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bstract

}: some applications, it is cost efficient to sample data in more than one stage. In the Sfirst
stage. a simple random sample is drawn and then stratified accordingly to some easily
measured attributes. This project described four estimators for the treatment of samples
drawn without replacement when equal and unequal probabilities are considered. It also
compared their resulting standard error under sampling without replacement using data on
diabetic patients in Niger state for the years 2000, 2001, 2002 and 2003. The results were
obtained using a program written in Microsoft Visual C++ programming language. It was
observed that the two-stage sampling under unequal probabilities without replacement is
always better than the other three estimators considered.

Keywords: Unequal probability sampling, two-stage sampling, hansen-hurwitz estimator and

horvitz-thompson estimator.

Introduction

In designing a study, it can be advantageous
to sample units in more than one- stage. The
criteria for selecting a unit at a given stage
typically depend on attributes observed in the
previous stages. Some types of units may be
more informative than others, and it is better
to sample them at a higher rate. If it costs
little to determine the attributes that are
necessary to classify the units, it can be cost
efficient to stratify a large sample in stage
one and then in stage two to subsample the
strata at different rates (Chambers and
Dunstan, 1986).

In 'sampling extensive populations, primary
units that vary in size are encountered
frequently. Moreover, considerations of cost
often dictate the use of multistage sampling.
Suppose that each unit in the population can
be divided into a number of smaller units, or
subunits. A sample of n units has been
selected. If subunits within a selected unit

give similar results, it ssems uneconomical to
measure them all (Cochran, 1977).

A common practice according to Durbin
(1953) and Thompson (1992) is to select and
measure a sample of the subunits in any
chosen unit. This technique is called
subsampling, since the unit is not measured
completely but is itself sampled. Another
name, due to Mahalanobis, is two-stage
sampling, because the sample is taken in two
steps. The first is to select a sample of units,
often called the primary units, and the second
is to select a sample of second stage units or
subunits from each chosen primary unit.
Subsampling has a great variety of
applications, which go far beyond the
immediate scope of sample surveys.
Whenever any process involves chemical,
physical or biological tests that can be
performed on a small amount of material. it
is likely to be drawn as a subsample from a
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larger amount that is itself a sample (Sarnda
and Wright, 1992).

Rao e al (1990) and Rao (1998) opined tga;
some concentrated effort is required in or .‘:f
to obtain a good working kno:w]cdge 0

multistage sampling when the un|t§ vary In
size, because the technique is ﬂex1ble.. .T_he
units may be either with equal prob.ablhtles
or with probabilities proportional to size or to
some estimate of size. Various rules can be
devised to determine the sampling and
subsampling fractions, and various methods
of estimation are available, The advantages
of the different methods depend on the nature
of the population, on the field costs, and on
the supplementary data that are at our
disposal.

A common study design in health services
research is the multistage cluster sample
(Chambers et al, 1992) to abstract data from
medical records. The typical example would
be the sampling of physicians associated with
those practices, followed by the sampling of
patients treated by the sampled physicians,
The sampling plan for the study must address
which practices, physicians and patients to
select. The ultimate

patients,
Process and the costs of access to medical
records compel following the hierarchy of
the service delivery system to the patient.

John and Steven (2003) considered the
simple and common  two-stage problem of
sampling patients within physician practices
to estimate 3 Population average or total, The
reference design  would be to sample
Practices proportiona] to size and then take

practice Up to the budget Constraint, Thjg
des;gn Minimizes the design effect (the
design effect specifies the Jogg or the gain in

Precision of , design relative t¢o simple

Study objectiye

. jective of this research work g
;?ec(;?narzgrgb%our different estimators W'}t‘-n
data arise from one-stage or two-stage df’?‘_gn
with equal or u_nequal pr'obab:htues
(probabilities propo’rtlonal to size, PPS)
under sampling WlthOl.lt repla.lc.ement. It
considers the study dgsngn decisions whep,
sampling patients within health plans/healt,

centers.
Type and source of data

The data used in this research work is' of
secondary type and was collected tjrom Niger
State Ministry of Health, Minna. We
constructed a sample frame from all Lo<‘:a]
Government Areas in Niger State with
diabetic patients.

