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Chapter 1

Introduction

Variance estimation in survey sampling is of major importance. It gives information on the
accuracy of the estimators and allows to build confidence intervals. This report intends to make
a review of the major techniques used to derive estimators of the variance of an estimated
parameter of interest ¢ in the framework of survey sampling. Sirndal, Swensson & Wretman
(1989) state that a variance estimator V (£) should accomplish at the same time all the following
requests: it must have good properties with respect to the sampling design, a simple form and
applicability in general. If a system of auxiliary information exists, then it would be advisable
that the derived estimator would have good properties with respect to a regression model,
including applicability to any linear regression model. At the same time, the variance estimator
must have such a form that it can be implemented into a computer software. The principal
concern is that such a variance estimator would be able to lead to valid confidence interval for
the estimated parameter of study:
f+z1_s (V (D)2

There are two main directions for deriving a valid quantity for the unknown variance V (#):
(a) find an unbiased estimator for the variance when we can calculate it,
(b) find a consistent estimator for the approximative variance.

The choice between the two possibilities depends on the particular features of the survey
sampling and on the quantity to be estimated.

There are situations when the minimal value of the variance is desired. Godambe (1955)
shows that there exists no linear estimator for the population total with uniformly minimum
variance but in more restrictive classes of estimators and certain designs or under a model of
superpopulation, we can derive such estimators. An example is the optimum regression esti-
mator obtained by Montanari (1987); unfortunately, it is more of theoretical interest since the
obtained value of the optimal variance depends on all the values of the variable of study which
are unknown and thus it can not be calculated explicitly in practice. Problems of this kind are
discussed in more details in Cassel et al. 1977, ch 3.

Chapter 2 deals with the estimation of the fundamental quantities in survey sampling, the
total and the mean of a finite population for simple plans with equal probabilities. The Horvitz-
Thompson (H-T) estimator is introduced and a general unbiased variance estimator is derived.
For the most usual survey designs, we give the precise expressions of the H-T estimator as well as
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of the variance estimator. Except in a few cases, this general variance estimator has a complicate
expression and it is hard to calculate. This is mainly due to the evaluation of a double sum and
to the difficulty of calculating the probabilities of inclusion of second order.

Chapter 3 deals with stratified sampling design and chapter 4 with plans proportional to
size. We treat in chapter 5 the multi-stage sampling design with application to two-stage and
cluster designs.

In chapter 6, we propose to extend the derivation of a variance estimator when the parameter
of interest has a complex form (e.g. non-linear statistics). This will be done with the help of
the Taylor expansion. After a presentation of the theoretical results, the technique is used to
derive the variance estimator for the ratio estimator, for the mean of the population and for the
coefficient of multiple regression.

In the above chapters, no appeal to the auxiliary information was done. Or, it is well-known
that the good use of it improves the results. Chapter 7 deals with ways of incorporating auxiliary
information in estimating totals and means. We present the calibration technique proposed by
Deville & Sarndal (1992) and Deville (2000) and the superpopulation approach. This approach
introduces a new structure for our population. Until now, chapter 2-6, we derived results within
the context of the fized population approach (Cassel et al. 1977) namely each population unit is
associated with a fixed and unknown real number which is the value of the variable of interest.
For the superpopulation approach, each population unit will be the outcome of a random variable
for which a stochastic structure is specified.

Notations

Let us consider a finite population &/ composed of N elements
U={uy,...,ug,...,un} ={1,...,k,...,N}

where for simplicity, we identify the k-th element of U denoted by uj with its label k. We will
consider in the next that our population is such that each unit u; can be spotted in a unique
way by its label, k. This means that the units have the property of identifiability (Cassel et al
1977).

Let consider ), a variable of interest for which the value for the k-th unit, denoted by yy, is
unknown. We designate by y = (y1,...,yn) the parameter of the finite population and any real
function of it is called a parametric function. The goal of a survey sampling is to make inference
about a parametric function such as the total or the mean for example, but more complicated
functions may be of interest (the mode, various population quantiles, the population variance).

In the case of a survey sampling, the inference is based on information obtained only from a part
of U, called sample, obtained from U by a probabilistic selection scheme. More precisely, let S
be the set of all possible subsets s of U, s C P(U). There are 2V possible subsets, considering
the empty set and the whole population U; a sample s is an element of S. Given U, let p(s) be
the probability of selecting s € S. In other words, the function p(s) which is called the sampling
design satisfies the following conditions:

1. p(s) >0forallse S



2. Y esp(s) =1

In the present work, we will deal only with noninformative designs, namely with designs for
which the function p(-) does not depend on the values of ). For this situation, Basu (1958)
shows that it is sufficient to consider only the distinct elements of the sample.

We note by ns the sample size, namely the number of elements of s; depending on the chosen
scheme, ns; may be fixed or not for all the samples s € S.

We denote by Iy = 1eq) for all k € U the sample membership indicator (Sarndal et al 1992).
The random variable I is a Bernoulli variable indicating if the unit k£ belongs or not to the
sample.

Supposing that a sampling design has been fixed, the probabilities of inclusion are defined as
follows :

1. mp, the first order inclusion probability, is the probability that the element k will be in-
cluded in a sample . For all k € U, 7, = > ;. p(s).

2. mp, the second order inclusion probability, is the probability that the elements k and [ will
be included in a sample. For all k,l € U, T = > 5101 P(5)-

Result 1 : For a given sampling design p(-), the functions I, have the following properties:

1. E(Iy) = m,

2. V(1) = m(1 — mg),

3. Cov (Ik,fl) = Mgl — LT, k #l

forall k1 elU.

Proof : The proof relies on the fact that I is a Bernoulli variable of parameter 7. It results
immediately that E(I;) = m, and V (I) = 7, (1 — 7). For the last point, we have,

Cov (Iy, ) = E(IxDy) — E(Iy) E(L;) = mp — mim.

Consequence 1 : If the design p(s) has a fized size, then
1. ZL{ T =N
2. D pm 2T =n(n —1)

3. Eleu,l;ﬁk Tkl -
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Proof Since we deal with a fixed sample size, E(n;) = n and V(ns) = 0 with ng = >, I1,. It
results for (1) that F(ng) =), 7 =n.
2)

V(ng) = ZV L)+ > > Cov (I, 1)

k£l

= Zﬂk 1 —7g) +ZZ (T — )

kAL

- zwwzzm S

k£l

= 1—n —i—ZZWkl—O

k£l

which implies that > >, m = n(n — 1).
3) We have

Z Tkl = Ik Z [l Ik n—Ik))

leU Ik lEU Ik
= nE(Iy) — BE(I}) = nmy — m, = (n — D)y,

For the simplicity of notation, we introduce the A-quantities (Sdrndal et al 1992):
App = T — T
Ay = A/
for all k,l e U.

We suppose from now on that m, > 0 for all k& € U/, namely that each unit in the population has
a chance to be in the sample.

1.1 The Horvitz-Thompson estimator

We consider the class of linear estimators and among these estimators we take the one proposed
by Horvitz-Thompson (1952). This estimator is sometimes called the m estimator for the total
of ) because the probabilities of first degree appear in its formula:

s Uk
tr = ES - (1.1)
We give now the most important result of this section.

Result 2 (Horvitz-Thompson 1952). The 7 estimator for the total of Y, tr, has the following
properties:

1. t, is unbiased for t = > u Yk
2. The variance of t; has the expression :

u u
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3. If myy > 0 for all k&l € U, an unbiased estimator for V(i) is :
Yy AL
e
Proof : The proof relies on the identities:
Yk Yk
Ik _ Jk 1
2w = 2w
Z 2 B yfk k)

and on the fact that the membership indicators satisfy E(I;) = m, and Cov(Iy, I;) = Ay for all
k,leU.

[

Remark 1 : The H-T estimator is the only unbiased homogeneous linear estimator whose
weights do not depend on the sample.

Remark 2 : The variance of tr can be written as a quadratic form as follows:

where A = ( Al Jkicu and y= (y1,...,yn) the parameter vector.

Ly

For a sampling design of fixed size, ng = n, equivalent formulas can be deduced for the variance
and variance estimator of ., as obtained by Yates and Grundy (1953) and Sen (1953).

Result 3 (Yates-Grundy-Sen 1953). If p(s) > 0 is of fived size, then V(i) and V(i) have the
equivalent expressions:

2
1 v ZZAM (- 2)

2. If mpp >0 for all k,l € U,

2
Ye Yl
SEEYH W EELY
Proof : We use Consequence 1. More exactly,
2
Yk Y1 Y Y Ui
= A== — A 2E = A
DIVETS S SIVE B et
u u u
2 2
since > >, Akl% =>u % > u Ak = 0 by Consequence 1. O
k k

Remark 3 The YGS variance estimator is not necessarily equal to the HT variance estimator.

Definition 1 The coefficient of variation of an estimator 0 is given by

(9).

<)

cve(f) =

>
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Chapter 2
Equal sampling designs

In this section we describe the properties of estimators of finite population totals,
ty= Uk
u

under equal sampling designs. In chapter 2-6, we place in the context of the fixed population
approach so the only randomness is the sampling design, p(-). As a result, the definitions of the
expectation, variance and mean square error of an estimator () for ¢, can be formulated for a
given design p(s). For example,

E(Q)=> p(s)Q(s).

seS

2.1 Sampling without replacement (SI)

We start with the simplest and most used sampling design, the simple random sampling with-
out replacement (SI). We select with equal probability a first element from the population; this
element will be kept away during the following selections. Next, we select with equal probabil-
ity another element among the N — 1 remaining units of the population and we continue the
selection in the same way until the sample has n elements. There are Cy; samples of size n and
1
the sampling design has the following expression p(s) = ———— if the the sample s is of size
N

n and zero otherwise. The inclusion probabilities of first and second degree are 7 = % and
-1 _
Mg = n(n ) . The A-quantities are Ay = _f](\L{) for any k #1 and f =n/N.

N(N - 1)

There are several ways to implement a SI sampling. The one described above is called the
draw-sequential scheme. For a large population of elements stored sequentially, the following
list-sequential scheme is more recommended.

List-sequential schemes

1. We consider a uniform random variable ¢ ~ Unif(0,1) and take independent realizations
of it. The SI sample of size n is obtained as follows :

11
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(a) If e1 <m/N then k =1 is selected; otherwise not.

(b) We repeat the operation for k = 2,3, ... Let nj be the number of elements selected
after k — 1 steps. If e, < mr5 +7 then k is selected, otherwise not.
The procedure stops when n; = n.

This scheme proposed by Fan, Muller and Rezucha (1962) can be shown to conform to the
definition of the SI design. Nevertheless, this scheme requires that the population size is

known.

2. Yet another implementation of the SI design is by the following scheme which has the
advantage that it permits a simultaneous selection of several nonoverlapping SI samples.
The scheme proposes that N independent Unif(0,1) random numbers €1, ...,en are first
drawn and then ordered according to size. Now, the n smallest e-values correspond to the
sample.

