, ]
dimnames(out) <- NULL
return(out)

selectNeighbor <- function(setsizes, alloc)

{

M <- sum(setsizes) # total of set sizes

H <- length(setsizes) # number of strata

m <- rep(setsizes, setsizes) # lists set size for e

k value

s <- rep(1:H, setsizes) # lists stratum for each k
value

d<-1:M

allocNew <- alloc

setsizeNew <- setsizes

# Do not remove observation from stratum w/ 1 set a
obs

d_exclude <- d[alloc == 1 & m == 1]
if(length(d_exclude) == 0) {sub_x <- d} else {sub_x
d[-d_exclude]}

# Sample stratum-rank from which to remove 1 obs
subone <- sample(x=sub_x, size=1)
allocNew[subone] <- alloc[subone] - 1

# Sample space of places to add; do not consider
stratum-rank

# from where obs removed; values in the 100's mean
a new set

add_x <- c¢(d[-subone], 101:(100 + H))

# This happens if there was only 1 obs in a stratum
rank, and this

# obs was removed; equivalent to removing a set

# We do not want to add obs back to this set, wo re
from sample space

if(allocNew[subone] == 0)

s_exclude <- s[allocNew == 0]
add_x <- c(d[-subone], (101:(100 + H))[-s_exclude])

[56]
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setsizeNew([s_exclude] <- setsizes[s_exclude] - 1
}

addone <- sample(x=add_x, size=1)

if(addone %/% 100 != 1) {allocNew[addone] <-
alloc[addone] + 1} else

{

¢ <- addone %% 100

setsizeNew|c] <- setsizes[c] + 1

allocNew <- c(allocNew([s <= c], 1, allocNew[s > c])

allocOut <- allocNew allocNew != 0]
out <- list(kt = allocOut, mt = setsizeNew)
return(out)

}

# Parameters for simulated annealing
strata.means <- ¢(22.11, 12.09, 7.62)
strata.vars <- ¢(6.89, 7.63, 4.14)
H<-3

n <-50

load("varOS.Rdata")
source("importantFuncs.r")

runs <- list(NA, NA, NA, NA, NA, NA, NA, NA, NA, NA
for(b in 1:10)

{

# Randomly select initial allocation
MO <- sample(size=1, 1:n)

totN <- enum(n, H)

e <- seq(1, totN, by=totN/16)

e[17] <-totN + 1

samp <- rep(NA,)

for(i in 1:16)

{

sampli] <- sample(x=eJi]:(e[i+1]-1), size=1)

S <- sample(x=samp, size=1)

x <- 0:(n-H)

N <- choose(n-1, n-H-x)*choose(H+x-1, X)
lowerN <- ¢(0, cumsum(N))

X0 <- max(x[s > lowerN])

rem <-s - lowerN[x0 + 1]

10 <- rem%/%choose(n-1, n-H-x0)
JO <- rem%%choose(n-1, n-H-x0)
if0==0)i0<-i0-1

kO <- makeAlloc(n, x0+H)[,j0]

mO <- makeAlloc(x0+H, H)[,i0]
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varQ <- objec(mO, k0)

out <- matrix(c(mO, NA, var0, 1), nrow=1)
colnames(out) <- c("m1","m2","m3","p","var","keep")
runs|[b]] <- list(OUT=out, K=list(k0))

t0 <- 0.1

y<-2

stageLength <- rep(c(22,33,44), rep(3,2))

for(j in 1:length(stageLength))

{

for(i in 1:stageLength[j])
{

if(i == 1 && j==1)

t<-t0

mOld <- mO

kOld <- kO

varOld <- varO

}

newAlloc <- selectNeighbor(mOld, kOld)
mNew <- newAlloc$mt

kNew <- newAlloc$kt

varNew <- objec(mNew, kNew)

p <- min(1, exp((varOld-varNew)/t))
keep <- rbinom(1, 1, prob=p)

if(keep)

{

mOld <- mNew

kOld <- kNew

varOld <- varNew

}

runs[[b]]$OUT <- rbind(runs[[b]]$OUT, c(mNew, p,
varNew, keep))
runs[[b]]$K[[y]] <- kNew
y<-y+1

if(y%%21000 == 0) print(y)
}

t <- 0.9*

}

}
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Chapter — 3

COMPARISON OF RANK SET SAMPLING SCHEME WITH
OTHER SAMPLING TECHNIQUES BASED ON SIMPLE
REGRESSION MODELS

In this chapter estimation of regression model @tession estimates of
the mean of the response variable in context tk smh sampling are discussed,
also it is shown mathematically that for estimatioh mean of the response
variable, regression estimates based on rank sgilis@ are better than simple
random sampling sample mean as long as responaéleaand auxiliary variable
are correlated. Also in this chapter simple lineagression models have been
considered with respect to samples taken fromdhaatified sampling techniques
including RSS. In case the study pertains to estalthe relationship between one
dependent variable and one independent varialiesimple regression, where as
in the functional relationship between dependet iadependent variable if the
power of independent variable is one then it ischee of simple linear regression,

otherwise the case is non-linear.

Simple regression model proceeds as follows:
Y =Byt B, X +&

Where Y is dependent variable, X is independentafée or ranking or auxiliary
variable, & is a random disturbance/error term. The paramdigeris called
regression coefficient. The paramefgris the intercept of the regression liffig.
gives the mean of Y when X = 0. The performanc&86 will be based on the
efficiency of estimators relative to the identifisdmpling schemes as mentioned
above. The relative efficiency (RE) for the estiethinodel based on RSS will be

computed according to the following expression :

MSE (ﬂd.Reg)

RE = =
MSE (:u RSS .Re g )
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Where MSHZ, .,) is the MSE (mean square error) of estimated regression

model based on the sampling schemes (simple random samplirgystechatic

sampling) andMSE([JRSSReg) is the MSE of the estimated regression model based

on RSS. The method of estimation used in this chapter eisottinary least

squares method.
3.1 Regression analysis based on RSS with concomitaariables

Suppose that the variable Y and the concomitant variables follavear li

regression model, i.e.,
Y=a+[ X+eg, (3.1.1)

wheref is a vector of unknown constant coefficients, ansgl a random variable

with mean zero and varianqu and is independent of.

Suppose that an RSS with certain ranking mechanism is implemanted
cycles. In a typical cycle forr =1,...,k, a simple random sample kfunits with
latent values Yy, Xiri),..., (Ykri, %) IS drawn from the population. The values of
the X's are all measured. Thesampled units are ranked according to the ranking
mechanism. Then th¥ value of the unit with rank is measured. Th¥ andY
values of the unit with rank are denoted, respectively, b§; and Y. In the
completion of the sampling, we have a data set as follows :

(Yiagio Xagi s Xadiseor Xiki),
(3.1.2)
(Yigi » X » Kectine--» Xeki)
i=1,..., m.
Note that the setting above includes both the multi-layer RSiStlaan
adaptive RSS. In fact, we can treat the ranks as indices of strata ariesteg
Thus, in the two-layer RSS, we can represent the double rariksibgle index in

an appropriate manner. Based on this, we consider in this secboprdvlems:
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() the estimation of the regression coefficien),the estimation ofity , (mean of
Y).

3.2 Estimation of regression coefficient with RSS

Denote byG(y/x) the conditional distribution of givenX. Let {(Y 1, X1),
ey (Yn, Xp)} be a simple random sample from the joint digition of Y and X.
Suppose (R...,R,) is a random permutation of (1n).determined only byXj,...,
Xn).

Lemma 3.2.1 The random-permutation-induced statistic¥rs,...,Yan are
conditionally independent giveXy,..., X%,) with conditional distribution functions
G(-|XR1),---,G(:|>kn) respectively

Then under simple regression model, we have

(3.2.2)

Yig =@ +B7 Xy +&;,
r=1,.,ki=1,..m,

where ¢; are independent identically distributed and amependent ofXp .

Thus, we can estimateandp by least squares method as given below :
Let
Xrss= —— Zk:zm:x . VRssziZk:Zm:Y .
mk & Mk & & 1
Xrss=(X[1]15--s KaJmyeees KigLseees Xiqm)
Yrss=(Y1a11 - Yuimo e YKL+ 2 Yiim)

The least squares estimates ofand f based on (3.2.2) are then given,

respectively, by

&RSS:VRSS_ ,é,;SSYRss, (3.2.3)
P ' 11 a4t 11
/BRSS:[XRSS(I _H) XRSS] ' XRSS(I _H)YRSS (3-2-4)
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It is obvious thatd,es and B.esare unbiased. Since both.c.and

,@’Rssare of the form of smooth-function-of-means, asnesies ofa andp, they

are, at least asymptotically, as good as their wparts based on an SRS, that is,

their asymptotic variances at the orde(-%) are smaller than or equal to those
based on an SRS. More specific conclusions can aéenfrom the explicit

expressions of the variancesigf..and ... These variances can be derived as

A 1 =T , 11 a4
Var(aRSS):ajE _W‘F[XRSS(XRSSU _ﬁ)XRSS] 1XRSS:|
P —_ 2 _ r 11’ -1
Var(lgRss) =a, E [XRSS(I __mk) XRSS]

where the expectations are taken with respectadaligtribution of theX’s. LetX

denote the variance-covariance matrixXofVe have

1, 11
HXRSS(I _H)XRSS - Z!

In order to get the asymptotic expressions of tlagiamces above at the
11 _ 1 i} o
orderO (%), we can replacq X ps(! —W)XRSS] 1byﬁz ', Then, it is

easy to see that the asymptotic variances at thex @ (-%;) are the same as those

of their counterparts based on an SRS, which imghat, in the estimation of the

regression coefficient, RSS and SRS are asympligteguivalent.
3.3 Regression estimate of the mean of response iadte with RSS

Let

We can define another estimate 6f rather thanY rss. The estimate is

called the RSS regression estimate and is defised a
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ZIRSSREG :YRSS+ ﬁ;ss(yT _Y RSS) (3-3-1)

The RSS regression estimate |6f is unbiased and its variance can be

obtained as
Var([IRSSREG):a_eZ{1+DRSS}+ilglzﬁ! (3.3.2)
mk mk 2
where
Vi N I r 11' Vi N
Apss=E[MK(X 1 = Xrss)'[ Xges(! _H) Xrsd =1(Xt1 = Xrss)]

If the ranked set sample is replaced by a simpidam sample, we get an
SRS regression estimateof The variance of the SRS regression estimatescs al
of the form (3.3.2) but witmgss replaced by the corresponding quanthiyks
defined on the simple random sample. It follows nfrothe asymptotic
approximations ofAgrssandAsgrs as long as the ranking mechanism in the RSS is
consistent, we always havess <Asgsasymptotically. In other words, the RSS
regression estimate is asymptotically more efficidman the SRS regression

estimate.
3.4  Bivariate Rank Set Sampling

In this section bivariate ranked set sample (BVRSS)introduced. A
bivariate rank set sampling (BVRSS) can be obtaasetbllows :

Suppose(X, Y) is a bivariate random vector with thgodf) joint
probability density functiofi (X, y).

1. A random sample of sizé is identified from the population and randomly
allocated intd< pools of sizeéd each, where each pool is a square matrix

with k rows andk columns.

2. In the first pool, identify by judgment the mimmim value w.r.t. the first

characteristic, for each of tikeows.
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3.4.1

For thek minimaobtained in Step 2, choose the pair that corredgpom
the minimum value of the second characteristicntified by judgment,
for actual quantification. This pair, which reseewlthe label (1, 1), is

the first element of the BVRSS sample.

Repeat Steps 2 and 3 for the second pool, bgtep 3, the pair that
corresponds to the second minimum value w.r.t doersd characteristic is

chosen for actual quantification. This pair reskdlthe label (1, 2).

The process continues until the lalbel k) is resembled from the@™
(last) pool. The above procedure produces a BV&S$e k. Thus we
havek® observations denote byX[(](j) ,Y()[j]), i=1.2...kandj=1,2,...k

The procedure can be repeatetimes to obtain a sample of size= Km
which will be denoted by X{i](j)k, Y(i)[j]k). I=1,2...kand j=1,2,...k
k=1,2,...r.

Some notations
The following notations will be used :
E (X) = ux,

E(Y) =44, var(X)= o7,

_ cov(X,Y)

var (Y) = o7, p="""0
XY

E(Xiiyiy ) = Hxpiciyr EOGin) =By

E (X)) = A
E () = Mt
Var (X[i](j)) zai[i](j) '
Var (Y[i](j)) za\lei](j) '

cov (Xiyiy Yo i) =Tt it
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3.5 Simple linear regression using bivariate ranket sampling

The simple regression model of the two variaMeand X is defined by :

Youk = @ + BXyg« + By whereais the model intercep§ is the model
slope andEy is the random error. The assumptions needed hethdurpose of
parameters estimation are; the mean of the ereris, its variance is finite. Also

Xi and E; are independent. Then the least squares estimatesand  are
respectively given by :

abvrss = varss_ levrss x bvrss

Z(X[i](j)k bvrss)(y(l) J]k bvrss

ﬁbvrss SE v 2 )varss
Z(X[i](j)k _varss)
k.j.i

where
- X[I]( Pk
— ko
varss n and
~ YI](J)k
_ ki
varss n

7 2 ( i X vrss)
var (Y(i)[j]k) e [1+E( ol J]k ° )] +B? Ux L)k

X bvRSS

Then the fitted model is

(|) abvrss ﬁbvrss [ilC i)k

&t =Lk = Yok ~ Vi ik
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Also, a consistent unbiased estimate & is

D &

k]l
¢ n—-k

Where,k is the number of parameters to be estimated inlsitimear regression

model.

