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Abstract

Simple random sampling with or without replacement is the easiest to analyze using
standard software, such as SAS, SPSS, Minitab, etrc. Better population estimates can
be obtained through more comﬁlex sampling designs, but this introduces analysis issues.
For example, regression is very straightforward with simple random sampling, but this is
not always the case when more complicated sampling designs are used, such as adaptive
cluster sampling. A serious concern with regression estimates introduced with many
complicated designs is lack of independence, a necessary assumption. This paper covers
an effective manner to analyze data collected from adaptive cluster sampling designs

using standard software. Also, included is sample SAS code.
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1 Introduction

First proposed by Thompson [1], Adaptive Cluster Sampling (ACS) has been widely
used in different disciplines, such as Ecological science (e.g. [2], [3], [4]), Environmental
science (e.g. (5], [6]), Geographical [7], and Social science [8], because of its advanta-
geous, because of its advantageous practical flexibility as well as the ability to provide a
more meaningful sample and more efficient estimate of the population parameter of in-
terest. Associated with different initial sampling designs, various ACS designs have been
proposed during the last 15 years (e.g. [9], [10], [11] ). The advantages of ACS can be
considerable especially for rare and clustered populations, xlivith which the conventional

sampling methods often fail to provide efficient inference.

Unlike the conventional sampling designs, in which the sampling selection is inde-
pendent from the observed values of population variable of interest, ACS is an untradi-
tional data-driven sampling selection procedure. Consequently, it requires extra care to
establish the related statistical inference. For professionals from disciplines other than
statistics, standard softwares such as SAS, SPSS might be the only option for them to
analyze their survey data. Most, standard software packages, however, generally require
the assumption of a simple random sample to perform the analysis without program-
ming. Analyzing the data obtained from complex sampling designs can be complicated,
but analyzing it in the same manner as a sample obtained from simple random sampling
can lead to very biased estimates. The ultimate purpose of the user-friendly interface
provided by the standard packages will then be totally nullified if the data is collected

by some complex/unconventional sampling methods.

For example, when auxiliary information is available in the survey data, often one
would like to use ratio or regression estimation to construct the related inference of the
population quantity of interest. Though design-hiased, the ratio or regression estimators
are often found to be more favorable with smaller mean square error. They also can
provide better estimation results in ACS ([12], [18]). With standard statistical softwares
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and a simple random sample, the ratio/regression estima,t:or can be carried out straight-
forwardly since it is equivalent to the least square estimator in simple linear regression
with or without intercept. When the data is collected under some ACS designs, how-
ever, the calculation of an associated ratio/regression estimators might cause certain
difficulty for professionals who are familial to the standard statistical packages only. It
might lead to unnecessary hesitance to make use of ACS in their surveys. In this paper,
how to carry out the related estimates under ACS using SAS, which might be the most
commonly used standard statistical software package, is described. It is expected to be
helpful for professionals from other disciplines to better understand ACS, and motivate

them to use it in their future research.

In Section 2, the sampling procedure of an ACS with a simple random sampling
without replacement as the initial design is described. For understanding of associated
SAS code to analyze the data obtained by ACS, certain funclamenltals behind ACS will
be useful. For example. how to relate ACS to the usual conventional equal probability
sampling is explained in Section 3 using real data. In Section 4, sample SAS code
which can appropriately calculate the associated estimators under ACS is introduced.
The SAS code can be extended to ACS with other initial sampling designs with minor

modifications. Some final comments are given in Section 5.

2 Adaptive Cluster Sampling Design

In adaptive cluster sampling an initial sample of units can be selected by different types
of conventional probability sampling. For this paper only adaptive cluster sampling in
which an initial simple random sample is taken without replacement will be covered
(1]. Whenever the variable of interest for a unit in the sample satisfies a pre-specified
condition. linked units are added to the sample and this procedure continues until no
more units are found that meet the pre-specified condition. The way in which units
can be considered to be linked is very flexible. The main restriction is that if unit 7 is

considered linked to unit j then unit j is considered linked to unit 4. In adaptive cluster
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sampling a network is comprised of all linked units that meet the pre-specified condition.
Units that are linked to a network but do not meet the condition are called edge units.
A network together with its associated edge units form a cluster, thus the name adaptive
cluster sampling. Due to the way in which the sample is obtained the final number of
units and networks that will be in the sample is unknown prior to sampling and the
standard sample mean, § is biased. A typical design unbiased estimator used to analyze
data from an adaptive cluster sample has the form of the Hansen-Hurwitz estimator
[14]. Edge units are only included in the estimate when using the standard Hansen-
Hurwitz estimator if they were sampled in the initial sample. In addition, adaptive
cluster can also be analyzed using a Horvitz-Thompson type estimator [14]. This paper
focuses on ease of analysis using standard software and for this reason only the standard

Hansen-Hurwitz type estimator will be covered.

2.1 Technical Notation

As in the typical finite population sampling situation, the population is considered to

consist of NV units labelled 1,2, .., N. Let y denote the primary variable of interest and

z the auxiliary variable.