From Result 2, we have :

Result 4 : Under a samplmg SI, the w-estimator for the population total becomes

1 tns = NG, = 5 =S
s

. 1-
2. The variance has the expression Vsy(t;) = N> fS
3. An unbiased estimator of the variance is given by
~ 1— f
VS[( ) N? ys?

where f = —,
1
2 _ E = \2

with Yoy = N71Y" yr and

1
2 = \2
Sys_n_lg(yk_ys)v

fO']ﬂ gs = n_l ZS yk:

Proof 2). The SI sampling is of fixed size, so we can use the Yates-Grundy-Sen variance formula

(result 3) with Ay = —% for any k # [. We obtain
- 1 fa—-1J)
Vsi(tz) = SN=1)f? EU: EU:(yk — )
_ vl

since 35 >y (yk — wi)? = N(N — 1)S§U'
3). A similar derivation using the Yates-Grundy-Sen variance estimator gives Vs (f,) = N2

[

1- f
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Remark 4 The ratio f =n/N is called the sampling rate and the difference 1 — f the finite
population correction. We make this correction because with small populations the greater f,
the more information we have about the population and thus the smaller the variance. For most
samples from large populations, the finite population correction is approzimately 1.

N
Remark 5 : For SI we have (A )ricv = k(In — P) with k = f(1 — f)ﬁ, Iy is the

identity matriz with dimension N and P = NlNllN. The variance has the expression Vg =
N 1-

lefy(IN — P)y'. As a consequence, det (Ag;) =0 and the variance will be minimized

for all vector y = ¢ 1’y with ¢ a real constant.

Remark 6 The mean Gy = >y yr/N with N known is estimated unbiasedly by dividing by N
the m-estimator of the population total from the above result,

yu—zyk:?

In this case, the m-estimator coincides with the sample mean which is the most used estimator
in classical inferential statistics. To obtain the variance and the variance estimator, we have
only to divide by N? the corresponding expressions from result 4, namely

—f

= 1— f S50
Vs1(y) = ngu, Vs1(Uy) = 7555.

Remark 7 Result 4 gives us that the variance ‘A/S](fﬂ) is not large if

1. the sample size n is large. For large populations, it is n and not the percentage of the
population sampled, that determines the precision of the estimator : a sample of size 100
from a population of size N = 100.000 has almost the same precision as a sample of size
100 from a 100 millions population units:

99.900 $?  §2

2

— N=1
100000100 — 100209 Jor 00.000

V(Ny;) =

99.999.900 52 52
N2 ZZPRTU D 2 g 999999 N = 100.000.000
100.000.000 100 100 for

V(Ny,) =
2. the sampling rate f =n/N is large;

3. the variance S? o 1s little.

2.1.1 Estimation of a proportion

We are interested in estimating the proportion P of individuals from the finite population with
an attribute A using a SI sampling design. First of all, we write the proportion P as a finite
population mean of the variable ) defined as follows

{ 1 ifk has A
Y =

0 elsewhere
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We have P = Z%yk estimated unbiasedly by

23 Yk

Psr =
with variance - N
» _ - 2 2 _
V(PS[) = Tsyu, where Syu = mp(l — P)
estimated unbiasedly by
S 1—f o 2 n - 5
V(Psy) = TSyS, where Sy = — 1PSI(1 — Psjp).
Let us prove that SSL{ = &5 P(1 — P). We have
2 1 — 2 1 2 2
Sy = mZ(yk—yu) = ﬁZ(yk_2Pyk+P )
u u

1 N
= — —2P NP?) = ——P(1-P).
N_l(zu:yk zu:ywr )=~ )

We prove in the same way the formula for Sgs. When N/(N —1) ~ 1, V(Pg;) ~ %P(l — P).

Confidence interval for the finite population total, mean and proportion

Hajek (1960) proves a central limit theorem for simple random sampling without replacement.
Under certain technical conditions,we have

Vs —Yu_ ~ N(0,1).
V %Syu

A large-sample 100(1 — a)% confidence interval for the population mean is

1-— 1—
[@s - ZQ/Q\/TSyL{,yS + ZQ/Q\/TS:,JU]

where 2,5 is the (1 — «/2)th percentile of the standard normal distribution. Usually, Sy is
unknown and is replaced with the sample estimate Sys. If n/N ~ 0, the confidence interval is
the same as the one used in inferential statistics.

One can remark that the length of the above confidence interval is a multiple of n~1/2 so, for fixed
variance, large sample sizes entails smaller confidence interval. We can see possible consequences
of different sample sizes. Figure () shows the value of 1.96 - s/y/n for a range of sample sizes
between 50 and 700 and for two possibles values of the standard deviation s, s = 500000 and
s = 700000. The plot shows that if we ignore the finite population correction and s = 500000, a
sample of size 300 will give a margin of error of about 60000.

Computation of minimal sample size for having a given precision

We consider the case of a proportion P. Under the normality assumption, the confidence interval
for the proportion P is

IC,(P) = [Psy — za/z\/@, Psr + 2a/2\/ V(Ps1))-
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We want to find the minimal sample size n such that P should be estimated with a given
precision e, namely

Za/2 V(PS]) < e
and since V(Pgy) = = szu, we obtain

2 2
2258
a/2yU
2 o Y
¢2 4 “alz
N

The problem with the above formula is that Szu = P(1 — P) is not known. To solve it,

N -1
we have two possibilities:

1. we have not any information about the proportion P. In this case, we take the worst
situation P = 1/2 since P(1 — P) has a maximum at P = 1/2. We obtain

22V
+4e2(N — 1)

a/2
If N large, the sampling rate is approximately zero and N/(N — 1) ~ 1. Then,
2

Za/2
= 4e2

Example (Lohr, 1999): Suppose we want to estimate the proportion of recipes in the Better
Homes & Gardens New Cook Book that do not involve animal products. We plan to take an SI
sample of the N = 1251 test kitchen-tested recipes and we want a 95% CI with margin of error

0.03.
If we ignore the finite population correction, we obtain

n>n 196222~1068
=10~ 70032

which is extremely large comparing with N. On the contrary situation, we obtain

)

> ———— ~ 577
"= 1+n0/N

2 we have an estimation P. This estimation may have been obtained from a pilot sample,
namely a small sample taken to provide information and guidance for the design of the
main survey. Previous studies or surveys can also provide information about P.

We replace in (2.1) 5214 with Sgs - 1]5(1 — P) and we obtain
n u—

n>62+z2/2]5( 1—-P)
- 2 &/2P(1 P)

If N is large,
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2.1.2 The design effect

The design effect is the ratio between the variance of the m-estimator Ny, under the SI sampling
and the variance of the m-estimator under another sampling procedure p(+),

Vp(tx)

deff(p, i) = W

(2.2)
This ratio expresses how well the strategy (p,,) conducts in comparison with (ST, N7,). When
deff(p,,) > 1, precision is lost by not using the SI design and in the contrary case, precision is
gained compared to SI design.

2.1.3 SI with SAS

A SI sample can be obtained using PROC SURVEYSELECT with the option METHOD=SRS.
One may use SAMPSIZE=n to specify the sample size SAMPRATE=n/N to specify the sam-
pling fraction. The file of ”sorties” gives information about the sampled individuals and the
first-order inclusion probabilities. One example is given below.

/* Plan de sondage simple  */

titlel ’Logement Hte Gne (rec99) : plan simple’;
proc surveyselect data=sondage.rec99htegne method=srs n=70 stats
seed=47279 out=sondage.logsil;

run;

One estimation of the finite population total can be obtained using PROC SURVEYMEANS
with option SUM. If the finite population correction factor is desired, one can use TOTAL= or
RATE= options.

titlel ’Logement Hte Gne (rec99)’;

title2 ’Total estim log vacants Plan SI’;

proc surveymeans data=sondage.logsil total=554 sum varsum cvsum clsum;
var logvac;

weight Samplingweight;

ods output Statistics = sondage.rlog99;

run;

SI with R

In order to get a simple random sampling without replacement, one may use the R function
SAMPLE(Nn) which returns the vector of sampled individuals. The package Sampling contains
the function SRSWR(n,N) which returns a 0,1 vector of size N.

rec99<-read.csv("C:/Documents and Settings/Administrateur/Bureau/cours_sondages_Besancon/p:
library(sampling)

#slection de 70 individus parmi 554

si.rec99<-srswor(70,554)

t_ht<-554*mean (rec99$LOGVAC [which(si.rec99==1)])
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2.2 Bernoulli sampling (BE)

In this case the sample is composed of all elements & from U which satisfy €, < m, where ¢
for all k£ € U are independent realizations of a random variable with uniform distribution in the
interval (0, 1) and 0 < 7 < 1 is a fixed constant. As a result all the units from the population
have the same probability of inclusion of first degree, m; = 7 for all k € U. Besides, the selection
of the unit k£ is made independently from the selection of unit [ with [ # k; as a consequence,
m =2 forall k #1 €U and Ay = 0 for all k # 1 € U. Then, the variance-covariance matrix
has the expression A = diagm(1 — 7). In BE sampling, the sample membership indicators I are
independent.

We have 2V possible samples and the probability of selecting one is

p(s) = m" (1 — )N
where ng is the sample size. In BE sampling, the sample size is a binomially distributed random

variable with parameters N and m, ng ~ B(N, 7).

Example :

Result 5 : Under a BE sampling, the m-estimator for the population total t, can be written
e == 3y
n,BE = ; Yk

. 1

2. The variance has the expression Vpg(ty) = < — 1> E y,%
T

u

3. An unbiased estimator of the variance is given by

A N 1/1
S

ye 1
Proof 1) WBE_ZM *Zyk.
)WehaveAkl—Ofork‘;éland (1 —m) for k = 1. So,

o (1 2
Vag(t ZZAklykyl Z (-3 — 1 > i

9 Vislin) = 325 Susvi = w1~ hol(i-0)xe
S S S D

The 7 estimator in the case of Bernoulli sampling is often inefficient because of the variable
sample size. Nevertheless, the Bernoulli sampling conditioned to the sample size ng is a SI
sample. That’s why, once selected the BE sample, we can consider the conditional frame.
Although designs with fixed size are desired, there are situations in which variable sample size
conducts better or it can not be avoided. Two examples are relevant. The first one is the
selection in a domain of a finite population, situation not treated here and the second one is
the selection in the presence of nonresponse. In this case, the response behaviour in different
population subgroups is often modeled as a BE sample selection.
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Table 2.1: Population and samples

Sample Elements of sample:
51 1, a+1, 2a+1, -+ (n—1a+1
Sy r, a+r, 2a+7r, -+ (n—1la+r
Sa a, 2a, 3a, na =N

2.2.1 BE sampling with SAS and R
2.3 Systematic sampling (SY)

The systematic sampling is very easy to implement and it is used when no list of population
exists or when the list is in roughly random order.