Assuming the conditions of the regression modelaptihen

1) E (abvrss) =akE (Bbvrss) = ﬁ

2

2) Var (a,,..) = [1 E (5 X Zowss

)]

X bvrss

where

2
K (x(|)[ j]k bvrss)
S: 1L

X, bvrss

n

1

3) \Var (ﬂbvrss)‘ % [1+ E(z—)]

X bvrss

4) E(\?(i)[nk/xi =%)=a By i«

v, as ( [ -X vrss)
5) Var (Y(i)[j]k):?[l-’- E( all ng ° N+ B2 Ux(u) [ilk

X, bvrss

6) E(e(i)[j]k):O

7) var (g ) = aZ[1- [%+ E ((X(I)[ Jlgz_ Xpurss) il

X, bvrss

8) cov (abvrss! ﬁbvrss) == e E ((XwaSS) )]

bvrss
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9) E(g:)=0.
o\ _ 20 . .
10) Var(oy) _n—T< (Assuming normality)

11) g2~ o0’

e e

From the above conditions, we can derive the efficiencies of thea¢stsn
of o and B using BVRSS relative to the estimators using BVSRS (Bivariate
Simple random sampling) and BVSYS (Bivariate Systematic sanm)plasy

follows:
X 2py
[1+E (SZ bvh)
~ 3 ,bvh
Eff (abvrss’lgbvh): ( ()T);b ))]
[1+E~2, 7
X, bvrss
where

bvh = bvsrs, bvsys

and

E o

. _ s?,
EfflClency (:Bbvrssngbvh): ( ]lih )]
E 2

S

X, bvrss

3.6 Numerical illustration

Assuming that the (X, Y) follows the bivariate n@l distribution, the
performance of simple regression model using BVSBR&SYS and BVRSS is
judged with the help of a data set. The origirgdta were collected on two
variables ofPinus wllichiana: X, the diameter in centimetres at breast height
and Y, the entire heightin meters. The regression model is analysed
assuming that the population is consist2 @ trees. The summary statistics of
the data is reported as in Table-2.
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Table-2 : Summary statistics of the Pinus data

DBH (cm) Height (m)
Mean 21.44 15.66
Standard Deviation 20.95 17.06
Range 216.80 70.87
Minimum 2.20 0.90
Maximum 219 71.77
Count 275 275

A sample size of 55 was fixed in all the samplahgsigns. Regression
analysis and regression diagnostics in case dhalthree sampling designs was

carried out in SAS software using the functpot reg,  which is given below:

data pinus;
input dbh height;
cards;

run;
ods rtf;

proc reg data=pinus;
model height=dbh;

run;
plot=diagnostics(unpack);
ods graphics off;

ods rtf close;

The layout of RSS is given in Table-3. Where rownber 1,3,5,7,9 in
each cycle represents the tree number and rows,2 40 represents the “dbh” in

each cycle.

[68]



Table-3 : Layout of RSS

Set size = k=5 ( N= 275, n = 55, means we havedpeat the

Cycles process of ranking 11 times i.e. 11x5 =55
1 2 3 4 5
15.9 22 56.9 9.6 24.6
6 7 8 9 10
. 3.3 11.4 4.7 21.3 16.8
o) 11 12 13 14 15
& 5.1 75 3.1 4.9 6.1
16 17 18 19 20
55 6.5 5.6 6.9 3.8
21 22 23 24 25
9.7 6.9 4.1 58.5 46
""""""""""" 6 27 28 29 30
22.2 3.7 52.9 63.2 46.5
31 32 33 34 35
N 56.3 219 11 4.7 11
o) 36 37 38 39 40
5 58.8 3.5 10.1 16.9 10.8
41 42 43 44 45
9 8 17.8 23.9 2.3
46 47 48 49 50
5.8 6 8.8 9.9 14.6
""""""""""" 51 5 53 54 55
10.8 44.2 12.9 28 39.8
56 57 58 59 60
o 20.4 47.3 35.7 44.9 8.7
o) 61 62 63 64 65
8* 24.3 15.7 30.9 69.2 24.1
66 67 68 69 70
4.2 3.8 41.2 39.8 18.6
71 72 73 74 75
38.7 12.2 6 8 13.5
o Contd...



Table-3 contd...

76 77 78 79 80
20.1 57.4 8.2 32.7 9.4

81 82 83 84 85

. 8.9 9.2 6.1 75 52.3
p 86 87 88 89 90
& 155 237 67.1 12.3 14
01 92 03 94 95

4.9 5.5 7.6 35 6.3

9 97 98 99 100

19 2.7 8.2 7.6 9.2

10 12 13 104 105

5.9 6.2 13.3 13.4 33.9

106 107 108 109 110

. 33.7 8.3 48 40.4 8.6
P 111 112 113 114 115
& 16 29.1 18.4 26.8 6.2
116 117 118 119 120

2.9 3 14.6 18.4 15

121 122 123 124 125

18.4 44.5 45 10.4 24

e 1m0 18 129 130

5.1 5.3 2.5 2.2 3.1

131 132 133 134 135

o 2.6 8.1 12.4 15.1 12.7
© 136 137 138 139 140
& 49 20.8 11.9 47.6 10.6
141 142 143 144 145
22.9 10.6 49.7 50.6 19.1

146 147 148 149 150

53 18 44.4 10.8 51.7
Contd
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Table-3 contd...

151 152 153 154 155
22.6 7.7 435 31 5
156 157 158 159 160
. 4.4 33 26 53.5 48.9
P 161 162 163 164 165
& 47.8 17.2 28.6 10.8 50.1
166 167 168 169 170
4.7 53 106 37 3.9
171 172 173 174 175
53 25 13.2 17.1 13.9
T T1e 1 1is 179 180
8 8.5 50.1 6.8 19.9
181 182 183 184 185
. 175 6.8 10.9 11.2 20.2
o 186 187 188 189 190
& 19.6 18.4 50.9 17.6 44.1
191 192 193 194 195
17 46.9 238 255 145
196 197 198 199 200
14.1 47.1 42.2 40.2 66.8
T 0 202 203 204 205
41 60.6 8 17.2 22
206 207 208 209 210
_ 15.9 3.1 45 32 46.9
9 211 212 213 214 215
& 36.4 25 4 40 40.4 19.8
216 217 218 219 220
305 37.7 221 55 28.4
221 222 223 224 225
46.4 15.8 45.9 335 36.7
Contd
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Table-3 contd...

226 227 228 229 230

44 51.6 45 34 53.1
231 232 233 234 235

5 30.8 17.2 57 6.3 44.2

P 236 237 238 239 240

5 3 36.4 2.7 4.4 41.4
241 242 243 244 245
3.4 8.4 4.8 4.2 6.3
246 247 248 249 250
32.6 15.3 38.6 5.2 61.8

251 232 253 254 255

10.9 3.5 2.5 10.9 8.9
256 257 258 259 260

. 21 44.1 7 9.4 8

o 261 262 263 264 265

g 23 11.6 33 7.5 17.5
266 267 268 269 270
8.9 47.4 22 6.8 7.5
271 272 273 274 275
22.2 19.3 14.5 3.5 10.9
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The relative efficiency of RSS with SRS and SYShglwith R, Adj R?
and other parameters of comparison are given thiee¥a

Regression diagnostics and kernel density plotsaich sampling design
are produced in Figs. 5 to 10.

The performance of RSS with SRS and SYS is alsgpgdavith the help of
validation technique i.e. Jack-knifing carried autSAS using function PROC
JACKREG in Tables-5to 7.

In present study simple linear regression modelseve®nsidered with
respect to samples taken from the sampling tecksidike simple random
sampling (SRS), systematic sampling (SYS) includamk set sampling (RSS). It
was found that the R Adj R? obtained from regression model based on rank set
sample were higher than rest of two sampling sckeomnsidered, also the
parameters of comparison like root mean square,grealue and coefficient of
variation were much lower in rank set based regyasmodel than the other
considered schemes. From density curves agaioutives were more symmetric
in case of rank set sample as compared to SRS ¥8d Aso from validation
technique (Jacknifing) there was consistency inrtteasure of 8 Adj R* and
RMSE (Root mean square error) in case of RSS apa@d to SRS and SYS.
The above results occurred because rank set samwgasore regularly spaced
than those obtained from SRS and SYS and therefore representative of the
population. As ranking of sampling units in the R®®ocedure induces
stratification at sample level which results thenga precession.
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Table-4 :

Relative efficiency of RSS with SRS andY¥$ along with R,
Adj R? and others measures of comparison

RSS SRS SYS
RMSE 8.221 9.521 9.851
R? 0.8029 0.771 0.7458
Adj R? 0.7991 0.763 0.7268
ESS 2942.73 3600.26 4804.16
F value 414.78 215.85 209.21
Ccv 3541 55.61 48.42
p value 0.0007 0.0034 0.0048
Dbh (By) 1.175 0.935 0.916
Lower Upper Lower Upper Upper
95% 95% 95% 95% 95%
Confidence Interval 105 1.29 0.64 1.06 108
Y oss
Relative Efficiency RMSE, /RMSE, RMSEg RMSE
1.15 1.19
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Table-5 : Comparison of regression models using Jednifing technique

No.of ____| RSS (Rank set sampling) ______ SRS (Simple random sampling_______Systematic sampling______
Models R? Adj R? RMSE R? Adj R? RMSE R? AdjR*? RMSE
1 0.8021 0.7984 8.231 0.7972 0.7940 9.525 0.7455 60.72 9.653
2 0.8019 0.7987 8.225 0.7901 0.7632 9.632 0.7135 96.69 10.432
3 0.8011 0.7982 8.223 0.7992 0.7165 9.743 0.7194  40.69 10.932
4 0.8015 0.7993 8.228 0.7832 0.7132 10.146 0.7065 932.6  11.401
5 0.8011 0.7984 8.235 0.7814 0.7115 10.324 0.7034 9106  11.567
6 0.8018 0.7984 8.238 0.7801 0.7135 10.365 0.7010 8486  11.537
7 0.8022 0.7983 8.242 0.7832 0.7128 10.378 0.7001 8726  11.612
8 0.8024 0.7979 8.239 0.7733 0.7132 9.432 0.6942 46.68 11.105
9 0.8020 0.7973 8.245 0.7632 0.7109 8.475 0.6837 40.67 11.653
10 0.8023 0.7971 8.228 0.7774 0.7113 11.372 0.6135 736.6  11.724
11 0.8029 0.7974 8.223 0.7701 0.6995 11.248 0.6347 6106  12.001
12 0.8015 0.7992 8.236 0.7732 0.6943 11.371 0.6451 600.6  12.345
13 0.8013 0.7993 8.230 0.7632 0.6735 9.506 0.6458 38.65 9.377
14 0.8016 0.7995 8.227 0.7448 0.6525 9.135 0.6743 20.65 11.433
15 0.8012 0.7998 8.240 0.7452 0.7103 9.346 0.6748 30.64 12.165
16 0.8015 0.7988 8.245 0.7456 0.6772 9.732 0.6551 26.64 12.437
17 0.8021 0.7981 8.237 0.7480 0.6785 9.441 0.6449  10.64 11.523
18 0.8022 0.7987 8.230 0.7495 0.6742 10.532 0.6442 390.6  12.453
19 0.8023 0.7983 8.228 0.7501 0.6832 9.632 0.6767 82.63 11.06
20 0.8025 0.7985 8.229 0.7832 0.6945 9.575 0.6743  10.63 10.501
21 0.8015 0.7982 8.237 0.7827 0.7343 9.321 0.6859  38.62 10.425
22 0.8014 0.7983 8.231 0.7773 0.7135 10.242 0.6866 210.6  11.501
23 0.8016 0.7985 8.234 0.7721 0.7247 11.438 0.6977 1706  10.501
24 0.8013 0.7987 8.236 0.7732 0.7135 11.586 0.6542 128.6  10.425
25 0.8015 0.7988 8.228 0.7560 0.6991 10.788 0.6321 1186  11.167
26 0.8030 0.7990 8.240 0.7470 0.6432 9.656 0.6354 1261 12.432
27 0.8028 0.7991 8.239 0.7321 0.6135 9.842 0.6366  10.60 11.937
28 0.8029 0.7993 8.244 0.7215 0.7201 9.747 0.6501 90.59 10.666
29 0.8023 0.7992 8.233 0.7721 0.7115 9.735 0.6554 3059 11.732
30 0.8024 0.7993 8.237 0.7232 0.6432 9.645 0.6932 3059 12.406
31 0.8012 0.7995 8.243 0.7245 0.6940 9.748 0.6142 9859 9.735
32 0.8017 0.7991 8.240 0.7243 0.6532 10.432 0.5995 016.6 9.532
33 0.8015 0.7992 8.246 0.7165 0.6348 10.458 0.5812 116.6 9.567
34 0.8030 0.7984 8.231 0.7237 0.6474 9.638 0.5994 4259 9.471
35 0.8017 0.7981 8.237 0.7354 0.6903 9.546 0.6011 1057 9.450
36 0.8016 0.7980 8.228 0.7380 0.7103 9.532 0.6045 30.54 9.448
37 0.8027 0.7976 8.243 0.7410 0.6532 9.437 0.6741 1055 9.478
38 0.8023 0.7972 8.245 0.7580 0.6671 9.648 0.6849 3254 9.501
39 0.8024 0.7973 8.235 0.7595 0.6643 9.632 0.6978 10.56 9.548
40 0.8020 0.7975 8.238 0.7610 0.6854 9.644 0.7015 48.63 9.539
41 0.8023 0.7979 8.242 0.7623 0.6711 9.651 0.7135 56.65 9.511
42 0.8025 0.7983 8.246 0.7651 0.6535 9.628 0.7143 10.64 10.235
43 0.8021 0.7981 8.248 0.7659 0.7113 9.645 0.7211 20.65 11.247
44 0.8026 0.7989 8.229 0.6906 0.7211 9.137 0.7312 968.66 9.373
45 0.8028 0.7986 8.233 0.6972 0.7013 9.635 0.7154  48.67 9.381
46 0.8019 0.7988 8.238 0.7643 0.6143 9.875 0.7312 2865 9.456
47 0.8020 0.7990 8.240 0.7511 0.6051 9.445 0.7221 .6818 9.556
48 0.8017 0.7995 8.245 0.7451 0.6543 9.436 0.7145 .6748 9.247
49 0.8015 0.7993 8.240 0.7559 0.6543 9.635 0.7116 .6718 10.498
50 0.8013 0.7992 8.239 0.6972 0.6136 10.432 0.7234).6855 12.071
51 0.8023 0.7990 8.238 0.6907 0.6142 10.548 0.7112.6711 11.247
52 0.8024 0.7993 8.240 0.7643 0.6547 10.456 0.713%.6943 11.478
53 0.8025 0.7990 8.243 0.7511 0.6567 11.230 0.7149.6843 12.562
54 0.8021 0.7982 8.238 0.7432 0.6549 10.629 0.6239.6816 12.164
55 0.8029 0.7991 8.242 0.7979 0.7941 9.521 0.7458 .7268 9.651
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Table-6: Summary statistics in each sampling designbased on