Estimation of Population total

In a one-stage design such as cluster
sampling, the variability of the estimator
occurs because different samples of primary
units  will give different values of the
estimate, With two-stage designs, the
estimator has variability even for g given
selection of primary units, because different
subsamples of secondary units will give rise
to different values of the estimator, Let N
denote the number of primary units i the

units in the

N
Population is ps = ZM s « Lt Y, denote the
=]

M,
Y, = Z Yy - The Population tota] is
j=l

N
2

1
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that the population was stratified

into L independent strata, indexed by s = 1,2,
L and that the members of the sth stratum

was grouped into Nh primary Sampling
unit’s (PSU’s), indexed by i =1,2,..., N, and

Suppose

Table 1: Symbols for two-stage clustered sample data.

the ith PSU included N ,, members, indexed
by j = 1,2,..., N,,. The corresponding

symbols for sample are denoted by the lower
case n with the same subscripts as shown in
table below.

Population Sample
e .
One-stage Unit N, n,
Two-stage Unit N,, n,
One-stage index i=12,...N, i=1,2,...,0,
Two-stage index J=12: N5 § = T2t
Total Y, ]
N= >» N, n= ) ny,
i=1 i=1
Cell Count % B e B B
Y = . Y= .
Cell PI'OPOITiOIl i=l j=1 o i=1 j=1 Vi
r Y
N J—
n

Also, table 2 below shows the variances for the four estimators under sampling without

replacement.

Table 2: Variances for the Estimated Population Total.

Variances for the Estimators

Equal Probabili : y

q 1 lty V( Y - ) V( Y 2ewor)
Unequal Probability V(Y ,..) V(Y o)
Methodology

Primary units selected using equal probabilities without replacement

When primary units are selected by simple rando

unbiased estimator of the population total is

m sampling without replacement, an

25
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N N n
Yiewor= — Zy,

n = . )
The variance of this estimator 15

2
o-u

V(;,lewar)': N(N—n) n

where o is the

gr= 1
N-1

i=1

An unbiased estimate of the variance is
2

P (Yieww) = NN —11) 2=
n

8 ww.transcampus.org./jomnais, www.ajol.in:

finite population variance of the primary unit to

N ) 1 =_Li
Z(yi_-ul) and 4, N & Yi
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tals,

where s is the sample variance of the primary unit totals,

2
su

IR PR <
n_lg(y, y)* and y ngy,-

Primary units selected using unequal

probabilities without replacement
Suppose that two units are to be drawn from

a stratum. The first unit is drawn with
probabilities p,, proportional to some
measure of size. Let the ith unit be selected.
If we follow the most natural method, at the
second draw one of remaining units is
selected with assigned probabilities
p, /(- p,). Hence the total probability I,

that the ith unit will be selected at either the
first or the second draw is

I, = p,(1+4-72)
N

where A= Z P,
J= (I_Pj)

Also, the probability IT, that units i and j

are in the sample is
1

Il,= p,p, &2
j pp,(]_p,_ 1-p,)
N N N 1
D I,=(n-DI, and Y Y11, = Fnn=D.
J#i il j>i
These give
N

An unbiased estimator of the population
total under sampling without replacement
with probabilities proportional to size, based
on the Horvitz and Thompson (1952), is

A n y.
Y vawor = —
1 ;Hi

5
Let P(s)denote the probability of a sample

consisting of nspecified units. Then II =
D" P(s)over all samples containing the ith
and jth units, and II, = ZP(s)ovcr all
samples containing the ith unit. When we
take Zl’[,j for j=#i, every P(s)for a

sample containing the ith unit is counted
(n—1)times in the sum, since there are

(n—1)other values of jin the sample.

Y I0,= n,

Consequently,

Z(H‘J _Hjnj)= (n—l)H,. —ni(n_"ni)z —Hi(]'—n')

J#i

Thus, the variance of ¥ 1w is given as:
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¥ Yy
V(¥ ) = ZZ(HH 11, (2 2Lyt )
=l j>i H n
An unbiased sample estimator of V' ( Y luwor) is given as:
7

V(Ylmmr) "ZZ(HH ny)(n l_I )2

i=1 j>i

Provided that none of the IT; in populatlon vanishes.