To select a SY sample of size n, we determine a as being the ratio N/n supposed to be integer
(the contrary situation will be treated in next section). The quantity a is called the sampling
interval. Next, we choose at random and with equal probability a first element r between the
first a elements in the population list; r is called random start. The sample will be composed of
the ath element from the population list,

sr={k:k=r+(G—-1)a<N,j=1,...,n}

For example (Lohr, 1999), to select a sample of 45 students from a list of 45 000 students at
Arizona State University, the sampling interval a is 1000. Suppose the random integer we choose
is 597. Then the students numbered 597, 1597, ..., 44 597 would be in the sample.

There are situations when it is more appropriate to choose the sampling interval and not the
sample size. This happens when the population size is not known and the SY sampling is very
useful in such situations. The resulting sample will be of random size. Let us consider an ex-
ample.

Systematic sample is much compared with a SI sample. There are situations when it behaves
like a SI sample and other when it does not. If the population is in random order, than SY
sampling will be much like an SI sample.

Systematic sampling does not necessarily give a representative sample if the listing of population
units is in some periodic or cyclical order. If male and female names alternate in the list and a
is even, the SY sample will contain either all man or all women. In this case, the sample will
not behave as a SI sample.

On the other hand, some populations are in increasing or decreasing order. A SY sample from a
population of accounts ordered will contain some large amounts and some small amounts. With
a SI sample, we may have only small or only large amounts which is not very desirable.

The set of all possible samples Sgy = {s1,. .., Sq} consists of the a different and non-overlapping
sets corresponding to the a possible random starts. This is represented in the table (2.1):
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The probability of selecting s € Sgy is
p(s) =1/a if se€ Sgy and zero elsewhere.

The probability of first degree is
=1 / a,kelU

and of second degree,

e = 1/a if k#1€s and zero otherwise

So, the condition that mg; > 0 for all k, [ it is not satisfied which means that we can not determine
the Horvitz-Thompson variance estimate.
We have U = U¢_;s, and the finite population total of } may be written as

a
ty = Zyk = Ztsr
U r=1

with ts, = >,y
Result 6 For a SY sampling, the w-estimator is
1. tp = ats for s € Sgy.
2. The variance of t is Vey (tz) = a > 0_ (ts, — )2 witht =>.2_, ts /a.

Proof 1) We have 7, = 1/a and t, = e — at.

S T

1 1
2) The Ay = — — — ifk#1€sand Ay = —a% otherwise.
a a
2
N Tl — Tk _ Tkl B
Vorlh) = SO T YT, (z yk)
U U U U
a
= a) D) wmy—t’

r=1 sy Sp

a 2 a
= az (Zyk> —tQZaZ(tST—f)Q.
r=1 s r=1

2.3.1 Controlling the sample size

The fractional interval method

Let a = N/n where n is the desired sample size.
1. Draw a random number £ from the uniform distribution on the interval (0, a).

2. The sample will consist of elements k for which

k—1<é+(G-1a<k, j=12,....n
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Any element k has the probability 7y = 1/a = n/N to be chosen and every possible sample is

of size n.
Circular Systematic Sampling Method

The frame is laid out circularly : the last element is followed by the first and so on.
1. Draw a random number r between 1 and N with equal probability.

2. The sample will consist of elements k for which, for j = 1,...,n we have
k=r+(G—1a if r+(—-1)a<N

or
k=r+(G—-1a-N if r+(—-1)a>N

Any element k has the probability 7, = 1/a = n/N to be chosen and every possible sample is
of size n.

2.3.2 The efficiency of systematic sampling

One can remark that the variance
a
Voy (Er) = a Y _(ts, — 1)

r=1

is zero if all the finite population totals are the same, t;, = ¢. So, the efficiency of the SY sampling
depends on the particular ordering of the N elements on which the systematic selection is applied.
We study in the next the efficiency of the SY sampling as a function of the population ordering.
We recall that we consider the case N = a-n. Then, t;, = N> s, Yk/m = N7, with variance

. l —
t)=N>2D (G. —7,)?
Vsy (tx) GZ(?JST Ju)

r=1

with 7, = >, yr/n. Consider the ANOVA decomposition:

S k=T’ =D (k= Ts,)* + > 0¥, — )’

U r=1 sp r=1

SSsT SSW SSB

which means that the total variation (SST) is the sum of the variation within systematic samples
(SSW) and the variation between systematic samples (SSB). The total variation is fixed and
SSB determines the variance under SY sampling,

Vey (t,) = N - SSB.

In other words, the more homogeneous the elements within systematic samples are, the less
efficient the SY sampling is. Homogeneous is used here to connote the tendency to have equal
y-values. Thus, to achieve a favorable population ordering for SY sampling, we should strive
for an ordering that entails a low degree of homogeneity among the elements within the same
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systematic sample.
We discuss two measures of homogeneity.
1. We define the intraclass correlation coefficient p,

n SSW

P=1= "1 5sr

e p > 0 if the elements from the same sample tend to have similar y-values.
e p=1if SSW = 0 or complete homogeneity,
e p=—1/(n—1)if SSB = 0 or complete heterogeneity.

2. The second homogeneity measure is defined as follows

N —-1S5W
N —a SST

0=1-

The advantage with ¢ is that it can be used when the systematic samples are not of equal sizes.

The extreme values of § are 1
a—

5min = - N _a
for SSB = 0 and 6,4, = 1 which occurs if SSW = 0 or complete heterogeneity.

Comparison with SI sampling

We have )
VSY (tﬂ)

VSI(tAﬂ')

deff = ~1+4+(n—1)p.

Then,

e if p ~ 1 we have deff ~ n and SY is less efficient that SI;
o if p =0 then deff ~ 1 and SY =SI;

e if p < 0 then SY is more efficient than SI.

2.3.3 Variance estimation

There is no unbiased estimator of the variance Vgy (f,). Several biased variance estimators have
been proposed in the literature. We give below one.
Under the assumption that SY sampling is close to SI sampling, one can use as variance estimator

N2(1_f)52

n ysr

V(i) =
Ysr

1
with 2, = | E (yx — ySr)z if s, is the selected sample.
n J—
Sr

2.3.4 Implementation of SY sampling in SAS and R
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Chapter 3

Stratified sampling

In stratified sampling, the population & = {1,...,k,..., N} is divided into H subpopulations
denoted Uy, of size Ny, for h =1,..., H such that U, N Uy = ¢ for h # 1.

H
U=A{1,... k... Nt=|]JU,
h=1

H
U= N, [Uh] = Nuy N = SN,
h=1
From each subpopulation Uy, h =1, ..., H we select a sample sj,, s, C Uy, of size ny, according to

a sample design pp(+). The selection in each subpopulation is made independently. The resulting
sample s is :
s=s51UsyU...Usg

H
|sp| = np = |s| = Znh.
h=1
Then the probability of selecting s is:

p(s) =pi(s1)...pu(sm).

Let W’,;‘ for kK € U and WZZ for k # [ € U be the first and second order inclusion probabilities
according to pp, h = 1,..., H. Then, 7y, the first order inclusion probability according to p(-),
is equal to WZ if k € sp, and 7y, the second order inclusion probability according to p(+), is equal
to 7r,?7rlh/ if k,1 belong to different strata h, h’ and equal to 7r£fl if k,1 belong to the same stratum
h.

We suppose that N, is known for all h = 1,..., H. The population total can be written as:

H H
ty =D =2 tn=> Nal,
u h=1 h=1
where t;, = Zuh Yk is the total of the stratum A and Yu, = N%Lth is the mean of the stratum h.

We can formulate the following result for the m-estimator in the case of stratified sampling:

Result 7 : Under a stratified sampling design, the m-estimator for the total of the population

18!

23
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1.ty = ZhH:1 the where i, is the m-estimator for the stratum h.

2. The variance has the expression V(t;) = ZhH:1 Vii(thr), where Vi(tne) is the variance of
tha for all h.

3. An unbiased variance estimator is given by V(i;) = Zle Vi(tnr), where Vi,(thy) is the
variance estimator for Vi, for all h.

The selection of the sample s;, can be done differently or in the same way in all strata. For
example, we can choose all s; by sampling without replacement or by Bernoulli sampling. In
each case, formulas for variance and for an estimation for variance can be obtained using the
results derived for the designs SI, BE.

Stratified sampling with SI in each strata (STSI)

For stratified sampling with sampling without replacement in each stratum, we obtain:
z Y
> h
L =Y N, (Znh> |
h=1 N

2. The variance of the m-estimator is

H 1 f
> — Jh
V(te) =Y N} - Si, (3.1)
h=1 h
here $2, — — > (yk = Ury,)” is the strat i d f, = % th li
where Sy, = N1 Yk — Yu,)” 18 the stratum varlance and jp = e sampling

U
fraction in stratum h.

Z(yk — ysh)Q is the sample variance in

T 1 f 1
5 —Jn
3. Vtz) = g N - SiSh where S2, = p—
h=1

stratum h.
Choice of strata

3.0.5 Optimal sample allocation under STSI sampling

Consider a population with fixed strata and we want to determine the sample sizes np, h =

1,..., H which minimize the variance V (i,) for a fixed cost
H
C=co+ Z npChH (3.2)
h=1

where ¢ is a fixed overhead cost and ¢, is the cost of surveying one element in stratum h.

Result 8 Consider the STSI sampling. Minimizing the variance V () for a fived cost C gives

the solution 12
C —¢cp)NyS
- HCO) wSw /en) Ty
> h=1 NnSyu, (en)'/?
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and the minimum wvariance is

H 2 H
1 1/2 2
Vopt = C—c Z NuSyuy, ¢y, - Z NSy,
h=1 h=1

Proof We have

H H ar2¢2 H
1 Ny, S A
_ 2 2 h
= E I\ U, = E E Nh E . + B
h=1 h=1 h=1
with A, = N 5’2U and B = —§ he 1NhSyU Then, minimizing the variance under a cost

constraint is equivalent to minimizing the product
H
Ap
(o) e
np

2
Using the Cauchy inequality, we have that the above product is always superior to (Z le (Ahch)l/ 2)
with equality for
np X (Ah/ch)l/Q.

Using relation (3.2), we obtain that

[ An
nh:(C—CQ) &

S (Apep)V/2

Next, we replace Ay by N, }%SgUh and we obtain the desired relation. O

We consider in the next that all ¢;, are equal and let n be the total sample size, so that
H
n=3
h=1

Optimum allocation

The optimum allocation is obtained from result 8 with ¢ constant. It results

N,
= n— WU (3.3)

Sy NaSyu,

which gives the optimal variance

2
. ]\f2
VSTSI’O(tﬂ-) (Z WhSyUh> — N Z Wh . (3.4)
h=1

This result is also called the Neyman allocation. For deriving the above nj, one needs the
standard deviations Sy, which are unknown. As a consequence, this result can not be used
in practice. But in repeated surveys, one may be able to use past experience to state close
approximations to the true Sy, .

We can see that ny is proportional to Sy, which means that the sample size will be larger if
the variation of ) is larger in the stratum h.
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z-optimal allocation

Suppose that X is an auxiliary information available highly correlated with ) and that we know

Sgu,, for every h =1,..., H. The z-optimal allocation is given by
N, S
nh =gt (3.5)
I NS,

If the relation between X and ) is perfectly linear, than the z-optimal allocation is in fact
optimal.