Jacknifing
RSS SRS Systematic samplin
(Rank set sampling) (Simple random sampling) y ping
R? AdjR? RSE R AdjR? RSE R AdjR? RSE

Mean 0.8020 0.7986 8.2264 0.7034 0.6832 9.9631 0.6759 6418. 10.8037

Standard
Deviation

0.0005 0.0007 0.0065 0.0262 0.0388 0.6675 0.0417 043@. 1.0948
Range 0.0019 0.0027 0.0250 0.1086 0.1889 3.1110 0.1643 1836. 3.3150

Largest 0.8030 0.7998 8.2480 0.7992 0.7940 11.5860  0.7455.726@0 12.5620

Smallest 0.8011 0.7971 8.2230 0.6906 0.6051 8.4750 0.5812 543@. 9.2470

Table-7: Design fitted based on 55 samples
RSS (Rank set sampling) SRS (Simple random samplihg Systematic sampling
ok aw e R R mse R R R
0.8029 0.7991 8.221 0.771 0.763 9.521 0.7458 0.7268 9.851
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Distribution of Residuals for height
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Chapter — 4

IMPACT OF RANK SET SAMPLING ON THE ESTIMATORS
OF POPULATION MEAN IN STRATIFIED SAMPLING

Ranked set sampling (RSS) is a method of colledtiaiz that improves
estimation by utilizing the sampler's judgment okibary information about the
relative sizes of the sampling units. Prior to difgimg the data, the researcher
samples from the population and then ranks the kgnmits based on his or her
judgment about their relative sizes on the variablenterest. In survey sampling
settings, a logical method of ranking the unitisrder them based on the values
of an auxiliary variable correlated with the vatabf interest. Using the ranks of
the units, the researcher creates a subset oathpls and quantifies the variable
of interest for units in the subset. The measurésnieam this subset are used to
estimate population parameters. The method was fimsposed by Mcintyre
(1952) to increase the accuracy of crop yield est@® without increasing the
number of observations that need to be quantifiée: middle of 1980’s was a
turning point in the development of the theory anethodology of RSS. Since
then, various statistical procedures with RSS, parametric or parametric, have
been investigated, variations of the original notamf RSS have been proposed

and developed, and sound general theoretical faiom$aof RSS have been laid.
4.1 Estimation procedure

In this chapter we have introduced the concept afiked set stratified
sampling (RSSS) procedure to estimate the popuolatiean. As we know
whenever in surveys we are dealing with a hetereges population, we divide
the whole population into homogenous groups undgtam criterion. These
groups are termed as starta. Then a sample is davdomly from each stratum

independently. Such a sampling procedure is knosvBteatified simple random
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sampling (SSRS). A SSRS is a sampling plan in wiaigopulation is divided
into L mutually exclusive strata and a simple random $an(RS) ofn,
elements is taken within each straté&mSuch a sampling procedure provides an
increased precision in the estimates of populatieean. As in case of SSRS
where we take a random sample from each straturanked set sample af;
elements is quantified within each stratuirs= 1,2,3 .... L. Such a procedure will
be called as ranked set stratified sampling (RS88)jch is nothing but a

collection ofL separate ranked set samples.
For all Li=123...,m and (k=123 ...1), let

My = E(_Yfkij)’ 0y =ﬂ PgT(Yfkij)’
i) = E[Yfik:’(i]l )rﬂiujz'} = ”W(Ysz'(f}) foralj=123, ..,m

The mearnu of the variabler is given by

1
o= ; ileka = Ef{:lzkﬂk.l (4,1.1)
Where,Z, = “& (4.1.2)
Also, estimate of mean is given I§f, = :—K PREI A (4.1.3)

The mean and variance & are known to beg(¥,) = y, andwvar(%,) = &
gy

respectively, assumingy,'s are large enough. The estimate of the population
meanu using SSRS of sizzis defined by

_ 1 —

Vosrs = S Zi=1 Nile = Zim 2,50 (4.1.4)

The mean and variances are known tE&bHE....) = i and

71,

var (Yosgs) = Zi=1Zx (;t) respectively.
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4.2 Rank set sampling under Stratification

In this section, rank set sampling is introducedaurstratification, for this
purpose a population is divided inmutually exclusive and exhaustive starta. Let
Vvt Vaaze o0 Yeamy b Yizrs Yeazr 0 Yamy i oo o s Yooy 10 Vi 20 o0+ s Ve, be
1, independent random samples of sigzeeach one is taken from each stratum
(k=123 ...L). Assuming that each element in the sample hasedensity
function and distribution function, then accordintp our description
V11, YVeags o e, ¥ 4 coUld be considered as SRS from khe th stratum.
Let Yiirnys Yesczys -oos Yiupmyy D€ the ordered statistics of —th  sample
Yeiv Yiizs ooos Vi,  (1=123 ...m) taken from k—th stratum. Then,
Ye101y-Yer2yr = oo Yiemy (myy dENOtES the ranked set sample forkheth stratum. If
Ny, Ny, ....., N, represent the number of sampling units within eesige strata,
and n,,n,, ....,n; represent the number of sampling units measurddnaach
stratum, therv = X<_, N, will be the total population size, amd= ¥x_, n, will

be the total sample size.
4.3 Notations of rank set sampling under stratificdon

If we select a RSS at, elements fromV, elements in the stratum and

each sample element is measured, then estimateaf osing RSS will be

fo= o T Yo (4.3.1)

It can be shown that mean and variancggf , is

mr[?k,:nk}) = Eﬂ _:—;Efji Tyis) respectively (4.3.3)

Where, ;E.:i} = (ﬂkl:f} - ij
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Which means the estimate of population mean undemk& set stratified
sampling is
- i

Ypess :E i=1"n"'rk?k(n;{} = Zi=1 Zk?kl:n;f} (4-B-4

. . . _ e 562 1 cmy o
Estimate of variance igar(Yzocc) = Xi=1 Z5 (::— ,T;—(ngl hm)

Therefore the relative efficiency of the estimatbipopulation mean using SSRS
with respect to ranked set stratified samplingveig as;

_ var(Pssps) _ _ 1 L Zi yme 2
RE var(Fregg) {]Jl PE?’":-"'-'."'-'R-"'-'}( kzln:} i=1" k(i)

which is always greater than 1. Also the standardre in case of ranked set
sampling are much lower as compared to SSRS, whiploved with the help of

the simulation on a real data .
4.4 Numerical illustration

The data on Apple production from district GandédifaKashmir valley
from 420 orchards in 30 villages was taken in tiapter. The variables choosen
for the study where Yield (MT), Bearing trees, Tatamber of trees, Area (ha).
We take samples of equal size for each samplingesd estimate the standard
error in each sampling design. The sample sizesidered were 10, 20, 40, 60
and the set sizes considered were 5,10,15 showalile-8 using same number of
strata’s in case of SSRS and SRSS along with latioe coefficientse ranging
from 0.90 to 0.40 . Three distinct simulations ldas® three combinations of
sample sizes and set sizes for each sampling desaph simulation uses a

combination of variables for stratification andfanking and quantification.

From the results of Table-8, it is observed thakea set sampling, when
used in place of simple random sampling in stedifsampling provides more

accurate estimates of population means. The gaiprecision of ranked set
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estimator over the estimator based on simple ranslmpling under stratification
occurs, when ranking is inexpensive relative toab& of quantifying the variable
of interest, also the results of simulations revisat the ranked set stratified
sampling procedure combines the variance redudkiaharises from stratifying
the population with the increased precision thakea set sampling holds over

simple random sampling.

Table-8: Results of simulation study
. STANDARD ERRORS
Correlation s i Varigble  --TTToeeToeemeeeemeesemsosesootieooiiieioieoioooll
coefficient ampling ariable i
procedure combinations Noofsets . Sample sizes
(#) or strata 10 20 40 60
5 180.13 175.16 168.52 161.71
Stratified random 10 177.43 170.27 163.04 158.38
sampling
Yield vs Area 15 165.27 160.04 155.43 147.63
90 5 177.43 171.32 162.63 155.43
Ranked set
stratified 10 170.78 165.42 158.43 150.27
sampling
15 162.43 156.32 150.01 147.63
5 1756.43 1730.39 1709.58 1683.54
Stratified random 10 174352 172532  1700.04  1677.41
sampling
15 1728.65 1718.42 1692.58 1657.32
Bearing treesvsArea
70 5 1715.38 1700.43 1688.43 1671.52
Ranked set
stratified 10 1709.12 1692.18 1672.53 1654.37
sampling
15 1690.35 1681.53 1669.43 1638.52
5 2271.52 2261.25 2242.63 2232.13
Stratified random 10 2263.48 22581 223857  2221.08
sampling
15 2259.33 2240.09 2230.01 2215.54
40 Total treesvsArea 5 2252.11 2241.51 2232.54 2221.09
Ranked set
stratified 10 2248.27 2230.62 2225.63 2211.52
sampling
15 2230.52 2221.11 2218.57 2207.54
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Chapter -5

DEVELOPMENT OF A NEW CLASS OF RATIO
ESTIMATORS USING RANK SET SAMPLING AND THEIR
COMPARISON WITH THE CLASSICAL RATIO
ESTIMATORS

Sampling is not mere substitution of a partial cage for a total
coverage. Sampling is the science and art of cllingoand measuring the
reliability of useful statistical information thrgh the theory of probability. The
simplest and the most common method of samplisgmgle random sampling in
which a sample is drawn unit by unit, with equallgability of selection for each
unit at each draw, where there is no additionalrimition available. Most of the
times in sample surveys, along with the variablantérest?, information on
auxiliary variableX, which is highly correlated witlY is also collected. This
information on auxiliary variable may well be uti#id to obtain a more efficient
estimator of population mean. Ratio method of esfiiom is one such example
which utilizes the information on auxiliary varia®, which is positively
correlated with the variable of intere¥t in order to improve the precision of the
estimate of population mean. An alternative mettm@&RS called Ranked Set
Sampling (RSS) was introduced to increase theieffty of the estimation of
population mean (1952). The method is useful whenvariable of interest is
very expensive or difficult to measure but it candasily ranked at a negligible
cost. There are cases in practical situation whieeevariable of interest Y is
difficult to measure and to rank but a concomiteatiable X, which is highly
correlated with Y, can be easily ranked and be usedthe ranking of the
sampling units. Some extension is done by Swan®@)Latilized both the rank
and the measure of the concomitant variable andidered ratio estimation using
RSS. The ratio estimation based on RSS is moreieziticompared with the SRS

ratio estimate.
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5.1 Ratio estimation under simple random sampling
Let the variable of interest Y and the concomiteariable X is correlated

with the coefficient of correlatiop. The population ratio of these two variable is

151

R= juj*',f'juxor R= Fff and its estimator isE = Z , wherepy and Ly are the

H

populations means of the variables Y and X respelgti ¥ and & are the sample
means foru, and py respectively. The ratio estimator is biased bet Ibhas is
negligible when the estimator is approximated usiiaglor series expansion to

the first degree (Cochran, 1977). The approxim&&iance off is

e - R . .
Var (R) =2 02 4 v — 20,11

where,l, = =, V, = and

p ¥

B

Fle

Py = Tila (%, — 1) (0 — 1) /NG,

o, and g, are the standard deviations of the populatiorhefvariables X
and Y, respectively.