Variances for various designs in two-stage
Units selected with equal probabilities

sampling without replacement
The m, sample subunits in the ith unit are

chosen by simple random sampling. The
unbiased estimator of the population total is:
n m M
Z— 8
i=1 j=1

J'

A

! =

Y 2ewor =

The variance of Y 2evor @S given by Okafor (2002) is:
201 _ N 201
N°( f)S,2+ EZM’ d fZE)S:‘_

V(YZewar)=
n = m,
1 & - 1 & — n m,
here S7= — LS (¥ —T7)?, §3= ——3 (%, ~T)*, fi=— and f,= —L
where S, Z(, ) —1.1( A N Ja M,

a2 2

Suppose that we have an unbiased estimate S of the second-stage variance Swi of Y and an

a2 2
unbiased sample estimateSi of Si from one-stage sampling. Then, an unbiased sample

estimator of ¥ ( ¥ zewor ) iS:

A A 2 a2
V(Y2ewor)—lv—g——m M (I .le Sw 10
n n g m'-
A2
where Sl—rZ(y, y) S“’:—_Z(yy y;) f;"—and Ju= .

27
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of sclectmg the ith first samphng niy
Iy

pabilities cach selected first sampling, . .
i Q()nd

ith unequal P
s are selected frop, My

Units selected W
without replacement be selected O gampling unit

Let nfirst sampling units . ilty )
1 .

the total populatlon Nby Ppro ¥ B simple random sampling “"thom

proportional to size. Let T1,be the Pmbab‘hty replacement,

The estimator of the population total 15
"y 11
Y2vwor = —
=g B9
where IT, = p, (1t A-——E'-—
1-p
where A= i
S (1-p)
Also, the probability IT, that units i and j are in the sample is
1
I1,= p,p, +
’ 1-p, 1-p;
The variance of Y 2me as given by Thompson (1 992) is:
M 1- S
V(Y 2or ) = ZZ(HH H,j)( )+Z ( fz') 12
i=l j>i i=1
where 3= 31 (¢, =T and /= 7L
Its unbiased samp!e estimator is !
A2
V(YZuwar) g;(nn Hy)(yi yJ )2+ ZM (l ézl)Swr 13
=l m i i

a2

1
threS‘u —— 2 f
. Z( Y,—) and f, = —_

i i=]
i

Provided that none of the I1; in population vanishes.

Estimated standard errors . igrob‘Oﬁ
The results i qumputer program wittelt b "\
In tables 3 — 6 below for standard G;i‘ﬁ)l d (2:'*‘+ Programmlng
ard, 2000).

CITOTS were  obtained with e help of
0

Table 3: Standard Egy
ors for th .
© estimated population totals using data in year 2000-

St
andard crrors for the €stimates
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Equal Probability

Unequal Probability

21561

19401

14425

13567

Table 4: Standard errors for the estimated population totals using data in year 2001.

B Standard Errors for the estimates
Equal Probability 25057 24106
Unequal Probability | 24553 23538

Table 5: Standard errors for the estimated population totals using data in year 2002.

Standard Errors for the estimates

Equal Probability

Unequal Probability

34189

32371

31963

31456

Table 6: Standard errors for the estimated population totals using data in year 2003.

Standard Errors for the estimates

Equal Probability 30438 29699
Unequal Probability | 30303 29642
Findings an  empirical

The quantity under estimate is the total

number of diabetics’

government areas in Niger state for years
2000, 2001, 2002 and 2003. The standard

patients by local

29

error of the estimate was investigated using
method with  different
estimators under one-stage sampling and
two-stage sampling. Both tables 3 - 6 show
that the standard error in the case of sampling
under unequal probability is less than the
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ling under equel

standard error of samp

nt.
probability without replaceme
Discussion .
indi
ted in tables 3 - 6 In e
tut subsantal ons in the stan

i ducti of
that substantial re bough the use
error can be obtained t ghforfeiting e

unequal probabilities without g standar
unbiased estimate of the samp

i i tter
error. Two-stage sampling also g“:]fe-bs:a -
estimation ~ compared with
sampling.

Conclusion and recommendations

It was observed that two-stage san*fpllng
under unequal  probabilities  without
replacement is always better. .When an
unbiased estimator of high precision and an
unbiased sample estimate of its standard
error are required, the sampling system
employing unequal probabilities at (?ach
stage of sampling is particularly appropriate.
The ultimate aim of this study as stated
earlier is to compare different estimators
when data arise from one-stage or two-stage
with equal or unequal probabilities
(probabilities proportional to size, PPS)

under  sampling without replacement.
Importantly, two-stage sampling under
unequal probabilities (probabilities
proportional to  size, PPS)  without
replacement was found to be the most
efficient.
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