Proportional allocation

The proportional allocation is defined by

Nj,
=n—2 3.6
np=mn N (3.6)

Remark that if Syp, are all equal, then the proportional allocation is optimal.
The variance of the m-estimator and the proportional allocation is equal to

n

H
) 11
Vorsip(tx) = N? < - N> > WiSiu, (3.7)
h=1

This formula can be obtained by using the variance formula (3.1), relation (3.6) and the fact
that Wh = Nh/N
Allocation proportional to the y-total

Allocation proportional to the y-total is defined as follows

ZUh Yk
ZU Yk

which can not be used in practice since the stratum y-totals are unknown.

np="mn

Allocation proportional to the z-total

Allocation proportional to the z-total is defined by

ZUh Tk
> U Tk

3.0.6 Comparison between SI and STSI

(3.9)

np ="n

We use the ANOVA decomposition :

Mm

(N _182U_2NhyUh 2+ Ny —=1)5 yUh
h:l
or

SST =SSB+ SSW

3.0.7 Implementation of stratified sampling with R and SAS
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Unequal probabilities sampling
designs

Up to now, we have only discussed equal sampling designs, namely the probabilities of selecting
the sampling units are equal. Equal probabilities give schemes that are often easy to design,
explain and implement. Such designs are not, however, always possible or, if practicable, as
efficient as schemes using unequal probabilities. An intermediate case is the stratified sampling
where the units from different strata have different probabilities to be chosen while units from
the same strata have equal selection probabilities. We have seen at the time that the stratified
sampling design reduced the variance of the Horvitz-Thompson estimator of the population total
if the strata were very homogeneous with respect to the interest variable or with respect to an
auxiliary variable roughly correlated to the study variable. An optimal allocation scheme would
sample a very high fraction (perhaps 100%) in strata with high variability and small fraction
in strata with little variability. Stratified sampling design is a particular case of sampling with
unequal probabilities of selection.

4.1 Poisson sampling (PO)

The BE sampling is not a fixed size design. Another example is the Poisson sampling (PO)
when the selection of an element is decided by e < 7 where {m,...,m,} is a set of fixed
constants between 0 and 1. We give the first and second order inclusion probabilities. Based on
the same arguments as in the case of BE sampling, we have that 7 for all k& € U are the set
of first order inclusion probabilities; as for the second degree inclusion probabilities, we have for
k #1 €U, m = mpm. Because of these particular expressions of the inclusion probabilities, the
Result 2 will become:

Result 9 : Under a PO sampling, the w-estimator for the population total has the following
expression:

¢ Yk
1. i, = -—.
ro=T %
S
2. The variance is given by Vpo (i) = Zﬂ'k(l — ) = Z Myi
Tk
u u
3. An unbiased variance estimator is Vpo(iy) = Z(l — ) Th.

s

27
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As in the case of BE sampling, the PO sampling is of variable sample size ng, fact which entails
a great value of Vpo(t;). By conditioning, we may remove this drawback. Hajek (1981) proves
that every conditional PO sampling maximizes the entropy in the class of designs having the
same first degree inclusion probability and taking part to the same class () of samples satisfying
> scaP(s) = 1. The entropy is a measure of spread of the sample design defined by

e =~ 3" pls) np(s).

The main role of PO sampling is to help to define and analyse other sampling method (Hajek
1981). By conditioning, we can obtain SI sampling, two-stage sampling described in sections
2.2 and 2.9, etc.

In the case of a BE sampling we have:
Epp(ns) = Nmand 7y =n forall k=1,..., N.

Thus, if we fix the expected sample size and we suppose that N is known, then m, fork =1,..., N
are completely specified. In PO sampling, we do not have the same thing:

Epo(ns) = ) m.

M-

Thus, for fixed Epo(ns) we have to make a choice for 7. We will choose the 7 that minimize
the variance. We get the following expression for the first order inclusion probabilities:

T = 1k forall k=1,...,N
Zu Yk
. Zu Yk B . .
assuming that y, < =*——for all k = 1,..., N. Because the expression of 73 requires y; for all
k=1,..., N which in general are unknown, the inclusion probabilities so obtained can not be

used. But, if we have auxiliary information X which takes the value x; for the k-th element of
the population and the variable of interest ) is approximately proportional to X', then we can

consider:
nxy,

B Zu Yk

forallk=1,...,N

Tk

and

op < 22U o k=1, N
n

The inclusion probabilities 7 given by these expressions are called probability proportional to
size. If ) is proportional to X, then the associated m-estimator tAm po has a small variance.
This discussion states a more general problem: how we can use available auxiliary information
at the sampling stage? One possibility is selecting units with unequal probabilities, such as
probability proportional to size described above. We will describe briefly in the next subsection
the most important methods of units selection with unequal probabilities. Till (2006) gives a
detailed description of these methods as well as the associated algorithms.
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4.2 7ps estimator

We need auxiliary information X for selecting unequal probabilities sampling designs. The
derivation of first order inclusion probabilities of a fixed size design is the first step of all the
methods. Conditions on the second order inclusion probabilities are formulated, fact which
makes possible the resolution of this problem. Hanif & Brewer (1980) and Brewer & Hanif
(1983) present all the existing methods for selecting unequal probabilities sampling designs until
that moment.

We can have designs with or without replacement. We start with the study of the wps sampling
design when 7 o xj for all £ in the population, called mps sampling. In this case, several
schemes for selecting elements such that 7 oc 2 have been proposed. All these schemes have
been devised in order to accomplish the following five requests (Sarndal et al. 1992):

1. The selection of the sample is simple;

2. the my are strictly proportional to xy for all k =1,..., N;
3. m > 0 for all k # [

4. the 7 can be computed simply;

5. Ay = — mpm < 0 for all k #£ [ to guarantee that the Yates-Grundy variance estimator
is nonnegative.

Let n be the sample size. We will study different schemes depending on the values of n.

For n = 1, we have the total cumulative method which is strictly a mps design, but 7 = 0
for all k£ # [ so an unbiased variance estimator can not be obtained.

For n = 2, we mention only the design proposed by Brewer (1963, 1975) which ensures
T = <2 for k=1,...,N and 7 > 0 for all k # [. This scheme satisfies also the condition

2 Tk

that Ag; < 0 for all k& # [ that allows the Yates-Grundy variance estimator to be always

nonnegative. So, all the above requirements are satisfied.

For n > 2, several schemes exit, most of them are complicated because of the requirement
that 7, must be proportional to xj for all k& € U. If we relax this condition, Sunter (1977)
proposes a schema which gives 7, strictly proportional to zj; except for a small portion of the
population, corresponding to the smallest values of x;. We have also my; > 0 and Ay < 0 for
k # 1. Sunter (1986) presents a list-sequential scheme which achieves a strictly proportionality
between 7, and z3. Madow (1949) proposes a systematic unequal probabilities sampling design,
which is one of the best because of its simplicity.

The method of Rao, Hartley and Cochran (1962) gives an unbiased estimator for the popu-
lation mean and at the same time a variance estimator.

4.2.1 Pwr sampling

For sampling with replacement, denoted by SIR, Hansen and Hurwitz (1943) proposed the pwr
estimator: p-expanded with replacement, corresponding to a generalization of simple random
sampling with replacement. The method consists in drawing with replacement m different
elements with unequal probabilities p1,...,pg, ..., pn§ retaining the independence of the draws.

Pr(selecting k) = py for k=1,..., N.
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Then the sets of {pg }rey satisfy the properties :

1. pp>0forall k eld

2. > =1

The proposed pwr estimator for the total ¢, is:

m
P
P m

i=1 Pki

We have the following result for the pwr estimator:
Result 10 :

1. The variance of tpyyr 15 :

R Vi 2
V(tpwr) = El where Vi = Z (ii - t) Dks

2. An unbiased estimator for V (tyy,) is:

S0t Vi L S\
V(tpwr) = E; Vi = 72 ( Z - tpwr) .

Proof ]

One can see from above that the variance of the pwr-estimator is zero if the study variable
is proportional to p-values, namely

yp/pr =c, forall k=1,...,N

where c is a constant. Unfortunately, this proportionality can not be attained. A solution is to
take

Pr X T
where zj, is an auxiliary variable value roughly proportional to yi. We obtain then
T

bk =
Zka’

If we want to select only one element, the cumulative method can be used, otherwise we repeat

for kk=1,...,N.

the cumulative method m times independently. We start with py = ﬁ, k € U and let vy be
defined as follows:

k
UO:Oandvk:Zpl fork=1,...,N.
=1

Then we generate u an Unif(0, 1) variable and the selection or not selection of the element k
will be decided as follows: the element k is selected if vp_1 < u < vi. We repeat this operation
m times until the sample s is obtained.

P( element k is selected ) = P(vp_1 < u < vg) = v — Vp—1 = Dk
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; 1 Sy, . . . . - .
and tygy = — E ki with the same variance and estimate variance as t,,,, deduced above. As it
i=1 4

can be noticed, the expressions for V (f,,,) and V (f,,,) are simpler than the corresponding ones
if we had used the m-estimator, when the cross-products Ay 7,9 must be computed. However,
fpwr is less efficient than the m estimator. The following strategy gives an estimator for the
variance that combines the two estimators:

maxy .

Zufnk’

1. a fixed size m mps sampling design is used such that 7, = mp, =

2. the m-estimator is used to estimate the population total #,;

3. the variance of the m-estimator is estimated by the pps-sampling formula:

2
o1 v L
V_m(m—l)zsz< m;]%)

Dk
The variance estimator V will not be unbiased for V (i,).

The R and SAS
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Chapter 5
Multi-stage sampling

All of the designs presented before suppose that direct element sampling is possible, namely
there is a sampling frame describing rigorously the target population and one can use it to se-
lect the sample. But in practice, it is very often that we do not possess such a sampling frame or
it could be too expensive to have one. Secondly, the population could be spread over a wide area
entailing very high travel expenses for the personal interviewers. How can we select a sample in
such situations? A variety of sampling designs are available for surveys in which direct element
sampling is impossible or impractical. One possibility is to have a multistage sampling which
consists in several stages of sampling (three, four stages) and the last-stage sampling is one of
direct elements. Let consider an example.

Example (Sédrndal et al., 1992) : The Swedish Board of Education sponsors annual surveys in
Sweden to measure drug among ninth-grade students. In this survey, data on drug use is col-
lected through anonymous questionnaires from every student in a sample of ninth-grade classes.
The sampling frame consists of a list of all ninth-grade classes. This is an example of cluster
sampling or one-stage sampling.

Alternatively, we could select a sample of schools and for each selected school, a sample of ninth-
grade classes is drawn next. Finally, a sample of students is selected in each sampled ninth-grade
classes. We have three-stage sampling.

We are interested in this chapter with the estimation of the finite population total ¢, knowing
that the finite population size N is unknown. As a consequence, the mean 7 is a non-linear
parameter being the ratio between two unknown totals.