There are many existing ratio type estimators based SRS.
Improvements in the precision of the estimatorulgtothe use of Ratio method of
estimation are achieved by introducing a large rembf modified Ratio
estimators which utilizes the information on knowalues of Co-efficient of
variation, Co-efficient of kurtosis, Co-efficienf &kewness etc. Some of the
modified Ratio estimators in case of SRS given byrthly (1967), Cochran
(1977), Prasad (1989), Sen (1993), Upadhyaya andhS{1999), Singh and
Tailor (2003, 2005), Singlet al. (2004), Kadilar and Cingi (2004, 2006),
Koyuncu and Kadilar (2009), Yan and Tian (2010)bdiget al (2013) are

available in literature. These estimators are enftim

T+ =)
- aE+y) (aﬂx + Tj

HsSRS

whereff = J”‘fgg
X
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They suggested utilizing some known parameterfi@fconcomitant variablX.

where thex andy are the main parameters of interest.

Kadilar and Chingi (2004), Koyuncu and Kadilar (2D@roposed some

modified ratio estimators based on known valuesasffficient of variation and

coefficient of Kurtosis of the auxiliary variablender SRS, which are given

below:

)

ii)

If « =1and y = V,, the estimator be :

N i Bl -2
HSRSE —'+v} ( 1+Vj

whereVy is the coefficient of variation defined ¥g= o, / 1,

If o =1 andy = K, then the estimator be :

- FHE e —a)
K srs2>= T( x‘l'K]

whereKy is the coefficient of Kurtosis defined
as Ky = p, s /ps,, Wherep,, = E(X —p)"

If a =Ky andy = V,, then the estimator be :

n FHB (e~
HSRsS3= (K tVy) (Kop, +V,)

If « = V, and y = K, then the estimator be :

- 7B y—)
Asrs 4= (Ve + K)

which attain a general form given as below :
5 Y HBu—%)
L Ri (a':E + JF:]

fori=1,2,3,4

(ap, +¥)

The mean square error (MSE) of the above estimaterapproximately

MSE(7) = =L [R?a2 + 0} (1— p?)]

> MSE(¥g) = 67*|c2 +DiCi - 2DpC,C, |

fori=1,2,3,4
where
=My
! Tty
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Dl__}_D —_}_ Ds = _“.'LK.LandD M

[ 2= By +H., My B+ Vet K,
_ 5 : : _
C, = _fl_' C, X, o= Et 6 = [o:rr, ignoring, f = an]
2 T
¥ N-1
52 — E}'..:--I:II:_‘E.::I‘-'
= N-1
_E0i-D - )
Syx=
N—1

5.2 Ratio estimation under rank set sampling

Samawi and Muttlak (1996) suggested modified rastimators in case of
rank set sampling. The procedure of ratio estimatioder rank set sampling

given by Samawi and Muttlak (1996) are as under:

Let Y be the variable if interest arXlbe a suitable concomitant variable
which is correlated to Y and easy to rank. The samynof the RSS procedure is

then as follows:

1. Select randomlyr? bivariate units(X,Y)
from the population.

2. Allocate the chosen units intm sets
each if sizem.

3. From the first set, the smallest X and the

associated Y are measured. From the second setetioad smallest of
and the associatedare measured, We continue in this way until tss |
set where the largest X and the associated Y aasuned.

4. Repeat the steps abowve times until

getting the required number of elements.

The associated variab¥is then with error unless the relation betwéen
andY is perfect. Let us denots, Y{;) as the pair of thé" order statistics oK

and the associated element Y in diecycle. Then the ranked set sample is
(Xe@y Yapap)s---r Gy Yamy),
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(Xo@y Yor1p)s---» (emy Yaimy),

(Xewys Yoap)sees (% my Yemy)
Then we define the sample means based on RSS by
X =) I, Xyand ¥ = (Un) I, ¥, with variances are

oo 1

Var(‘f*) = Iﬂ T o Eﬂl (H’x':i:' - H’szJ
var(?) =2 - = B (uyg —#,)°  and
CoWx',¥) = (I)a,, — (1/m*) T, k, .y With

k:,r}'[i] = [fo':z'} — M) U‘::[z‘] - -“"::)

-k, _* _ 1
R=y /% wherex® = —¥}_, EZ, Xryand

SEOWX
yr = — i
} mr kD

k=1i=1

and the ratio estimator of the population mearY of

T
¥Yree = ¥ E

and MSE is given below :

MSE(3g..) = 07| €2+ €2 —2pC,C.| = {Z ) — Zatn ¥

1
H - T
TR
C: — 5.‘:'
¥ ?2"
CZ= 5_“
X¢
Cre =35 = PCyCy
m
5 1 1 5
i=1
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.
2 _ 1 1 2
() miy K2 Z k:»"ii}’

SR o
¥ell) T ol VI =y Facii)
Also kx':i‘} = [-ux':i]' - f)’ k)"ii} = [-u:»"::']' - ?)

k}':r(ij = [:F:r': i ‘f) (F}":i:' - ?)

Using one degree Taylor series expansion, thewatidhat this estimator
Is more efficient than that from SRS with similarrh.
5.3 New/proposed ratio estimators under Rank set s#ling based on
linear combination of known values of Median, Quarie deviation,

coefficient of Skewness, Kurtosis, Correlation Coétient of auxiliary
variable

In this chapter we suggest to use similar fornesifmators under RSS as
given by Kadilar and Chingi (2004), Koyuncu and Kad(2009) under SRS. We
assume that the population mean of the auxiliarjale is known beforehand,
we also assume that the relation between X andposstive and approximately

linear.

Based on RSS, we suggest ratio-type estimatothéamean in the form

fRrss= % (ap, + ¥) wherea and y are positive constants,

andf = o,/ o}
Let us take some special casesanfind y involving various combinations of

known values of Median, Quartile deviation, coeéffit of Skewness, Kurtosis,

Correlation of auxiliary variable in case of RSS.

CASE-1: If the Quartile Deviation and Median of the conaamt variable are
available, we may choose this parameter to be sdhrer andy in the estimator

above. For examples:

If @=1andy = @4, then we have the estimator :
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F B =)
("% Qd)

(1, +Qd)

HRss1—

If a=1andy = Md, then we have the estimator

F B =)

(e Md) ('U'I T Mdj

fRrss>=
If @=Md andy = @d, then we have the estimator :

” _ B ,l.,ax—;r"::l
HRss3 (Md " +0d) (Mdp. + Qd)

If @=Qdandy = Md, then we have the estimator :

}T-+|E'i g 2__-}

o —_—
HRrssa (Qde*+Md)

(Qdu, + Md)

CASE-2: If the Quartile Deviation and Coefficient of Skesas SR of the
concomitant variable are available, we may chobseparameter to be values for

a andy in the estimator above. For examples:

If @=1andy = 5k, then we have the estimator

5 B (uy—)

o —_—
HRsSt (£ +5K)

(. +Sk)

If @=1andy = @d, then we have the estimator :

F B uy—")
(=% Qd)

firssF= (1, +Qd)

If @= Skandy = @d, then we have the estimator :

§ B u,—2")
(52" +0Qd)

firsss (Skp, +Qd)

If @=Qdandy = 5k, then we have the estimator :

firss# % (Qdu, + 5k)

CASE-3: If the Quartile Deviation and Coefficient of Vaian (V, = o, / 1.)
of the concomitant variable are available, we mhgose this parameter to be

values fora andy in the estimator above. For examples:
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If =V, andy = @d, then we have the estimator :
RN LTI |

frsst % (Vepr, + Qd)

If a=1and y = Vx, then we have the estimator :

o _F 4B p—E)
HRssz (= +vx) (ﬁx + VI]

If @a=Vx andy = @d, then we have the estimator

HRrssF %(I’x b+ Qd)

If a=Qdandy = V,, then we have the estimator :

5 B (uy—)
Hrssi Tlgar i) (Qdp, + V)

CASE-4: If the Coefficient of Variation (V. =g, / u,.) and Medianof the
concomitant variable are available, we may chobisegarameter to be values for

a andy in the estimator above. For examples:

If @=1and y = Md, then we have the estimator :

F B =)

(e Md) ('U'I T Mdj

ARrsst
If a=1andy = V., then we have the estimator

(py—a)
)

(1 + V)

" T'+
HRssZ=
If @a=1V, andy = Md, then we have the estimator :

E.uv:f]

L) (Vo + Md)

.U»Rss3—

If @=Md andy = V.., then we have the estimator :

7R )

(Mds*+V) (Map, + V)

HRss4~

CASE-5: If the Coefficient of Variation (V.= o, /p.) and Coefficient of
Skewness §K of the concomitant variable are available, we mhgose this

parameter to be values faandy in the estimator above. For examples:
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If @=1and y = 5k, then we have the estimator :

}T-+|E'i iy :,t‘_-:'

(£ +5k) (ke + SK)

o —_—
HRSST—

If a=1andy = V,, then we have the estimator

_ }T-+|E'i iy :,t‘_-:'

HRSSE (=0 (u, + V)

If &=V, andy = 5k, then we have the estimator :

_ 7 By

HRSST 1 5 (Vept, + Sk)

If @=Skandy = V., then we have the estimator :

F B uy—")
Sk +V,)

frssi (Skp, +V,)

CASE-6: If the Coefficient of KurtosisK;, and Medianof the concomitant
variable are available, we may choose this parametbe values for andy in

the estimator above. For examples:

If @=1and ¥ = Kx, then we have the estimator :

F B uy—")

Hrsst — < o (#e T Kx)

If @=1andy = Md, then we have the estimator

frsss L EWa—F) (p, +Md)

(& Md)

If @= Md andy = Kx, then we have the estimator :

fRrss3 T By %) (Mdu, + Kx)

(Md & "+Kx)

If &= Kyandy = Md, then we have the estimator :

F B py—a)

HRss4~ (Kxi™+Md)

(Kxp, + Md)
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CASE-7: If the Coefficient of correlatione and Coefficient of SkewnesSH of
the concomitant variable are available, we may shdhis parameter to be values

for @ andy in the estimator above. For examples:

If @=1andy = p, then we have the estimator

_ }T-+|E'i g 2__-}

HrssE =1 5 (4, + p)

If @=1and y = 5k, then we have the estimator :

A _ T ABlu,—E)
BRs®= — = o5 (u, +5k)

If @a= @ andy = 5k, then we have the estimator :

§ B u,—2")
g &5 +5k)

firssi= ( pu, + Sk)

If @=Skandy = p, then we have the estimator :

- _ ¥ tPlu—)
HRsS4 ﬁ (Skp, + p)

CASE-8: If the Coefficient of correlationg and Quartile deviatiol®Qd of the
concomitant variable are available, we may chobseparameter to be values for

a andy in the estimator above. For examples:

If @=1and y = @d, then we have the estimator :

F B =)

HRsst= (& +5K)

(1, +Qd)

If a=1andy = p, then we have the estimator

F B =)
5+ p)

firssF (e, + )

If @= @ andy = @d, then we have the estimator :

- _F 4B p—F)
HRSS3— (p 2 +0a)

( p, +Qd)

If a=Qdandy = g, then we have the estimator :
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- _F 4B p—E)
Arssa o=y (Qdu. + p)

CASE-9: If the Coefficient of correlationo and Coefficient of Kurtosi&y of the
concomitant variable are available, we may chobseparameter to be values for

a andy in the estimator above. For examples:

If @=1and y = Kx, then we have the estimator :

}T-+|E'i g 2__-}

o —_—
HRSST (7 +K2)

(., +Kx)

If @=1andy = p, then we have the estimator

F B =)

HRSS?= = ) (B T+ P)

If @= p andy = Kx, then we have the estimator :

_ }T-+|E'i g 2__-}

iy
HRSS3— %

(o & +Ex) (pu. + Kx)