Let ¥; denote the network that includes unit 7. Let m; denote the number of units

- in that network. Let w,; denote the average z-value in U;, that is w,; = m_l_ Zje\ln Tj.

Let wy; denote the average y-value in \;, that is wy; = L > ;ew, Y- An unbiased

 estimator of the population mean, u,, and its variance for adaptive cluster sampling

(14] are gy = %ZLI wy; and var(fy) = %(;1_“1_)2?;1(?“11'5 — w)? respectively. An

unbiased estimator for the variance of fi, is Tar(f,) = ﬁ—;f—n D (e =2
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3 Transformed Finite Population Approach

3.1 Univariate Case

The estimator /i, can be thought of as the sample mean via simple random sampling
without replacement from a transformed population consisting of the average of y;-values
for each network as opposed to the y;-values themselves. Then the expression for the
variance and estimator of the variance follows from classical simple random sampling -
([14], p304). Two populations of teal data will be used to illustrate the later concept.

The condition to adaptively add units is if ; > 1.

Table 1: Blue-winged teal data [5]

(OFE SOl s EL e (0] (e (DL RERTD) 0 0
00 G 24t = B0 010 103 0
OiE0F S0 D 2 -8 ue DI a0l 3 639 1
(OISRl MU O 0) it ) 14 122
D00 ORs e D B8 7 a0 0 1T
Table 2: Green-winged teal data x [5]

O 0FADENEE 02000 0 0

(0) (A E S0} (8 S P Bl e 75 0

0} 10000 O D D S22 5E R i3

OFs05 08 R0 0 2R =20 0 0

(e Dl TR 0] S R 0 e D) 0 24
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Table 3: Transformed blue-winged teal data, wy.

0.0 3 5 4050 L0 0 0
0 00 24 a0 0 E3438195 3438950 L 150
00 Difo b a0 0T E3dakos dsdaRios
0 0 0fedoig 90 14 122
i e e e e

Table 4: Transformed green-winged teal data, w..

(0% 00002 R0 0 0 0 0
[MORZ0H0 ¢ 0 0 5945 5945 O

0505000220 540 0 594.5 594.5
D000 R0 20 0 0 0

(O U U 0 e 0 24

An adaptive cluster sample with an initial simple random sample, or a specific type of
network sample, which will be discussed in further detail later, taken from the population
in Table 1 adaptively adding units according to the population in Table 2 can be thought
of as a simple random sample taken from the transformed population in Table 3. Thus

15on :
o Dim1 Wyi taken

"

fi, from an original transformed population can be thought of as w, =
wich a sample random sample. They are both unbiased estimators for the untransformed

population in Table 1.

3.2 Multivariate Case: Regression Estimator

To perform something such as regression on data from an adaptive cluster sample can

be very complicated, but to do regression on the transformed data, Table 3 and Table

4, and treating the data as if it were taken from a simple random sample, can be done

rJ
f=)
wn
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by any standard software package with minimal additional work. An example is simple
linear regression, where wy; = Bow + BruWzi + €. An estimate for fo, and [, can be

derivéd in the typical manner for ordinary least squares (OLS) by minimizing the sum

: 2 b = - " (wai =) (wy: =y
of squared error. Thus Bo, = @y — Brw X Wa and fiw = Z?‘: LT

i=1

(wai —102)?

4 Sample SAS Code

The follovu'ring is sample SAS code to calculate the f, and 2. and their associated
standard deviations for an adaptive cluster sample when an initial sample is a simple
random sample taken without replacement. In addition, is code to calculate regression
estimates on the transformed populations of ¥ and .:1:. From this' code it can be seen
how to caleulate estimates without complicated code. The data needed are unit labels
(ulabel), network label (nlabel), z;-value (xivalue); and yi-valué (yivalue). As you can

see from the code the unit labels are not truly needed for calculations but it is highly

recommended to have in your data always.

data acsl; x1% enter the data;
input ulabel nlabel xivalue yivalue @@;

cards;

1100

2200

335307

4347

proc sort data=acsl; +27¢ sort by network label;
by nlabel;
proc means data=acsl noprint; #37% solve for wy; and We:;
by nlabel;

output out=acsn(drop=templ _type. )
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mean=templ wxivalue wyivalue;

proc means data=acsn; #1t" solve for fiy and fi;

var wyivalue wxivalue: *and their standard deviations.;
proc reg data=acsn; #5'" and final step;

model wyivalue=wxivalue: j *perform regression:

run; *on the transformed population.;

5 Final Comments

[u Section 3.1 methodology to estimate and understand a standard ACS univariate
estimator ol the population mean isvpmposed. A short coming of the approach recom-
mended in Section 3.2 used for handling the multivariate case uﬁlike in the univariate
case is that the findings relate directly to the transformed population and not
the original populations. Depending on your objectives though this can be greatly
helpful. For example, since the population totals and population means are the same

for the transformed and untransformed populations the results are directly applicable.
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