1. The population U = {1,...,k,..., N} is now partitioned into N; primary sampling units
called PSUs, Uy, ..., U;, ..., Un, of size [U;| = N, for i = 1,..., Ny with N; often unknown.
For simplicity, we note:

U =1{1,....i,....,Ni}.

In the first stage a sample sy, s; C Uy of PSUs is drawn according to a sampling design p;(-).

2. For each i € Uy, U; is partitioned into Nyj; secondary sampling units, SSUs, U1, ..., Uiq, . . . ,Uin,,

33
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symbolically represented by
u][’i = {17"'7q7“'7NIIi}'

In the second stage, for each ¢ € sy, a sample sjy; is selected from Usy; according to a
sampling design prr;(-).

3. We repeat the two previous steps until the r-th stage when the r-th sampling units are
the population elements.

The general procedure will be referred to the r — 1 subsequent stages. We suppose that we
have invariance and independence with respect to the » — 1 stages of selection.
In multi-stage sampling we have the inclusion probabilities according to the first stage:

TIis TLij) fori;éj and i,j € sy

Arij = mrij — Tnmry,  Anj =

Let t, be the population total:

Ly :Zyk = ZU?
u Ur

where t; = Zui Yy is the total of ;. We assume that we can build the m-estimator tir for t;
with respect to the last r — 1 stages of selection, E(fi|s;) = t;, and let V; = V(£;|s7) be the
variance of t;; let V; be an unbiased estimator of Vi, given s;, namely E(Vz|s 1) = Vi. With
these notations, we can give the result for the m-estimator for the population total and also the

expressions for the variance and variance estimator in multi-stage sampling.

Result 11 In r-stage sampling, r > 2, we have:

A t;
1. the estimator t,; = Z — s unbiased for ty;
Tri
s

. . - V
2. the variance of tr is V(tr) = Z Z Aptit; + Z .
I
Uz

Ur Uz
3. an unbiased variance estimator is V (i) = Z Z A[ij&lt}i + Z E

. I TIj Tri
I ST ST

Proof : 1.

. R 1 “ t
E(t:) = EE(t|s1) = Er (Z _E(tm|81)> = E; (Z 3) => ti=t.
51 I 51 I Uy
2.

Vi) = vI{E@rrsf)}+Ez{vofw|sz>}—VI{Z ;}w{z V}

: Vi
= ZZA]ijtitj + Zﬂ'i[l

Ur Ur Uz
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BV = BBt = 5 { X Ay + Dt 2+ 2
TTi

T
S SI ST fi

= > > Aplit;+ %:wﬂ

Ur Uz Uy

[

For r = 2, we obtain a two-stage sampling and for r = 3 a three-stage. From the general result,
we can derive formulas for the variance and variance estimator in the particular case of two-stage

sampling.

5.1 Two-stage sampling

5.1.1 Description

In this case, the second stage will consist in selecting for every i € sy, a sample s; of elements
from U;, s; C U; according to a design p;(.|s). Let my;, 7 be the first and second order
inclusion probabilities with respect to the second stage sampling, p;(+|sy).
Using the invariance and independence properties, one can deduce the final inclusion probabili-
ties 7 and 7y,

T = TIiTg|i if kel

T i k=1el;
e = Ty ik # e U
Trjmgimy; i k€U; and el i#j

The resulting sample is

S:USi-

1EST
We suppose that we have invariance and independence with respect to the second stage of
selection. For every i € s; let n; be the size of s;, then the size of s is:

We construct the unbiased estimator #;; of ¢; with respect to the second stage; it results then

tm Z Yk

k|4

the expression for ¢;, :

From the general result for multi-stage sampling, we have the m-estimator for the total of the
population, t, = >, yx of the form:

I O Do
I Tri Tl

€S 1EST kes;

with the variance :

V(ty) = Vpsu + Vssu
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where Vpgy = Ariit;t; is the variance due to the first stage sampling and Vgsy = —
Z T T
is the variance due to the second stage sampling. We have V; = V(tm\SI E E Ay r)iYiji-

U, U
An unbiased estimator for V; is :

Vi=> > Ayyitingitii-
Sy ST
Then, an unbiased estimator for V (#,) is :
DO E S
i .
S J7T1 Trj Tri
I ST

Remark 8 : For particular conditions, we can obtain designs already studied.

1. for s = Ur we obtain stratified sampling (described in section 3) and we find the formula
for the variance estimator;

2. for s; =U; for all i, then we have cluster sampling which we describe in next section.

5.1.2 Two-stage sampling with SI designs at each stage

Let us denote by SI,SI the two-stage sampling with SI designs at both stages. At first stage, we
select an SI sample s; of size n; from the population U; of PSUs. For each ¢ € sy, we draw an
SI sample s; of size n; from U;. The final sample is s = Ujeg, s;.

The first and second order inclusion probabilities are

ny nr(ny —1)
o nr o= 2NV 7 for the 1st st
L N;’ B Ni(N;—1) o T e
g ni(n; —1) k,l € U; for the 2nd stage

Tk|s — ﬁi’ Tklli — m

The m-estimators for the PSU totals t; = >, yx (With respect to the second stage) are
? k
fir = Z =N, . = N,

for all 7 € s; and the m-estimator for the total t, = >, ys is

N £ZW
=3 "7 = E f
™ ~ ’ﬂ'IZ 17T

Tkli

The variance is

fI Np — fi
V(tr) = NI Sy + — ZNz‘Q Sy
nr " g
where f; =n;/Np, fi =n;/N;, Sful = Zul (t; —tu,)?/(Ny — 1) is the variance in U; of the total
t; and S;ui => v, Yk — Yy, )?/(N; — 1) is the variance in U; of yj.
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5.1.3 Two-stage sampling with R and SAS
5.2 Cluster sampling

5.2.1 Description

It is the simplest case of multistage sampling since we deal with only one-stage. In cluster
sampling, the population is divided into Ny PSU which are called now clusters. Next, a sample
sr of clusters is selected as described in the first step of multi-stage sampling according to a
sampling design p;(-). Every individual from the selected cluster is observed.

The final sample is

of size ng = Zs, N;.

The clusters may be confounded with strata since both are disjointed subpopulations of U.
Nevertheless, the way clusters and strata are build is not the same and we can say the same thing
about the selection procedure. Whereas stratification generally increases precision compared to
SI sampling, cluster sampling generally decreases it. Members of the same cluster tend to be
more familiar that elements selected at random from the whole population (Lohr, 1999):

1. members of the household tend to have similar political views;
2. fish in the same lake tend to have the similar concentration of mercury.

By sampling everyone in the cluster, we repeat the same information instead of obtaining new
one and the estimations are less precise than obtained with a SI sampling. Cluster sampling is
used in practice because it is usually much cheaper and more convenient to sample in clusters
than randomly in the population.

The first and second inclusion probabilities are

T = T if ke U;
- . nr if kL eU;
M TIij if kel lGZ/{j, 275]

The population total can be expressed as
=2y =2t
u Ur

where t; = Zui Yk
Result 12 Let us consider the cluster sampling.

. . t;
1. The m-estimator of t, is t; = ZSI t; = E o
I
SI

2. The variance of L, is given by V(t;) = Zul ZL{I Apijtit;.

3. The variance estimator is V (i) = Dos sy Apjtit;.
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If the first-stage sampling design is of fixed size, the Yates-Grundy variance formulas can be

V(tr) = —é SN A - 1)

Ur Ur

used for tr,

with the unbiased variance estimator
. 1 i
V(ty) = -3 ; ; At — ;)
I I

Remark 9 The systematic sampling is a particular case of cluster sampling obtained when the
sample size from the first stage is one, ny = 1 and Ny clusters corresponds to the a possible

systematic samples.

5.2.2 Simple random cluster sampling (SIC)

We apply the result 12 when the sample of clusters sy of size ny is selected according to a SI
design among the Ny clusters. The inclusion probabilities are given by w7, = ny/N; and

~ t; _
tr = ZNITTZ = NltsI'
s1

The variance of the m-estimator is given by

2 1—Jfr
V<t7r) = NI2 n

2
Sﬂ/{]

where f; = ny/Ny and S3 .= ZMI (t; —ty,)?/(N;—1) is the variance of t; with f;, = Zu; ti/N7.
The variance estimator is given by

502 L= /1
V(t;) = N? S
( ) I 7’L[ tS]
where SZ = > s (i —ts,)%/(ny — 1).
5.2.3 Efficiency of SIC
We introduce the homogeneity coefficient
82
§=1-—"2" (5.1)
Sty

where

S = v o 2k~ T

ur U
is the pooled within-cluster variance which can be written as

Y >, (Ni—1)

where SZUi = >0 Wk — Tyy,)?/(Ni — 1),
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Result 13 The homogeneity coefficient § satisfies

N -1
N — Np

<5<l

Proof From (5.1), we have § < 1. We use the ANOVA decomposition

SST = SSW 4+ SSB  or

(N = 1)S = (N = Ni)Siw + ZNi@ui — )’
Ur

2y N-1 Syw
y2 < . The lower bound on ¢ follows from the fact that § = 1 — yT
Syu N — Ny Syu

which gives that

[

Siw
S2y
same cluster dissimilar with respect to the study variable. We have in this case a low degree

Remark 10 1. A small §-value means proxy to unity or equivalently, elements in the

of homogeneity within clusters.
2. At large d-value means a high degree of homogeneity within clusters.
_ 2 _
3. § =1 means Syw = 0.

4. 0 =0 means S;W = SSU'

5.2.4 Comparison between SIC sampling and SI sampling
5.2.5 Cluster sampling with R and SAS
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Chapter 6

Taylor linearization

In the previous section, a m-estimator was presented for the population total, with special
attention on the variance estimator and its expression for different sampling designs.

But, in practice, in most of the cases, we are confronted with surveys that involve not only
one, but several variables of interest and more generally, the unknown quantity depends on these
variables through a general function. An example is the ratio of two unknown population totals

duck b

where y and z are two variables of study. First, we will study the linear case, then the general
case will be considered by using Taylor series expansions. The use of Taylor series implies the
introduction of supplementary conditions on the population and on the sampling design. They
will permit the development in Taylor series and also the convergence of it. The subject was
treated by Wolter (1985), Sérndal et al. (1992). We will give a short review of the main results.