If a= Ky, andy = g, then we have the estimator :

_ }T-+|E'i g 2__-}

HRss+ (Kxi&"t p) (Kxpe + p)

CASE-10: If the Coefficient of correlatione and Mediarvid of the concomitant
variable are available, we may choose this parametbe values foxx andy in

the estimator above. For examples:

If @=1and y = Md, then we have the estimator :

F By
(& Md)

ARrsstE (p, +Md)

If a=1andy = p, then we have the estimator

F B py—a)
=+ g

fRrssF (i, + p)

If a= p andy = Md, then we have the estimator :

F B py—a)
(pE"+Md)

fRrsss ( pu, + Md)
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If @=Md andy = g, then we have the estimator :

N _F 4B p—E)
HRSSE “(ya a4 2) (Mdp,; + p)

CASE-11: If the Quartile deviatiorQd and Coefficient of Kurtosiky of the
concomitant variable are available, we may chobisegarameter to be values for

a andy in the estimator above. For examples:

If @a=1and y = Kx, then we have the estimator :

o _F 4B p—F)
HRSST (K] (_LLI + Kxj

If @=1andy = @d, then we have the estimator

5 B (=)
£+ Q dy

(. + Qd)

o —_—
HRSS2>—

If @= @d andy = K=x, then we have the estimator :

F B uy—")

LRrss# Cga <K= ( Qdu, + Kx)

If a= Ky andy = @d, then we have the estimator :

- _F R
HRrss4 e (Kxu, + Qd)

CASE-12: If the Median and Coefficient of SkewneSsof the concomitant
variable are available, we may choose this parametbe values for andy in

the estimator above. For examples:

If @=1and ¥ = 5k, then we have the estimator :

§ B u,—2")
(& +5K)

firssi= (. + Sk)

If a=1andy = Md, then we have the estimator
firss= LB By ) (p, + Md)

(& Md)

If @=Md andy = Sk, then we have the estimator :
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F B =)
[ Md Z°+5%)

ARrssE= (Mdu, + Sk)

If a= Sk andy = Md, then we have the estimator :

F B =)

HRSSE “(ore + Ma) (Sk, + Md)

CASE-13: If the Coefficient of KurtosisK; and Coefficient of Skewnes of
the concomitant variable are available, we may shdhbis parameter to be values

for @ andy in the estimator above. For examples:

If a=1andy = Md, then we have the estimator

F B =)
(+Kx)

ARsST (i, + Kx)

If @=1and y = 5k, then we have the estimator :

o _F 4B p—E)
HRSSZ (a0 (e + SK)

If @= Ky andy = 5k, then we have the estimator :

5 B (=)

o —_—
HRss3™ [ Kx & +5k)

(Kx p, + Sk)

If @= Ky andy = 5k, then we have the estimator :

F B uy—")

(Sks*+ KEx) (Skﬂx + Kx]

HRss4

CASE-14: If the Coefficient of correlationg and Correlation variatioly, of the
concomitant variable are available, we may chobseparameter to be values for

a andy in the estimator above. For examples:

If @=1and y = V,, then we have the estimator :

§ B u,—2")
(*+15,)

frssT (e, +V.)

If @=1andy = p, then we have the estimator :

- _F B
HRssZ= = 5

(u. + 2)
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If @= g andy = V,, then we have the estimator :

Ry LTI

~ _¥

URss3 W( pu, + V)

If a=V, andy = p, then we have the estimator :
Ry LTI

firssé }.vxx-—hﬂ (Vettz T P)

Similarly replacing they™ and x* by ¥ and i, the above proposed ratio
estimators of RSS based on linear combinationsnoiwk values of Median,
Quartile deviation, coefficient of Correlation, Skeess and Kurtosis of the
ranking or auxiliary variable can be used in cas8RS also

— — X — ~
As we know,y,_ . = }r*[:;} also we can denoi®,.. asfiz..
Where

—w _ 1 r ™m
rr = — _ moX . ,
e k=1 E;_l k(i

S — 1 T T

y = ;Ekzlzizl Yetny

Then

VResi = T B (ap, +y) fori=1,2,3,4,...... ,56 (from case 1 to case 14)

(o +y)
The bias and mean square error of the above estibased on RSS will be :

Bias(Vg.s) = ?[EKGEC:E - GEPC}-Cx)_ {GEZE —GiZya ]

(i)
MSE(Fp..) = VE[O{CE + GICE— 26,0C,C.} — {Z 0 — G Z iy ¥

Fa
af+y

Whereé,; =

Wherea and ¥ can be replaced by various linear combinationknafwn values
of Median, quartile deviation, Coefficient of Skesas, kurtosis, Correlation and

variation of the auxiliary variable which are memtin the above 14 cases

[95]



54 Bias and Mean square estimation of proposed esators

Since the bias and mean square error of the abmpoged estimators
based on RSS will be in the form of :
Bim(eﬁ}?ssij = ?[HKGEC:E - G:’JGC_}'CI)_ {Gizz:,r:(i} - G:’Z}';r(i} ] and

MSE(¥g.) = TPO[{C2 + GICE— 26,0CC.}— {Z ;) — G:Z.cy}*] respectively

Fea

whereG; = g

To obtain the bias and MSE 8.,

We put y* =¥(1+¢,) and = X (1 + &), So that the expectation af and
£, IS equal to zero

E(s) =E(e)=10

.y V(¥)
Viz) = E(:3) = —
Y
= 1 1|1 N 2 — Z Z
T mry? HZ Kyo | = [9C5 — Z ]
i=1
Similarly
Vie) = E(s3) = (€2 ~ 2]
and
Cov(7*x*)
C » =E r = +
ov (&5, 5,) (5p.21) o
_11[5 1mk ]—Eccz
B ?fm’r el m i=1 (i) _[ e ¥ ox }'Il:f:l]
where
1
g =—,
mr
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C: — 5.‘:
» 172’
. S5
Ci==,
X;
—_ ¥ _
C}x = _—17 = C} C..
™
5 11 5
Zxtn = mir K2 Z o),
i=1
m
2 1 1 2
0 = ) Ko
i=1
1 1
Z}':rl:;i]l = e PT E:n:l k_};:r (i)

AlISO k() = (paty = X) Kyt = (yy — )
and
;{'}'II:E':I = (_ﬁ_xl:i} - f} [ﬂ_}":f:' - F)
Proof of Bias :
Eim[?ﬁ‘s&ij = E(FRssi - ?:)
Here¥,.., = ¥(1+ g,)(1+ 6,5,)7t
Suppose(G,£,) < 1 so that(1 + G.2,)™" is expandable
Vissi — Y(1+ Euj{l =G5 + G:':Ei + 0(5151:]}

(Using Taylor series expansion, whe@{s,) with power more than 2 are
neglected for large power of.

Bias(¥Vp.:) = F[EEE(EEJ — G,E(5p84)]

=z Biﬂs(?ﬁ‘j’sij = ?[H (Ezz sz - EEJDC)'CI:] - {Efzi'z} - GEZ}'I':E'}D]

Proof of Mean Square Error:

MSE[FR?W’) = E(FRW?’ - 17.]2
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I
=l

[6c2 — 22 + GHOC2 - Z%y) — 2G,(8pC,.C, — Z 0(n)]
= V?[6{C} + GZC2 — 2G,pC,C,}— {22 + G?Z2) — 2G,Z,n ]]

=3 MSE (¥pes) = FA[O{CE+ GECE — 26,pC,C.} — {Z,00) — G Z oty V]
55 Efficiency comparison and numerical illustration

The behaviour of the above new/proposed estimatorstudied and
compared with the corresponding estimators from .9R$ us assume that the
variable of interestY and a concomitant variablX are correlated with a
correlation coefficientp. Assume also thakK and Y have a bivariate normal
distribution with parameter. Using the Pinus dag different sample generated
using SRS and RSS from a bivariate normal distidbutusing the above
combinations ofx and y. From this distribution we generated 440 sampbesed
on RSS with 10 cycles and another 440 samples &Rt§ For each sample, the
mean square errors are computed respectively. Toweabivariate normal
distribution was generated in R-Software using filngction mvtnorm from
library (mvtnorm). Different values op andm are used and the results are
shown in Tables-9 to 22.

The efficiency of RSS with respect to correspondistymators of SRS

Ef. — MSE (ESRS); _ _or :LE; +DFCF-2D;pCyCy | where(i = 1,2,3,4)
' MSE(QRSS); PO{Ci+67CI-26G,0C, Cul Ty iy —Gi Ze(n 1

MSE (figgs); — MSE (figss); = A = 0, where A is a non negative value

From the results of Tables-9 to 22 it is concluded proposed ratio
estimators under rank set sampling are more efidiean the ratio estimators
based on simple random sampling. Also efficienciR8E estimators decreases as
the correlation coefficient decreases and effigjeincreases as the set sizeas

increases.
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Table-9 : Case-1: Linear combination of Quartiledeviation and Median

P m Ef, Ef, Ef, Ef,
2 1.89 1.86 1.74 1.42
4 2.55 2.34 1.79 1.49
0.99
6 2.82 2.64 1.88 1.52
12 3.92 3.13 2.1 1.71
2 1.43 1.39 1.44 1.12
1.84 1.74 1.85 1.14
0.70
6 1.91 1.76 1.91 1.23
12 2.24 2.01 2.24 1.35
2 1.18 1.16 1.22 1.04
1.41 1.32 1.41 1.13
0.40
6 1.49 1.38 1.49 1.26
12 1.58 1.39 1.58 1.38

Table-10: Case-2: Linear combination of Quartile deviation and
Coefficient of Skewness

P m Ef, Ef, Ef, Ef,
2 2.09 1.97 1.65 2.12
4 2.57 2.02 1.72 2.78
0.99
6 2.87 2.11 1.75 3.05
12 3.36 2.33 1.94 4.15
2 1.62 1.67 1.35 1.66
1.97 2.08 1.37 2.07
0.70
6 1.99 2.14 1.46 2.14
12 2.24 2.47 1.58 2.47
2 1.39 1.45 1.27 1.41
1.55 1.64 1.36 1.64
0.40
6 1.61 1.72 1.49 1.72
12 1.62 1.81 1.61 1.81
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Table-11 :

Case-3 :Linear

Coefficient of Variation

combination

of Quartile deviation and

D m Efi Efz Efs Ef-!
2 1.95 1.83 1.51 1.98
4 2.43 1.88 1.58 2.64
0.99
6 2.73 1.97 1.61 2.91
12 3.22 2.19 1.8 4.01
2 1.48 1.53 1.21 1.52
1.83 1.94 1.23 1.93
0.70
6 1.85 2 1.32 2
12 2.1 2.33 1.44 2.33
2 1.25 1.31 1.13 1.27
1.41 1.5 1.22 1.5
0.40
6 1.47 1.58 1.35 1.58
12 1.48 1.67 1.47 1.67

Table-12 :

Case-4 :Linear combination of

Median
P m Ef, Ef, Ef, Ef,
2 2.02 1.9 1.58 2.05
4 2.5 1.95 1.65 2.71
0.99
6 2.8 2.04 1.68 2.98
12 3.29 2.26 1.87 4.08
1.55 1.6 1.28 1.59
1.9 2.01 1.3 2
0.70
1.92 2.07 1.39 2.07
12 2.17 2.4 1.51 2.4
2 1.32 1.38 1.2 1.34
1.48 1.57 1.29 1.57
0.40
6 1.54 1.65 1.42 1.65
12 1.55 1.74 1.54 1.74
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Table-13 : Case-5 :Linear combination of Coefficien of Variation and
coefficient of Skewness

P m Ef, Ef, Ef, Ef,
2 1.99 1.87 1.55 2.02
4 2.47 1.92 1.62 2.68
0.99
6 2.77 2.01 1.65 2.95
12 3.26 2.23 1.84 4.05
2 1.52 1.57 1.25 1.56
1.87 1.98 1.27 1.97
0.70
6 1.89 2.04 1.36 2.04
12 2.14 2.37 1.48 2.37
2 1.29 1.35 1.17 1.31
1.45 1.54 1.26 1.54
0.40
6 1.51 1.62 1.39 1.62
12 1.52 1.71 1.51 1.71

Table-14 : Case-6 :Linear combination of Median ad Coefficient of

Kurtosis
P m Efi Efz Efa -Efq.

2 1.91 1.79 1.47 1.94
4 2.39 1.84 1.54 2.6

0.99
6 2.69 1.93 1.57 2.87
12 3.18 2.15 1.76 3.97
2 1.44 1.49 1.17 1.48
1.79 1.9 1.19 1.89

0.70
6 1.81 1.96 1.28 1.96
12 2.06 2.29 1.4 2.29
1.21 1.27 1.09 1.23
1.37 1.46 1.18 1.46

0.40
6 1.43 1.54 1.31 1.54
12 1.44 1.63 1.43 1.63
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Table-15 : Case-7 :Linear combination of Coefficienof Correlation and
Coefficient of Skewness

p m Ef, Ef, Ef, Ef,y
2 2.12 2 1.68 2.15
4 2.6 2.05 1.75 2.81
0.99
6 2.9 2.14 1.78 3.08
12 3.39 2.36 1.97 4.18
2 1.65 1.7 1.38 1.69
2 2.11 14 2.1
0.70
6 2.02 2.17 1.49 2.17
12 2.27 2.5 1.61 2.5
2 1.42 1.48 1.3 1.44
1.58 1.67 1.39 1.67
0.40
6 1.64 1.75 1.52 1.75
12 1.65 1.84 1.64 1.84

Table-16 : Case-8 :Linear combination of Coefficienof Correlation and
Quatrtile deviation

P m Ef, Ef, Ef, Ef,
2 2.00 1.88 1.56 2.03
4 2.48 1.93 1.63 2.69
0.99
6 2.78 2.02 1.66 2.96
12 3.27 2.24 1.85 4.06
1.53 1.58 1.26 1.57
1.88 1.99 1.28 1.98
0.70
1.9 2.05 1.37 2.05
12 2.15 2.38 1.49 2.38
2 1.3 1.36 1.18 1.32
1.46 1.55 1.27 1.55
0.40
6 1.52 1.63 1.4 1.63
12 1.53 1.72 1.52 1.72
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Table-17 : Case-9 : Linear combination of Coefficiet of Correlation and
Coefficient of Kurtosis

p m Ef, Ef, Ef, Ef,

2 1.916 1.886 1.766 1.446

4 2.576 2.366 1.816 1.516

099 6 2.846 2.666 1.906 1.546

12 3.946 3.156 2.126 1.736
2 145 1416 1466 1.146

1.866 1.766 1.876 1.166

070 6 1.936 1.786 1.936 1.256

12 2.266 2.036 2.266 1.376
2 1206 118 1246 1.066

1.436 1.346 1.436 1.156

040 6 1.516 1.406 1.516 1.286

12 1.606 1.416 1.606 1.406

Table-18 : Case-10 :Linear combination of Coefficiet of Correlation and

Median
P m -Efj_ Eirz E)rs Ef-i
2 1.86 1.83 1.71 1.39
4 2.52 2.31 1.76 1.46
0.99
6 2.79 2.61 1.85 1.49
12 3.89 3.1 2.07 1.68
1.4 1.36 1.41 1.09
1.81 1.71 1.82 1.11
0.70
1.88 1.73 1.88 1.2
12 2.21 1.98 2.21 1.32
2 1.15 1.13 1.19 1.01
1.38 1.29 1.38 1.1
0.40
6 1.46 1.35 1.46 1.23
12 1.55 1.36 1.55 1.35
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Table-19 : Case-11: Linear
Coefficient of Kurtosis

combination of Quartile deviation and

P m Ef, Ef, Ef, Ef,
2 1.97 1.94 1.82 15
4 2.63 2.42 1.87 1.57
0.99
6 2.9 2.72 1.96 1.6
12 4 3.21 2.18 1.79
2 151 1.47 1.52 1.2
1.92 1.82 1.93 1.22
0.70
6 1.99 1.84 1.99 1.31
12 2.32 2.09 2.32 1.43
2 1.26 1.24 1.3 1.12
1.49 1.4 1.49 1.21
0.40
6 1.57 1.46 1.57 1.34
12 1.66 1.47 1.66 1.46
Table-20 : Case-12 :Linear combination of Median amh Coefficient of
Skewness
P m Ef, Ef, Ef, Ef,
2 2.09 2.06 1.94 1.62
4 2.75 2.54 1.99 1.69
0.99
6 3.02 2.84 2.08 1.72
12 4.12 3.33 2.3 1.91
1.63 1.59 1.64 1.32
2.04 1.94 2.05 1.34
0.70
2.11 1.96 2.11 1.43
12 2.44 2.21 2.44 1.55
2 1.38 1.36 1.42 1.24
161 1.52 161 1.33
0.40
6 1.69 1.58 1.69 1.46
12 1.78 1.59 1.78 1.58
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Table-21 : Case-13 :Linear combination of Coefficiet of Skewness and
Coefficient of Kurtosis

P m Ef, Ef, Ef, Ef,
2 2.17 2.14 2.02 1.7
4 2.83 2.62 2.07 1.77
0.99
6 3.1 2.92 2.16 1.8
12 4.2 3.41 2.38 1.99
2 1.71 1.67 1.72 14
2.12 2.02 2.13 1.42
0.70
6 2.19 2.04 2.19 151
12 2.52 2.29 2.52 1.63
2 1.46 1.44 15 1.32
1.69 1.6 1.69 141
0.40
6 1.77 1.66 1.77 154
12 1.86 1.67 1.86 1.66

Table-22 : Case-14 :Linear combination of Coefficiet of variation and
Correlation

o m Ef, Ef, Ef, Ef,
2 2.04 2.01 1.89 1.57
4 2.7 2.49 1.94 1.64
0.99
6 2.97 2.79 2.03 1.67
12 4.07 3.28 2.25 1.86
1.58 1.54 1.59 1.27
1.99 1.89 2 1.29
0.70
2.06 1.91 2.06 1.38
12 2.39 2.16 2.39 1.5
2 1.33 1.31 1.37 1.19
1.56 1.47 1.56 1.28
0.40
6 1.64 1.53 1.64 1.41
12 1.73 1.54 1.73 1.53
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5.6 New/proposed estimators using Deciles of Audly variable under
SRS and RSS schemes

In this section, we suggest new/proposed rationasdrs of population
mean of the study variable using the linear contmnaof known values of
Deciles of the auxiliary variable under rank semphbng and simple random
sampling schemes. Mean square error of the propesaiators under rank set
sampling is calculated and compared. By this compar we demonstrate
theoretically and numerically that the proposethestors under rank set sampling

are more efficient than estimators based on simgpldom sampling.
5.6.1 New/proposed estimators

Under simple random sampling I€K;,Y1), (%,Y2), (%,Y3),-cceeeennen ,
(Xm Ym) be a bivariate random sample with probability dgngunction (pdf)

f(x,y), cumulative distribution function(cdf ) F(x,y),means .. u,. variances

o0 and correlation coefficient.

Let (X]_(l), Y]_[l]),..., ()ﬁ(m), Yl[m]), (X2(1), Y2[1]),---, ()@(m), Yz[m]), ......................
(Xrys Yiag)s--- (% m), Yrmy) be mindependent bivariate samples each of size
then the proposed ratio estimators under SRS whges of auxiliary variable

will take the form as given below :

n. _ ¥F ,LLX-l' .D._
Hysgsr = Ysps ( ,
Rsgps* D,

yerer = T (
Hysrsz SRS \gooc+vp_ )

Hyspen = Yope

i =¥
Hyvsres = Ysme

)

Coery)

fysnss = Yons (),
)

)

Bysree = Ysgs
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~ = wyt Do
i — X 7
YERET SRE Ropot D, ’

i _ XF f.{X"' Dg
= Tons (3555,)
Hysrss SRS \gepct o, /'

n. _ ¥F ,'.lx-'- .Dq,
Hysrss = Y_‘.'RE( '
Xsrs+ Dy

. = 1
respectively, wheré&l;z. = -

m X, andVeps = = iE;’;lYi are sample
means of auxiliary variablé andY, D, are deciles, for h=12,...,9
Using Taylor serieSfiycgep (h = 1,2,3 ...,9) can be approximated as :

Hysgsp = 175&5 - L, U?_':Rs - ﬁx] + LG, (fsm‘ - I—‘sz — Gy (‘fsxs — Hy) (z‘m‘ -
Ffrj

whereL, = —2— and ¢, = —— for h=12,..,9. Using the first
HytDp R HytDp

degree approximation to the above equation, thenatir in above equation is

given by :
fysrer = Yope — Ly (Xope — fiy),
with bias and MSE respectively are given as
Bias (fiysgsp) = 0,
and
MSE(fiyspsy) & Var(Vegs) + LiVar(Xogs — 2L, Cov(Xegs, Yers ), respectively,

where, Cov(Xeqs, Vors) = E((Xsgs — ix) (Fors — #5) ). It can be noted for the

first order approximation the estimators are urdias
Using

Cov(Xepe Yope) = F var (Kepe)

— - _ 1 -
var(¥ops) = [ var (Xgps ) + ;Pﬁ(l —p°),
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wheref = p=.
ox
The MSE ofiiy ¢z, therefore can be written as under

_ " _ 1 .
MSE(flyspen) & (L, — B)*Var(Xeg,) +EJ§(1_ p°)

Hysrsp = m (Li ze + U}? - thﬂxﬂ}-P)

Under rank set sampling, we assume that the ran&ipgrformed on the variable
X for estimating the population mean of the variagtildhe RSS method can be
described as follows: Selettrandom samples each of sizébivariate units from
the target population. From the first setnofunits, the smallest ranked uixtis
selected together with the associatdand from the second set of units the
second smallest ranked umitis selected together with the associatedThe
procedure is continued until from thg, set ofm units the largest ranked urtis
selected with the associat¥dThe procedure can be repeatetiines to increase

the sample size tomRSS bivariate units.

Let (X i(1),Yi(1)), (X i(2),Yi(2)) .......... ,(X(m),Yi(m)) be the order statistics &f
i1y Xi2yeennens , Xim and the judgment order ¥fi1, Yiz,.....,Yim for i= 1,2,...,m Then
the RSS units aréX 1(1),Y 1), (X 22,Y 22),--- - , (Xm@m)yY m@m). The proposed

estimators of population mea® involving the deciles of the auxiliary variable X

are defined below :

n. _ ¥F ,'.,Lx-l' .D_
Hyrss1 = Yrss ( ),
Rpss* D,
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Hypoog
. 5
Hygser = YR_‘.'_‘.'

Bygsss = Ygss

-‘"ﬁsﬁ g
~ _ ux® Dy
fiyrsss = Yrss ( frost D,
. — 1 — 1 .
respectively, whereXgeee = =X, X, and Yz, ==—2", ¥, with
. .
. = o i 2
variancesvar (Xgss) = f _Ezﬂl(ﬂx[i] — Hx)
d v __ oy 1 m 2
an var(Ypss) = —— — X% (Hypg — )5

D, are deciles, for h=1,2,...,9
var(Xges) = ;_’% _ﬁzﬂﬂﬁx[z‘] - P"x]: , and Ypes = iz:ﬂél Yin with
variancevar (¥Ygs) = %z'— %E;’;l[ﬂy[i] — iy )?
Using Taylor seriesfiyzzs; (h = 1,2,3 ...,9) can be approximated as :
fyrssn = Yass — Ln(Xrss — tx) + LpGr(Krss — px)® — Gp(Xpss — i) (Yass —
By )
For the first order approximation, the above esttimean be written as
with bias and MSE respectively are given as
Bias (fiygssp) = 0,
and

MSE(fiygssy) = Var(Yrss) + Li;:z Var(Xgss — 2L, Cov(Xgss, Yrss),

respectively,

whereCov(Xgss, Vrss) = E((Xrss — w5 ) (Frss — py) ). As in case of SRS,

it is clear that to the first order of approximatithe RSS estimators are unbiased.

[109]



using

Cm“(‘?&_wr ?R_'.'Ej = f var (fxssj
i re 2 — 1, 2
var(¥ees) & frvar (Xgss )+ ;Pr(l_F‘ )

The MSE ofiiyz:5, therefore can be written as under :

_ " _ 1 . -
MSE(flygssy ) = (Ly — B) Var (Xgss) +;Uf(1_1‘f“)

L Z -2 mE( ¥ |+ =aF(1-p?)
c (AN G ) s Lz 2
& mom i Hxt — Hx m o

[Ty 1

¥ —
Py andg, =

whereL, = forh=1,2,3....,9

px tDp

5.6.2 Relative efficiency of new/proposed estimater

The efficiency of fiyczs, With respect tofiygs-, foOr estimating the

population mean, is defined as :

MSE (fysgsn)

Relative ef ficiency (fygssn: Aysrsn) = -
MSE (fiygsss)

, _ y .
~ (Ly, — B)*Var(Xsgs) ‘I'Eﬂrf[l_ﬂij

- _ 1 . -
(Ly, — B)*Var(Xgss) + Eﬂf(l —p*)

, _ 1, ,
(L — B) Var(Xegs) +— oy (1—p%)

i 1 i i
2 (g — p:x)‘) +—oy(1—p%)

(1o - B (Z -2

m  m2

It is clear that,Relative ef ficiency (fygscn fiysrsn) = 1. This implies that
fyrssr, forh =(1,2,3,..9) is more efficient thaniyszs; based on the same

number of measured units.
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5.7 Numerical illustration

For empirical studyibrary (mvtnorm) of R software was used to
generate 500 replicates from a population of Pingata with
B, = 2144,u, = 15.66,0, = 20950, = 17.06 with  p (0.99,0.70, 0.40).
Based on 500 replications, the results for 4, 8, 12, 16using deciles (60.60,
83.00, 102.70, 111.20, 142.50, 210.20, 264.50, 4804373.20, 643.00. The

results are given in Tables-23.