6.1 7 estimators for the linear case

Suppose that there are J variables of study )1,...,Y;,..., Y, and let y;; be the value of ); for
the k-th element of the population, for all j = 1,...,J and all k = 1,...,N. Let t; = >, y;k
be the total of the )); variable for all j = 1,...,J. The objective is to estimate these quantities,
namely the components of the following vector:

t=(t1,... b, ty)

For each variable of interest the theory of the 7 estimator, presented in the first section, can be
applied. A sample s is drawn from U, according to a sampling design p(s), with the probabilities
of inclusion of first and second order, 7, and m; and for all £ € s we observe the value of the
vector:

Yk = (ylka"‘7yjk7-"7ka)l

and each t; total is estimated by the m-estimator fjw = >, Ujk so that the m-estimator of t is

te = (Fimyeeostjmy oo tan)
We have the following results :

41
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Result 14 (Sdirndal et al. 1992): The variance-covariance matriz of t, has the following eax-
pression:

V(ts) = E (b — t)(8: — 1))

and is a symmetric matriz with the j-th diagonal element given by the variance of fjw and the
elements jj’ given by the covariance of tAjW and fjlw :

= Z Z AwYikji
U u

and

Ctjm,tjim) = Z Z AN

u u

The matriz V(t;) is estimated with no bias by the matriz V(t;) such that the jth diagonal

element is
V(i) =Y > A

S S

and the jj’ element is :

t]ﬂ'a 7 7T ZZAklyjkyj/l

We consider now a more general situation, namely when the requested estimator for a pa-
rameter population f can be written as follows:

0= f(tr,....t;)

and f is a linear function. Then, applying the above result, an estimator for 4 is given by:

~ ~ ~

Hzf(tla"'7tJ)'

This is derived from the fact that if f is a linear function then 6 can be written as:
J
=ag + Zajtj = f(tl,... ,tJ).
j=1

Consequently 0 = ag+ ijl ajfjw = f(tin,...,Lsr) where t}w = Z Yik is the m-estimator for
Tk

S
the total ;. We can apply now the conclusions from the previous result in order to obtain the
expressions for the variance-covariance matrix of § and also for an estimator of this matrix.

Result 15 For a parameter of the population, having the form :

J

Ozag—l—Zajtj:f(tl,...,tj)

j=1

an estimator is given by :

with the variance-covariance matriz :
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J J
andf/ :ZZ ja]C t]m )

where C(tjx,tjm) and C( im tin) are given in the result from above.

As a conclusion, if a parameter of interest is expressed by a linear function of the totals of
q variables of study, then the expressions for V' and V can be deduced in a simple way.

6.2 The general case

The case when f is not a linear function will be reduced to the former one. The main idea is
to approximate f around the true value by a linear function, for which we know how to derive
formulas for the variance and for an estimator of the variance, according to the case one. Under
general conditions, we will show how the variance of the estimator can be approximated by the
variance of a linear estimator. The approximation will be made by a first-order Taylor series
expansion and the method is called Taylor linearization. We start with a consistent estimator
t for t and a function f which satisfies several conditions, the expansion in Taylor series of f
around the point t = (t1,...,t;) will give:

1. an approximate expression for the design variance of 6 = f(#) ;
2. a suitable estimator of the variance of 6.

But for a finite population &/ we can not define the consistency and asymptotic unbiasedness of
an estimator. For achieving these conditions and also for allowing us to develop f in a Taylor
series with a remainder of low order, we need supplementary conditions and mathematical results
concerning the behaviour of a finite population and of the probabilities 7, 7 when n and N
increase to infinite simultaneously. In order to obtain an infinite population, we will consider
the initial population & = {1,...,k,..., N} with the corresponding .

We give here Sarndal’s way (1980) to obtain an infinite population. Isaki & Fuller (1982),
Sarndal et al. 1992 propose different ones. Sarndal (1980) reproduces this population ¢-1 times.
For all ¢, a sample s is selected from each U according to p(s), with the same 7y, for all t. The
resulting population will have Ny = Nt elements from which we select a sample s(;) consisting
of Mgy = nyzl ns, = nt elements. Next, we allow ¢ — oo and it results that Ny — oo and
Nst) — 00 but n and N remains constant. This framework allows us to define the properties
of consistency and asymptotic unbiasedness for an estimator. Now we can derive the results for
Taylor linearization. Let us give two results which will be used in the next.

Result 16 (Wolter 1985): Let f : &5 — R be a real valued function defined on a q dimensional
Euclidian space, continuous, differentiable with continuous partial derivatives of order two in an
open sphere containing a = (a1, ...,ay)". For X, = (X1, ..., Xn) satisfying:

X, =a+ Oy(ry) where r, — 0,

we have:

4 of >
[(X5) = f(a) + Z (Xjn — a;) T(a) + Op(r7)-

X
j=1 J
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As mentioned, we want to estimate a parameter expressed by a nonlinear function of totals

of J variables of interest:
9:f(t1,...,tJ) where tj :Zykj,j: 1,...,J.
u

with f:&; — R continuous, differentiable with continuous partial derivatives.

We define an estimator for 8 by substitution. It is obtained by replacing each total with the
corresponding 7 estimator:
0= f(fims-- s tin).
We can take as vectors a and X,, from Result 16 the vectors t and t, as defined at the
beginning of this section,
t = (t1,...,t7)" and

tr = (biry ... tsn)-
We make the following assumptionswhich have the following properties :
1. N7'(t, — t) L0 and
2. N7ty — t) = Op(n"2)
3. n2N"L(t, —t) 5 N(0,%).

For N~'t, N~'t, given above and 7, = n~2 the conditions from Result 16 are satisfied. We
suppose also that it exists a > 0 such that f(N~1t) = N~=2f(¢).
We give below the first-order Taylor expansion of f(N~'t,) around f(N~'£,).

N f(t1ny..slyn) = N %f(t1,...,ts)
J
8f(v1, . ,1)])
+ N (fjr —ty) e
j=1 J (V15 05)=(t1,0-587)
1
Lo, <n>
and if we note with o = w for j =1,...,J we obtain the equivalent
v (V1,e507)=(t1,005t )
formula :
A 1
N-%G — N-0g 4+ N- Z )+ 0, ( )
n
and

N~ = N0+ Op(n"2).
In particular 6 can be approximated by N‘a(é —0)~ N~ Z;-Izl(fjw —tj)a;. By assumption 3,
we obtain that N~%(0 — 0) is asymptotically normal with mean zero and variance equal to the
variance of Z V(i =)o

J
Z tj7r — =aXa

Jj=1
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where o = (o, ..., ay) is the vector of the partial derivatives of f calculated in t = (t1,...,%;)
and X is the covariance matrix of t, — t,

J
V(é) ~ O{EO[/ =V (Z aj(fjﬂ— - tj)>

To obtain a variance estimator, we will substitute sample-based estimates of a and X . Suppose
that the estimator & and ¥ are available; then an estimator for MSE (0) is given by:

V(b)) = aSa.

As it can be observed, the expressions for approximative variance and variance estimator are
complicated because they involve the calculation of the variance-covariance matrix 3I; for the
variance estimation, we need to calculate an estimator for each element of 3. Woodruf (1971)
gives a simple method for which the variance estimation is simplified. This method is a general-
ization of the Keyfitz’s (1957) method for obtaining the variances for specific types of estimates
derived from specific sample designs. It consists in reordering the components of the sum
ijl ajtir. We have:

J . J ) 1 J
Jj= s

j=1 s 7=1

_ Uk _ ;

where ug = Z‘le a;yjk- As it can be observed, E‘le ajfjw can be written equivalently as the -
estimator for the total of the new introduced quantities uy. Because the uy for all k € U depend
on «; which on their turn, depend on the )1, ...,), which are unknown we obtain that wuy are
unknown and so they can not be used. The quantities «; are estimated by &; the corresponding
m-estimator

~ af('Ul,--«,'UJ)

Qi =
J .
0v;

(1, 05) =1yt

and then the wug are estimated by:
J
g =Y Gjyr;.
j=1

It results then V (6) ~ V(> ,u). Now we can give the result obtained by Woodruff (1971).

Result 17 (Woodruff 1971)
1. An approzimatively unbiased estimator for the population parameter

9:f(t1,...,tJ)

s given by the substitution estimator:

~

é:f(£17T7""tJ7T)
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where fjﬂ is the corresponding m estimator of t;.
2. Using the Taylor linearization, the approximative variance s :

Uk Uy
=22 B
T T

where uy = Z}]:1 ajyr; and aj = w and
T v =(tnts)

3. The estimated variance has the expression:
= i Uk W
=2 Mo
s s kT

where Uy, = ijl G yrkj and & is the m estimator for a;.

Supposing that the general conditions given by Isaki & Fuller (1982) are fulfilled, uy is a
consistent estimator for u;, and as a result V(6) is consistent for V(9). For a design of fixed size,
we have the alternative formulas for the approximative variance and variance estimation:

V() ~ —% DY A (g, — )
u
V(0) =~ S5 A (e — )’

In large sample, we estimate the approximative variance of 0 given in Woodruff’s result and
the found value can be considered as an estimator of the true variance.

From the above result, we can summarize and give the steps when the Taylor technique is
applied, namely:

e For the population parameter 6 = f(t1,...,ty), expressed as a function of the J totals, we
derive the substitution estimator € which is approximately unbiased for 6. The variance
and variance estimator of 6 must be calculated.

e The linearized variable, uy, is derived for all k£ € U; these quantities are calculated in the
population, ug being expressed as functions of the J totals ¢1,... %t .

e The unknown quantities u; are estimated by .
e The parameter is approximated by 6 ~ 6 + (O st — Dy uk)-

e According to the result of Woodruf we have
A Uk ul
v =v (T %) - T

e A Horvitz-Thompson variance estimate, based on the unknown uj can be obtained:

Uk U

=22 M

Tk T

e The estimated variance based on the sample estimators 4 has the expression:

: gy
=22 A
s s kM
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6.3 Examples

In the following, we consider several of non-linear parameter and apply in the Taylor technique.

Estimation of a ratio

Let us consider the ratio between two unknown population totals t, = >, yx and t, = > ;, i
t D v Yk
R e

where f(v1,v2) = {1; we want to estimate R.

.1 ..
1. The substitution estimator of R is R = Ltw where tyr,t,r are the 7 estimators for t,,t,.
T
2. The linearized variable of R is :
8f U1, U2 af U1, V2
v = 20 oy 20012
YT Horve)=(ty te) V2 (or,ve)=(ty te)
1 . —ty
= _— X —_—
Yk ty k t?g
1
= — (yr — Ray).
129

3. Ris approximately estimated by
R S N B AN
B ~ T 4 : to —~ ™
because ) ,, ur, = 0 in this case.

4. The approximated variance of R is:

. 1)\?2 yr — Rr y; — Ry
V(R) >~ (tx) ZZAM ™ P .

u u

1 ~
5. The variance estimator is obtained by replacing wug by 4 = = (yk — R:rk> in the

T
expression of the estimated Horvitz-Thompson variance formula:

&0 7 1 « Yk — Rayy — Ray
VR) =53 ) Au=—— "

Estimation of a mean

Another example is the derivation of an estimator for the mean of the population.
There are two situations : IV is known and not. In the first situation, an unbiased estimator for

Yy = %Zuyk Is :
= 1 Yk
yUﬂ_Ngﬂ_k
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with the variance and variance estimation, respectively :

~ 1 Yk Y
V(Yur) = N2 ZZAMW:;Z

u u
G 1 X Yk Yl
Vun) = 32 204 e
S S

derived using the general theory of the 7 estimator.
For N unknown, we need an estimator for N. The quantity N can be regarded as the total

- 1
of the variable x; = 1 for all £ € U, then N = t, and the substitution estimator is N = Z —.
0
Then 7;, can be regarded as a ratio of two totals variable. Using the first example, an estimator
2w -
Tk

- Yk
Ys = Zﬂ-i 727_%

for yy, is :

with the approximate variance :

Z/k—yuyl—yu

and the variance estimator :

Us Y1 — Ys

For SI and STSI designs the two estimators §s and ﬁuﬂ are identical. Generally, the estimator

Us gives better results than @Mﬂ even if NV is known. We give below several arguments in favor
of ¥s.

1. Compare the variances of g5 and @uﬁ. The estimator g, is preferred when yi — Y7 are all
small.

2. Another reason is that s works better when we have designs of variable sizes such as
Bernoulli or Poisson designs. More exactly, ¥;, is variable due to variable sample size
which is not the case for ;.

3. A third argument in favor of g5 arises in the case when 7 are poorly (or negatively) corre-
lated with the gy values. In this situation, g5 enjoys a kind of adaptability or insensitivity
to unlucky samples that is lacking in %;, because its denominator remains fixed.

Ratio estimator

Suppose we have a study variable, y, and that we have the auxiliary variable z; x is the value
of x for the k-th element of the population and xj is known for all k in ¢/. The objective is to
estimate t, = >, yx; ty can be written :

t
ty =ty -2

) 'rtz
tr = Y 4k is a known quantity; then R = % is the ratio of two totals and we can apply the

results from the first example. It follows :
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R N N t
1. t, =t R, where R = T

T

~

yr — Rxyp y; — Ry
2. V( y) ~ ZZU A

Tk ™

~oa ¢ « Yk — Rrpy — Ry
3. V(t,) = = Akl .
g T T

Estimation of the regression coefficient

Let us derive an approximately unbiased estimator for the coefficient of multiple regression. Let
A1, ..., &, be q auxiliary variables and By, ..., By be the coefficients of regression of ) through
A1, ..., &;. We intend to obtain an approximately unbiased estimator for the vector of regression
coefficients B = (Bj,..., By) whose variance or approximative variance can be calculated. We
denote by xj; the vector containing the values taken by the auxiliary variables for the k-th
element in the population,

Xk = (T1g, - - - ,qu)’ forallk e

and T = ), xikxi’

1. The vector of regression coefficients has the expression:
B=(Bi,....B) = O_xx) O xuun)-
u u

It can be observed that B can be written as a function of totals. Thus it is possible to apply
t
the method of Taylor linearization. We have B = f(t4,t,) = t—q where:

z

ty = Z qr the total of the new variable ¢ = xyyi, k € U,
u

and

t, = Z 2k, the total of the new variable z; = xyx, k € U.
u

2. The substitution estimator for B is:

(3 (%)

s

3. The linearized variable of B is:

m af(vl’UQ) 4z

M1 (g 00)=(tq,t2)

L (S
= _— i —_—
gk ‘) k t%

= T 'x(yr — xB).

8f (1)1 ; UQ)
k Oy

U =

(vl 7U2):(tq 7tZ)
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4. We can obtain an approximative expression for B:

B ~B +<Zﬂk—2uk> —B+T! (ZX“‘U’“—TB>.
S u

S 7Tk
5. The approximated variance of B has the expression:
V(B) ~ T 'VvT!

/ /
zik(yr — % B) 21 (y; — x|B)
A j k J 1
where V' = (vj;1)ij=1,...q, Vij = vji and vjj = Z Z ki '
u u Tk K

A~ ~

6. The linearized variable uy, is estimated by @, = T !xy (yr — x| B), T = Do % and the
estimator for the variance of B:
V(B) =T 'VT!

where V = (@jj/) is a ¢ X ¢ matrix with elements:

. X Uk U
By =2 A
S

. g T

Remark 11 :The same result would have been obtained more easily if we had considered B as

a ratio of the totals of the variables qi and zp and we had applied directly the linearized variable
for a ratio derived at first example.



Chapter 7

”Methods de redressement ”’

7.1 Model Approach

The previous sections treated the parameter vector y = (yi,...,yn) as a non-random quantity,
the only randomness being the sampling design p(+). In the present section, we will consider that
y = (y1,-..,yn) is the outcome of a vector random variable Y = (Y7,...,Yy) with distribution
&. We call superpopulation model a specified set of conditions for the class of distributions of
which £ belongs to. The main aspect of the statistical analysis in the superpopulation model is
thus that y is treated as the outcome of Y about which certain features are assumed known.
The superpopulation model £ can be regarded as a mathematical device used to make explicit
the theoretical derivations.

Among the first having used the superpopulation model, we mention Cochran (1939, 1946),
Deming and Stephan (1941), Madow and Madow (1944).

Although the use of a superpopulation model & is not accepted by all survey practitioners,
there are situations when it is arguable that this approach will perform much better. We men-
tion two such situations. The first one is the inclusion of the treatment of nonsampling errors
in survey sampling (Sérndal et al. 1992, ch. 14). Secondly, it is possible under a superpopula-
tion model £ to make comparison of variances of two p-unbiased strategies, fact which entails
the resolution of some of the nonexistence problems in uniformly minimum variance p-unbiased
estimation (Cassel et al. 1977).

In the case of a superpopulation model &, we have two kinds of randomness: one already
existing, the sampling design p(-) and the new one introduced by the joint distribution £ of
Yi,...,Yn. We need supplementary notations induced by £. Let @ = Q(Y1,...,Yn) be a
function of Y7,...,Yy and we denote by E¢(Q) the expectation of @ with respect to & defined
as follows

E(@) = [ Q.

In the same manner, we can define other statistical quantities as variance and covariance
with respect to £. In the next, we will use the index p for all the quantities calculated with
respect to the design p; for example, F, is the p-expectation and & for the model.

51
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In the new frame, we call statistic a function 7' = T (D) where D = {(k,Y%) : k € S}, S
being a random variable with values in S the set of all possible sample s. So, the function T
for any given value s of S, depends on those Y3 for which k € s. The statistic T" for S = s used
for making inference about the population mean ¥ = N1 > u Yk is called predictor and T for
Y}, = yi is called an estimate for 7 = N~} > u Yk

Definition 2 :

1. T is called p-unbiased for Y if and only if, for a given design p,
EP(T(y)) = y fOT' all y = (y17 o 7yN)

2. T is called £-unbiased for Y if and only if, for a given design €,
E(T(Y)-Y)=0 foralls €S.

3. T is called p&-unbiased for Y if and only if, for given p and &

E¢E,(T(Y)-Y)=0.
For a superpopulation model approach, the choice of a strategy (p,T") will be dictated by the
objective to minimise the &-expected p-MSE,

E¢MSE,(p,T) = E¢E,(T - Y)*.

Although the objective is the same, there are two different ways of obtaining the desired mini-
mum called the model-based approach and the design-based approach. For the first one (Brewer
1963, Royall 1970, 1971), the sampling design is of minor importance. The objective is to choose
T such that for every given sample s, T minimizes E¢(T —Y )% We will not develop here this ap-
proach but we mention its application in repeated surveys (Blight & Scott 1973, Scott & Smith
1974). For the second one (Cassel et al. 1976, Sarndal 1980, Sarndal et al. 1989), the support
is on the sampling design p. We look for an estimate T of i such that 7" minimizes E,(T — 7).
We give a brief presentation of the main results in the case of the design-based approach.

Finally, we consider only the noninformative designs fact which allows us to interchange the
order in calculating the expectations with respect to p and &.

Cassel, Sarndal & Wretman (1976) introduce the p-unbiased generalized difference estimator

Tep = Z YI;VTF:k + Z %k
u

S

for an arbitrary vector e = (ey1,...,en); Tgp is -unbiased if e = pg, for £ defined as follows
(Cassel, Sarndal & Wretman 1976)

E¢(Yy) = pag + by = pu;
¢ Ee(Yy, — pg)? = a2o? = o;
Ee{(Yie — pu) (Y1 — i)} = aparpo® = oy for k # 1;
where ap, > 0,0 for £k = 1,..., N are known numbers with Z}]CVZI ar = N and p,0? and p are

unknown and N;_ll <p<l.
We have the following optimality result:
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Result 18 : (Cassel, Sirndal and Wretman 1976)
Under the above model, the optimal strategy (p,T) with p a fized size design of size n and T a
p-unbiased linear estimator of Y is (po : Tapo), where

Tapo = Z Ykn;kbk + Z ?V—k
u

S

and pg = po(s) is the sampling design with the inclusion probabilities Ty, = fay, f = .

The estimator Tgpg is also & and pé-unbiased. The HT estimator, fyﬂ belongs to the class Tgp
if e =0 or if ey = m, for p a fixed size design. From the above result, we have in general
E¢V,(p, tAyﬂ) > E¢Vy(po, Tapo) with equality for p = py and by, o< ay.

We consider in the next a particular model ¢ (Sérndal, 1980). Let us consider Aj, ..., &,
auxiliary variables with x}. = (21, ..., %) and that the variables Y,...,Yn are independent.
For the regression model:

Ee(Yr) = x1.8 =

Ve(Yy) = U;% = 02%
where ' = (61, ...,/3,) and o2 are unknown, vy = v(xx) is a known function for all k in U,
T po becomes:

Yk: ! . 1 Tl
on = X+ 3o (T - T
s J=1 U s
= N7'[tyr + (tx — txr) B
. ~ Yk ~ Xk s . .
with £, = Z — and tx; = Z —. For the auxiliary information, we need only to know
Tk

S ﬂ—k

S
tx = > 4 Xk. If we suppose that all §; are known, then the above optimality result give that
Tar is optimal for my, o< v for all k.

The estimator Tgr can be viewed as a correction of the £-model biased but p-unbiased
estimator NV _lfyﬂ,
Tor = N 'yr — Be(N 'iyr)

where Be(N 'i,:) = N ' (tx — txs)'B is the &-bias of N~'i,, (Thompson 1997).

More realistic, §; are unknown, for all j =1,...,¢. Sérndal (1980) proposes to estimate the
vector B = (B, ...,0,) by design-based ,és as follows

Bs = GLY, = (W!X,) " W'Y,

where Wy = (wy;) k=T, j=ia and the wy; may or may not depend on the known quantities xj_
and vg, X = (X} )res and Y = (Yi)kes. It results that the vector (w1, ..., ws,) is the vector
of weights applied to unit k. The resulting estimator is the so-called generalized regression
estimator:

Tar = N1 |tyr + (tx — txn) By | - (7.1)

This estimator can be obtained without implying the variance structure of the model and it has
the following properties:
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Result 19 (Sdrndal 1980)
1. The estimator Bs is &-unbiased for B:

2. Tar with B, given by (7.1) is model unbiased under the & model.

Thus we can use the model £ to obtain &é-unbiased estimators for 3, but the basic properties are
not dependent on whether the model £ holds or not. It implies that we have a model-assisted

and not a model-dependent estimator.