It is concluded form the Table-23 that estimatonsler RSS performs
better than estimators based on SRS. Utilizingkih@wledge of the deciles of
the auxiliary variableX, a gainin efficiency is obtained using RSS with
respect to SRS for estimating the population mefanhe variable of interest
Y. Also the bias of the RSS estimators is small effidiency of RSS estimators
decreases as the correlation coefficient decre&sally the efficiency in case of

RSS estimators increases as the setrsinereases.

Table-23 : Efficiency comparison of modified ratioestimators

D. D> Ds

Bl

4 8 12 16 4 8 12 16 4 8 12 16

Efficiency 1.632 1.779 1.959 2.079 1.369 1.387 1421 1.4464591. 1.534 1.557 1.628

0.99 BI'_\?SSOf 0.073 0.062 0.058 0.055 0.106 0.078 0.066 0.063 560.1 0.1 0.073 0.073

Blsassof 0.089 0.074 0.067 0.063 0.138 0.106 0.092 0.084 120.21.013 0.126 0.111

Efficiency 1.344 1357 1396 1429 1353 1435 1483 1516438L. 1.541 1.664 1.727

0.70 Bll_\?gsof 0.084 0.066 0.059 0.058 0.132 0.091 0.073 0.065680.10.107 0.081 0.073
Bias of

SRS 0.104 0.083 0.075 0.07 0.174 0.131 0.104 0.09 0.281161 0.133 0.115

Efficiency 1.339 1.341 1392 1415 1346 1.453 1.534 1574111. 1.6 1.686 1.783

0.40 BI'_\?éSOf 0.097 0.073 0.063 0.059 0.142 0.096 0.073 0.206 760.10.106 0.091 0.073

BS‘RSSOf 0.126 0.093 0.083 0.074 0.194 0.142 0.131 0.112 48.20.167 0.141 0.123
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Table-23 Contd....

D4 DS DG

S

4 8 12 16 4 8 12 16 4 8 12 16

Efficiency 1.652 1.799 1.979 2.099 1.389 1407 1441 1.466479. 1.554 1577 1.648
Bias of

0.99 RSS 0.093 0.082 0.078 0.075 0.126 0.098 0.086 0.083 760.1 0.12 0.093 0.093
Bias of

SRS 0.109 0.094 0.087 0.083 0.158 0.126 0.112 0.104 320.21.033 0.146 0.131

Efficiency 1.364 1.377 1.416 1.449 1373 1455 1503 1536458l. 1.561 1.684 1.747
Bias of

0.70 RSS 0.104 0.086 0.079 0.078 0.152 0.111 0.093 0.085880.10.127 0.101 0.093
Bias of

SRS 0.124 0.103 0.095 0.09 0.194 0.151 0.124 0.1 0.2p1181 0.153 0.135

Efficiency 1.359 1.361 1.412 1435 1.366 1473 1554 1594311. 162 1706 1.803
Bias of

0.40 RSS 0.117 0.093 0.083 0.079 0.162 0.116 0.093 0.226 960.10.126 0.111 0.093
Bias of

SRS 0.146 0.113 0.103 0.094 0.214 0.162 0.132 0.12 80.26.187 0.161 0.143

Table-23 Contd..
D, Ds Dy

B o

4 8 12 16 4 8 12 16 4 8 12 16

Efficiency 1.803 2.303 2.792 3.243 1.707 1988 2.303 255 421.51.686 1.883 1.95
Bias of

0.99 RSS 0.365 0.301 0.273 0.258 0.347 0.288 0.265 0.253 160.30.277 0.259 0.247
Bias of

SRS 0.444 0.374 0.33 0.31 0.413 0.348 0.317 0.299 0.368315 0.293 0.281

Efficiency 1.763 2.2 2.665 3.02 1.626 1.847 2.073 2.211 1.50B65 1.765 0.848
Bias of

0.70 RSS 0.369 0.3 0.265 0.257 0.333 0.281 0.262 0.252 0.30873 0.252 0.247
Bias of

SRS 0.427 0.363 0.33 0.306 0.384 0.331 0.306 0.294 20.38.307 0.289 0.275

Efficiency 1.709 2.077 2.421 2778 1573 1756 1945 2.0474811. 1584 1.711 1.752
Bias of

0.40 RSS 0.359 0.289 0.267 0.256 0.328 0.276 0.261 0.248 970.20.271 0.253 0.246
Bias of

SRS 0421 0351 0.319 0.303 0.37 0.319 0.298 0.755 40.30.301 0.281 0.271
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Chapter — 6

RANK SET SAMPLING IN SITUATIONS OF NON-RESPONSE
WHILE CONSIDERING THE PROBLEMS OF ALLOCATION

In this chapter, a detailed discussion on the etiéaon-response on the
estimator of population mean under ranked setifstsampling is given, our
main objective is to suggest some new allocatitreses utilizing the knowledge
of strata sizes and non-response rates of diffesteata. The effects of proposed
schemes on the sampling variance of the estimasordiscussed and compared
with the usual allocation scheme, namely, propodiallocation in presence of
non-response. Basic method of Non-Response estimgtven by Hansen and
Hurtwiz (1946) is used in the present study.

6.1 Introduction

In Probability sampling when observatignon thei™ unit is the correct
value for that unit, the error of estimate arisasefy from the random sampling
variation i.e. when fraction of units is measurattéad of the complete
population. This deviation of the sample statistiosn the population parameters
is usually called sampling error. It is well knownrat if all units of the population
are measured, the estimate will be free from sarggiror. But in practice it may
not be always possible to get the true observagiam thei™ unit. Consequently
the estimate based on sample will also involve rerdifferent from sampling
errors. All the errors in estimation, which are betause of sampling, are called
non-sampling errors, i.e. these are the residu@goaies. The sampling errors
arise because of sampling on a ‘Part' from the ‘i&hpopulation while non-
sampling errors mainly arise because of some dagafitom the prescribed rules
of the survey, such as survey design, field waakutation, analysis of data etc.
This is the reason that the census results thotegh ffom sampling errors are
subject to various types of non-sampling errors @odhetimes these non-
sampling errors may be more important than the Sagqerrors and thus may

affect the results substantially. Non sampling esriarise due to numerous factors
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and almost at every stage of survey from plannindp® survey to report writing.
Non-response is one of the important types of reonging errors. The first
attempt to deal with the problem of non-response perhaps made by Hansen
and Hurwitz (1946) through Call back method. Thegumed the population as
divided into two classes, (i) response class whespondents respond in the first
attempt and (ii) a non-response class where regmsdo not respond in the first
attempt. Another method to obtain unbiased estimatmm the information
collected from the respondent in the first atteonly was proposed by Politz and
Simmons (1949). Kish and Hess (1954) proposed dideng of a sample of non-
responding units from previous surveys for obtajnimformation about the non-
respondents. Non-Response is becoming a concesuriey research, when
people are not able or willing to answer questiasised by the interviewer at the
time of data collection work. The extent and thiedf of the non-response can
vary greatly from one type of survey to anotheaffects the quality of survey in
two ways. Firstly, due to the reduction in avaiabimount of data, the estimates
of population parameters will be less precise. Bélyg if a relationship exists
between the variable under investigation and respdmehaviours, statements
made on the basis of the response are not validhiortotal population. It is
obvious that the extent of non-response must bedepmall as possible. In spite
of many efforts, there still remains a consideradmeount of non-response. In
sample surveys, the population may be assumed tormeosed of two parts. (i)
Response group and (i) Non- response group. la sden the units of the non-
response group are such that after some additedfats it is possible to get the
information we refer such non-responding group rifsuas "Soft Core". In some
cases, a part of non-response units are such tthatimpossible to get any
information, the set of these units are refereetHasd Core". While estimating
the population mean of the character under stumyrdpresentation of responding
and non-responding units is required to give thegresentative value of the
population mean. In case of “Soft Core", the peabis to minimize the effect of
non-response and make some adjustment which mayidprahe efficient
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estimate. In case of mail surveys, Hansen and Hurf@P46) have suggested the
method of sub-sampling from the non-responding sumf the sample and

proposed the estimator for population mean witlstésdard errors.
6.2 Hansen and Hurtwiz Technique of Non-Response

The usual theory of sampling is developed to assuha a finite
populationU = { u,, ... ..uy} is composed by individuals that can be perfectly
identified. A sample s of sizen = N is selected. The variable of interest Y is
measured in each selected unit. Real life survbgsild deal with problems that
invalidate some initial assumptions and affect pheperties of the statistical
models. One of them appears when some of the inttsee sample (responding
units) do not give a response. The existence ofrasponse does not permit us to
computer sample mean

]
&= Y

T

Which gives the estimate ¢f population mean, because we obtain response only
from the units in s, = {i € sli give aresponse at first visit}. This fact
suggests that the populatiéhis divided into two stratal/; units which give a
response at first visit anidi, which contains rest of the individuals. This isledl
response starta model and was first proposed byéfaHurvitz (1946). They
proposed to select a sub-sampje of sizen’; among then, non-respondents
grouped in the sampl® . Then we obtain information on the non-respondent's

stratal/, throughs;'.
6.3 Non-response under Stratified sampling

Let us consider a sample of sizés drawn from a finite population of size

N. Letn; units in the sample responded amdinits did not respond, so that

ny tn, =n
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Then; units may be regarded as a sample from the respdass and, units as a
sample from the non-response class belonging t@dpalation. Let us assume
that N; andN; be the number of units in the response stratumnamdresponse
stratum respectively in the population. Obvioudly,andN, are not known but

their unbiased estimates can be obtained fromaimpke as

— N N
Nj_ = ﬂ,l;; N: = MNa ;;

Let m be the size of the sub-sample fregnnon-respondents to be interviewed.
Hansen and Hurwitz (1946) proposed an estimatoestimate the population

meansy,,, of the study variabl¥as

which is unbiased foi;,, where¥,; and ¥,, are sample means based on

samples of sizeis; andm respectively for the study variable.

The variance ofY, ,, is given by
= 1 1 7 K-1 5
VT) = [F+2]52 + 52w s,

- N, 5 2 .
where K = =, W, = ~+ 3o and 55, are the mean squares of entire group and

™

non-response group respectively in the population.

Let us consider a population consisting Nf units divided intdk strata. Let the
size ofi" stratum isN, (1,2,....,k) and we decide to select a sample of size
from the entire population in such a way thmatnits are selected from th®
stratum. Thus, we have

k

Y =

i=1
Let the non-response occurs in each stratum. Tiserg UHansen and Hurwitz

procedure, we select a sample of sizaunits out ofn; non-respondent units in
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thei™ stratum such thahp, = Kim, K >1 and the information are observed on
all them units by interview method.

The Hansen-Hurwitz estimator of population m&ay for the i*® stratum will be

17 . = nl:‘-fnl:‘_-i'f‘!i:fnm[ , [1’2-' e, kj

SZTFSL nl.

where ¥,;; andi,,,; are the sample means basecdgn respondent units andg

non-respondent units in thi8 stratum.

Combining the estimators over all strata, we getdstimator of population mean

Y:.':rs:" given by

Yssrsi = E:{=1 piyssrsi

N;
where p;, = Tl

Obviously, we have | ¥, =V

33l J =3rs

The variance of’

2IF L

is given by

1 'le' —-1)

— 1 3 3 . 22
VI sl = :{=:L(n_l_ _E)PFS&' + X . WizPiSai

Nin = 7 .
wherew,, =—=,5, andS;, are the mean squares of entire group and non-
B

response group respectively in ffestratum.

It is easy to see that under ‘proportional allcmaiti (PA), that is, when

n, =np; fori=1,23,...k V| ] is obtained as

}-rssrsi

7 —vk (L_1 2 4 1ok 2
VI ¥iersilpa = Zi=1 (; - ?) PiSe: T ;zi=1(f{e — DW;zp:Sox2

6.4  Non response under ranked set stratified sampig

In this section, we have incorporated RSS for $elgdhe sub-sample
among the non-respondents. RSS procedure is usexitfesamplings,. Take a

sub-samples; .., from s using RSS procedure. That is we setgcindependent
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samples of sizé‘z,’g. The units are ranked accordingly with the vagatibsely

related with the variable of interest Y.
Let there bez; independent samples

Vg ¥ig e, ¥t ¥, ¥p ) £GP S TT) ST S,
they are ranked and we obtain

Yi:i’If::i """"""’Y?‘!;:i: Yi:irY!:E """"""’Y;:2:"""""":Yi:?‘z;’Y" [ Y

Im, LRl P

The estimate ofi, is made by using the estimator

!

T

T o
—t LiZ ¥

V.. -
S Zirss) ”fz

.
Z°2, E(y(jp)
s ?;':rss}) -F ( B - - E[F::l = Hg

The RSS counter part ¢¢ in SRS is

= Ty ny _, - —r
Y= —¥V;+—¥% = wy¥; tw,V,
T

2¥2rsz)
It can be represented by
?l:rss} = ( W-1-?1 + WEFZJ + W (Fél:ms} _?Ej

Its conditional variance is

-

= a= a _ _
|4 ?(rss}l‘g) = ?_I_Wi“ 4 (}}'; Vs |E]

(r=s)
Explicit expression of second term in the R.H.Ss it

V(w; [:FE':?"SS} — ¥ )ls} = WEEE[ [FE':rss} - P’E) — (¥ —Ha) |5]2:|

= W [E(Fh(pee) — H2)15)2 + E(F2 — pp)ls)? — 2E ({fﬁ.:m} — )72 - .H-:}}|3)]
The first term of the equation within bracketsgsial to
!

Mg 2
I,

E[F;(:"ss} _Ez)lsjz = %
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_ o _E_;l';:l_ (7
o i
where

¥
Mz 42 2, 2
BiZaA0y _ Bzl
= 7

I
o e
& =

The second term is related to :

-
=

- 7 O
E(¥, — uy)|s)* = n

-
i

and

E[E[Fél:rss}_ﬁz)[?g _Fg:,)|.5') = E([[ ¥, _szjzls) — %

Hence the counter part of variance of SRS underrasponse in case of RSS is

'
n - - - o ]
2 | Tarras) &y - Y Ej'=‘_£'if_"
s)=wi(2E= ) =yw? [ -2 =D
g ny g "y ny

Substitutingn; = ”EXK, we have

given below

— —
V(WE Marrss) — }12)

o  W(K—1)a; KX, A

EV(Fres)) = ;Jr - . W, E -

which is smaller than SRS.

Using the procedure of Hansen and Hurwitz (1946anked stratified set
procedure based on Mcintyre (1952) is appliechtoédxisting stratified random
sampling plan. For this a population is dividedoiht mutually exclusive and
exhaustive strata, and a ranked set sample (RS&) efements is quantified
within each stratumh =1, 2, ...,L. The sampling is performed independently
across the strata. Therefore, we can think of a R¥Sanked set stratified
sampling) scheme as a collection lof separate ranked set samples. Where
-1 N, =N is population size an@r-,;n, =n is sample size, then the
variance of the estimator of populatign,..,; based on Hansen and Hurwitz

(1946) is given by :
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?‘EI_E ?‘!il._ T

- ny o,z
= _ vL 1 1Y 2.2 . (Kp=1) 3 [EREpl, My
vV }’.:rssh}) - Zh=1 (T )phsﬁh + Zh=1 Wha — 3on2 (—'_‘

where,w,, = %,55,1 and5;,, are the mean squares of entire group and non-
Ny

response group respectively in th8 stratum and¥ is inverse ratio of sub-
sample among non-response.

Under ranked set, the variance of proportionalalion becomes :

n

'
= 1_ 1Y 22 . (my-1) , [ERI;E 2%
V[}Fl:rssh}]PA = E:{:j_ (; — E)ph.ﬁ"ﬂ,h + Zi:l I:zl-., WhEPE_SDhZ (#._:'. \

New allocation of sample sizes based on variousbamstions of non-response

rate, stratum size and non-response variances ualeed set sampling are given

below:
_ npp Wi
1- n, = 7—2
R Eh?’h':’vhz
rpy W g 5o
2- n, =—r—
Ty onWhe

2

_ mppS
3- my, 3L g
=i Wha

z
=_ "PhSomz
4 'ﬂ-h - - 51
W EL Fh-phz
hz =1 W,

z
_ _ mppWi §
S My = L Fhﬁ'hz

Whe 2 h=2 Whe

) _ mppWpo 55
6 My, ”’hngnh

PSR Wi

Putting the value aof;, in expression

n

’
- .'15 -]
= _ %L 1 1Y 2 3 ;,  (Ep—1) oz [ERIiiAM
}F(rj'j'i't])_zh=l(n?‘ H?‘)Pi'tal}h—i_ Li=1 - Wha— Sonz ’

the variances based on above six new allocatiolhsake the following form:
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where S;, is mean square of response gro§g,, is mean square of non-

response group angh = 1,2,3,4,5,6)
6.5 Numerical illustration

In order to investigate the efficiency of the estiors of rank set sampling
in situations of non response, while considering phoblems of new allocation,
apple data is considered. The data refers to WeRG0 orchards in metric tons
from block Lar of district Ganderbal. For the puspoof illustration, we have
randomly divided the 260 orchards into three atratnsisting of 73, 70, 97
orchards and a sample of size 50 orchards is t&@mple sizes among different

allocations along with stratum size and stratumavenes are given Table-24. A
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set size " =2 is choosen with different cycles under ranketi procedure given
in Table-25.

From Table-26, it is evident that under new allamaschemes, ranked set
sampling causes reduction in variances in caser@gpoense situations as
compared to stratified random sampling. Same isctise in Table-27, there is
reduction in variances with the increase in se¢ simong under different non-

response rates.

It is concluded from Tables-24-27 that under ddfer combinations of
non-responses rates and inverse ratio of sub-sammer non-response, new
allocation schemes depending upon the knowledgenfresponse rate, stratum
sizes and stratum variances among non-responsiuqaonore précised estimates
under ranked set sampling as compared to stctiiedom sampling, because of
the reason that ranked set stratified sampling coestithe variance reduction that
arises from stratifying the population with the re@sed precision ranked set
sampling holds over simple random sampling, also rdmked set samples are
more regularly spaced.

Table-24:  Summary statistics among different alloations along with
stratum size and stratum variance

Sample Sizes in different allocations

) Stratum oo
Stratum Size Stratum

O () M VaEe proporjona 12 3 4 5 6

0i o allocation S N S
1 73 22.11 6.89 15 1628 20 30 20 24
2 90 12.09 7.63 15 1410 10 10 12 8
3 97 7.62 4.14 20 2012 20 10 18 18
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Table-25:  Set sizes along with different cycles der RSS

Set size (m=2)

1 2 3 4 5 6

8 14 10 15 10 12
No of cycles in each strata 7 5 5 5 7 4

10 6 15 5 8 9
Table-26:  Comparison of variances of new allocatics under non-

response situations in case of ranked set stratifliesampling
and stratified simple random sampling

Allocations
FIEfrJJh:'J
vi¥,..] Allocations where
(h=1,2,3.4.58]
Proportional

Proportional

. o) i
n, m W, K, allocation 11.64 £ allocation under 8.02
o RSS
e
©
o "
15 8 22 1g ovatfied g, g 1 758
sampling b=
o
®
23 10 33 23 - 2 7.63
"
kS
30 12 44 2.5 = 3 7.44
&
4 7.13
4 7.54
6 7.34
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Table-27 :  Variances under different non-responseates

Non-response raté) M V(¥ires )
5 6.668
6 6.205
44
7 5.184
8 4.286
5 5.689
6 5.276
33
7 4.396
8 3.753
5 2.727
6 2.544
22
7 2.27
8 2.014
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Chapter -7
SUMMARY AND CONCLUSION

Cost-effective sampling methods are of major camcer statistics,
especially when the measurement of the charagtenstinterest is costly and
time consuming. Environmental monitoring and agsess, Forest surveys etc.;
require observational data as opposed to data naotaifrom controlled
experiments. Obtaining such data requires ideatibon of sample units to
represent the population of interest, followed ljestion of particular units to
quantify the desired characteristics. The most esipe part of this process is
laboratory analysis, while identification of potehtsample units is comparatively
simple. We can therefore achieve great observdtiec@nomy if we are able to
identify a large number of sample units to repredles population of interest, yet
only have to quantify a carefully selected subsa&amnprhis potential for
observational economy can be obtaineddmked set samplin(RSS). Mcintyre
(1952) developed the procedure of RSS to find axenefficient method to
estimate the yield of pastures.The present studybkan carried out on Pinus and
apple data. Numerical and graphical analysis oti®idata is carried out in R —
software, while the univariate study of Apple daacarried out in SAS. Also
regression analysis and Jacknifing of Pinus dataaiged out in SAS using the
function PROC REG and JACK REG With the help of R-software new
functions like drss(m,r),varwts(n,h),makeAlloc(n,m),ratio.

est(n,N(x,y)) were developed, which are simple to execute.

The present work consists of seven chapters. Chdips¢ deals with
complete introduction of rank set sampling andistorical background. Chapter
second contain an introduction to R and SAS softaialhe regression analysis,
correlation analysis and confidence interval areegiin numerical summary. In
graphic summary box plots, ggnorm plots are pravidend also four new

functions
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drss(m,r),varwts(n,h),makeAlloc(n,m),ratio.est(n,N( X,Y)

) have been developed and complete codes along ilitrations have been
given. Due effort is devoted to study importanteasp of rank set sampling. In
chapter three simple linear regression model amsidered with respect to
samples taken from the identified sampling techesquike simple random
sampling (SRS), systematic sampling (SYS) includiaigk set sampling (RSS),
also estimation of parameters of regression moddl regression estimates of
mean of response variable in context to rank sapsag is discussed. It is found
that the coefficient of determination obtained froegression model based on
rank set sample was higher than rest of two sampiohemes, also the
parameters of comparison like root mean square,grrealue and coefficient of
variation (CV), were much lower in rank set basegression model than others.
From density curves again the curves are more synuria case of rank set
sample as compared to SRS and SYS. Also from vedidéechnique (Jacknifing)
using the function JACKREG in SAS, there was cdesisy in the measure of R
Adj R* and RMSE in case of RSS as compared to SRS and SY® above
results occurred because rank set samples are neguérly spaced than those
obtained from SRS and SYS and therefore more reptatsve of the population.
Because of ranking the RSS procedure inducesfetasion at sample level which
involves the gained precision in this scheme. p@draour deals with the study of
rank set sampling under stratification. In this mlea rankedset sampling is
introducedwithin the framework ofstratfied sanpling. Rather tharsdecting a
simple random samplaithin each stratumas is done instratified simple
random sampling (SSRS), a ranlsstl sample wihin eachstratum is taken and
the resulting technique is known Ranked set stratified sampling (RSSS).
This sampling design combin#dse variance reduction that arises from stratifying
the population with the increased precision RSSIdhiaver SRSThe variable
used for ranking inthe RSS procedure is also ustu stratify the population.
From the simulation results it is concluded th&SRwhen used in place of SRS

in the final stage of stratified sampling, can pdevconsiderably more accurate
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estimates of population means. The increased jwacief an RSS estimator
makes the procedure worthwhile when ranking isxpeasive relative to the cost
of quantifying the variable of interest. Incorpamgt RSS into a stratified design
improves the estimates of all variables quantiilredhe survey as proved from
simulations.Chapter five is devoted to ratio estimation. RSShodology

is examined under ratio methadew ratio estimators for RSS are introduced
based on various combinations of known values ofliste Quartile deviation,
coefficient of Skewness, Kurtosis, and Correlatiooefficient of auxiliary
variable. Proposed ratio estimators under RSS prdagebe more efficient as
compared to ratio estimators under SRS. From thdteeit is concluded that the
efficiency of RSS estimators decreases as the latome coefficient decreases,
also the efficiency increases as the set sizes increasing. Utilizing the
knowledge of the deciles of the auxiliary varelll a gainin efficiency is
obtained in case of ratio estimators based on R$%8 wespect to SRS for
estimating the population mean of the variable mérestY. The bias of the
new/proposed estimators based on RSS is found tefyeless small. Modified
ratio estimators under RSS achieve a worthwhileicgdn in MSE over SRS. In
chapter six the problem of estimating the poputatitean under non responses is
studied under rank set sampling. The concept adrse/ratio of subsample under
non response and its combination with non-respoage is introduced in this
chapter. The introduction of this combinations pesvided a new way to tackle
the non-response in sample surveys under RSS. Neeation schemes are
proposed in order to study their effect on samphagiance. Basic method of
Non-Response estimation given by Hansen and Hur{&®26) is used in this
chapter. Results suggest that under different coatioins of non-responses rates
and inverse ratio of sub-sample under non-respone®, allocation schemes
depending upon the knowledge of non-response s&i@um sizes and stratum
variances among non-response produce more presigeates under ranked set
sampling as compared to stratified random sampbegause of the reason that
ranked set stratified sampling combines the vagamduction that arises from
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stratifying the population with the increased psean ranked set sampling holds
over simple random sampling, which is already pnoveChapter-4.

RSS procedures are more attractive than its copates as they increase
the efficiency of population mean. It has been ldsthhed that RSS has its
practical implications. It can be applied to analyata generated in a scientific
investigation. R and SAS software packages fatfta lot in implementation of
RSS methodology which is very informative and aggidie to sample surveys of
horticultural and forestry crops which lack a popampling frame. These
benefits of RSS need not be restricted to strdtii@mpling, replacing SRS with
RSS in the final stage of any survey design widagly improve the accuracy of

the estimators.
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