If Tar was p-unbiased, TGR loses this property because ,Bs as a nonlinear function is not
p-unbiased for B. Sérndal (1980) states that an exact design-unbiasedness can entail loss in ef-
ficiency and he proposes the asymptotic design-unbiasedness (ADU) and consistency of Tar as
minimum requirements. Robinson & Sérndal (1983) gives conditions for which Tzx is ADU and
consistent for Y. At the same time, they give an approximation for the design mean squared
of order O(n~!). These conditions do not require the superpopulation model to be true, but
optimality is reached if the model is true. Robinson & Sarndal (1983) state that in the case of
perfect correctness of the model, the mean square error is minimized for p(s) with the inclusion
probabilities 7 o< 0.

Remark 12 There is a particular case when Tar is exactly p-unbiased, namely for a model &
for which E¢(Yy) = Bxy, and a sampling design p with 7, o< x1,. In this case, TGR = N_lfy,r.

We return to the expression of 8, = GLY , = (W.X,) ' W.Y . Sérndal (1980) discusses
two particular choices for the matrix W, : m-inverse weighting and best linear unbiased weight-

ing.

1. The m-inverse weighting is obtained for weights W, such that for some vector ¢ =
(c1,...,¢q) we have
-1

U = W

s

for I1; = diag(mx)kes and 1 the column vector composed of n ones. In this situation the
estimator Top given by (7.1) has the appealing form

Tor = N~'p3,
since
fyTr - fgmBs = 1;Hg1(Y5 - Xsrés) = CIW;(YS - XsBs) =0

with B, = (W' X,) ' W'Y,
Sérndal gives two examples of Wy satisfying the relation (7.2).

e The first one is
W, =111 X,

and the model £ includes the intercept. In this case, BSJ = (X/TI]7'X,) 1 X!/ I11Ys.
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e Another possibility is
W=,V X,

and the model variance V; = diag(vg)res satisfies vy = ¢/xx. In this case
Berpe = (XLVITL X ) XV Y .

With this expression for BG REGH TG R becomes TG rEG discussed by Sérndal, Swensson
and Wretman (1989). Sédrndal, Swensson and Wretman (1992) obtain Te:rec through
a different way and they analyze it for a general model variance vy.

2. The best linear unbiased weighting is obtained for W, = V ;1 X which gives for 8 the
estimator
Bpry = (X V' Xe) T X VY,

When inserted into (7.1) this gives the special case of Tor to be denoted Tgy. This
weighting merits attention because it is, for many statisticians, the natural way to estimate
under the model &.

Montanari (1987) derives the expression for the coefficient of regression 5 who minimizes the
p-variance of

-1
Xk .
as By, = | Var (Z )] Cov ( —, ) . Unfortunately, the expression of 3,,, de-
Tk
U U U
pends on unknown quantities making so impossible its derivation.

At this point of discussion a question arises: which of the two estimator presented here,
TGREG and TBLU, is preferable? TBLU being obtained for the best linear unbiased estimator
for 3 is preferred by many statisticians while survey practitioners, such as Sarndal et al. (1992,
pp 519), argue for Terec. Their argument is that Terec is obtained for the sample-weighted
estimator BGREG which is more robust than the unweighted 3 BLU» hamely BGREG remains
design-consistent even if the model is wrong. Besides, Bgrpc is the solution of the optimal
sample estimating function (Godambe & Thompson 1986, Godambe 1995):

1
Z Qkak(Yk—xi(,B) for

s Tk
U]%:UQU]C.
The regression coeflicient B;rpg can be written as
; _ =171 —1y/y—1y7-1
BGREG - (Xs‘/ts Hs XS) XSVS HS Ys

-1
- 2 § : 2
— 0Tk — 0Tk

The same formula for Bgrpe would have been obtained if we had used the substitution

method described in chapter concerning Taylor linearization method for estimating the coeffi-
cient of regression

B=(XNVN'XN)TIXANVE YN (7.2)
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(Sarndal et al. 1992, pp 193). The estimator BGREG is not p-unbiased for @3 but is ap-
proximately p-unbiased and &-unbiased, E&(BG rec) = B. Under the conditions of consistency
given by Fuller & Isaki (1982), Fuller (2002) Boppe is consistent for 3. More precisely, we have
Bcrec = B+ Op(n~1/2). A

Sérndal, Swensson and Wretman (1989) give equivalent expressions for Tgrrqg. Let’s introduce
the following notations:

e the predicted value for the k-th element is denoted by Vi = x{(BS,
e ¢ =Y, — Yk is the k-th regression residual,

e B, =Y, — xi{,@ is the population fit residual, with 3 given by (7.2) and the solution of the
normal equation,

> %Xk(Yk —x8) =0

u k

® grs = 1+ (ts —Ltm)/T_l% where T' = Z
k S

XX}
2
R

and we suppose that T exists. The

quantities gps are known in the literature as the g-weights and they were introduced by
Sérndal et al. (1989).

Result 20 The generalized regression estimator Tarec can be written in the following equiva-
lent expressions

Ter = N1 [tAyw + (tx — fxn)/BGREG] (7.3)
Y
S 7Tk
A e s
= Y n+> Wi (7.5)
U s 'k

= Z X1 + ngsif (7.6)
U s

In the particular case of a model £ with v, = /xy, for all k € U, Sérndal et al. (1992) prove
that the regression residuals exs have the property

€ks
2 5o =0

S

and Thompson (1997) proves that under the same model, the population fit residualsFy, for
k € U satisfy
> By =0
U
Then, the regression estimator TG REG becomes

~ _ ~ _ A _ Yk‘
Torpe = N7') Vi=N'> xiB,=N lzgks;k;
u u s

e

where gis = (tx)/T_li: .

Eal
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Result 21 (Sdrndal et al. 1992) The generalized regression estimator TereG is approzimated
by:

TGREG’O = N_l {tAyw + (tx — fxw)/,B} = N_l {ZXLB + ZEk}
u s
2. The approximate variance is given by :

V(Terea) ~ N2> Y AuBpE;
U u

3. the variance estimator is given by:

Vo(Torea) = N7 0> A (grsths) (g1561s) -

From the expression of the approximate variance of Torpg, we can give another variance
estimator, replacing Ej, by its sample-based counterpart eys:

EDH I
s TRl Tk T
When s is of fixed size, the Yates-Grundy variance estimator Vi is:

VYG:_%Zzﬁ [%_eksr

Tkl | Tk Tk

For any given model, the steps involved in deriving the regression estimator are summarized
as follows:

1. Derive st Vi and ey, to find Torec.
2. Identify the grs needed to obtain the variance estimator V(T GREG)-
3. Find ,3 and E} which are required for the approximate variance.

We consider below two particular models and we derive the regression estimator for a general
sampling design. Then, we discuss the properties of the estimator for specified sampling design.
7.1.1 The common ratio model and the ratio estimator

A regression model assuming that yg/xy is constant is called a common ratio model or simply
ratio model :

Ee(Yy) = By,
Ve(V3) = 0 = o?xp,

where the parameters 6 and ¢ are unknown. This regression is a straight line through the origin.
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Result 22 The regression estimator for the total generated by the ratio model is the ratio esti-

mator

wk/ﬂk

Yk /T A
torec = Zx Z / =) _w)B. (7.7)
U
The approzimative variance is obtained from result (21) by setting
Ey = yr — Bxy,

where B = Zyk/ Zxk and the variance estimator is obtained by setting
U U

ers = Y — By,

and for all k € s,

_ DUk
Gks = TE °
s

Proof O

The ratio estimator under SI sampling

Under the SI design, the estimator given by (7.7) becomes

Tatw: Zx Z Uk *Nﬁ ys

We use result (22). We have
B s Yk _ s

DT/ Ts

and the approximative variance of ,qti0 is the variance of the Horvitz-Thompson estimator
Eyx = yx, — Bxy.

We have

AV (tratio) = N? S%;  with

1-f
n
g2 LZEQ:#Z@ ~ Bay)?

BEU N-1Z FT N1 . k k

= Siy+ B*S2y — 2BSyu
since Y i Ex/N =Y 1 (yx — Bxy)/N = 0. In order to calculate the variance estimator, we derive

o = U _TU
N wk/Te T

and
ers = Yk — Bxy.
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The variance estimator is

o A GrsChs Gis€l Tu\° o1 f
v(tratio) = ZZ 775k 57;_[ 2 = - Nzin S€28
S S

TR T

where

1 _ 1
S€28 = n_lzs:(eks_es)an_lzs:ezs
= S) 4+ B*S2, —2BS.y

since ez = 0.

7.1.2 The common mean model

In many populations where a strong linear relationship exists between the study variable J and
a single auxiliary variable X', the population regression line will intercept the ) axis at some
distance from the origin. A model with an intercept will give a better regression estimator than
the common ratio model discussed in the above section.

The simple regression model states that for k € U,

Eg(Yk) = 61+ﬂgxk (78)
Ve(Yi) = o

where (1,02 and o are unknown parameters. We have ) = (1,23), ¥ = diag(c?) and the
parameters (1 and (9 are estimated under the model £ by

< g; ) = (XNZ T X N) T XY

where
1 1 ... 1
X’Z(:Bl,...,:l:N):( )
rT T2 ... XIN
We have
2 2
—t
ISIX ) = g 2u T, @
( N ) NZU(‘mk — TU)2 —ts N
and
1 t
/ EilYN - Yy
N o? ZU TEYk
which give

Bl =Yy — BQTU

By = >u(@e — 7o) (ye — Yu)
> (@ — Zy)?
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These parameters are estimated using the sampling design p by

Bls st - B2sjs
( 3 ) = (k= Ts)(yr — ¥s)/mk
2 >os(@e — Ts)?/mk

- Do Yk/ T Yoo T/ Tk - 1
for jj, = =s KTk o LesTRITE LA N =S =

N

Result 23 The regression estimator of the total is
fyr = N[5 + Bos(@0 = 24)]
The approzimative variance is obtained for
Ex = yp — Gy — o
The variance estimator is obtained for

€ks = Yk — Ys — 323(1']@ - -i's) and

N Ty —
gk’s:ﬁ 1+(xk_xs)7s

52,
7.2 Calibration technique

Until now, no use of auxiliary information was made. Or, in sample survey auxiliary information
on the finite population is often used to improve the precision of estimators of the population
total. Several approaches are conceivable. We have the calibration approach described below,
which does not rely explicitly on a model with the more recent the model-calibration approach,
or the model-assisted approach described in the next section and when the inference is based
upon a model of superpopulation taking into account at the same time the sampling design. We
present in the next the principles of the calibration approach developed by Deville & Sarndal
(1992) and Deville, Sérndal & Sautory (1993) and the implementation of this method in Calmar.

The objective is the estimation of the population total of the variable of interest ) denoted

ty = Z Y, in the presence of univariate or multivariate auxiliary information for which the only

u
request is that we know its population total, namely we do not need to know the value taken

by an auxiliary variable for all the units in the population.

Let X1,..., X, be ¢ auxiliary variables and for k € U and let xx = (2g1,...,%k,) be the
g-vector with the values of the auxiliary variables for the k-th element in the population. We
suppose that the total ty, = Zxk is known; the vector (xy,yx) is observed for all k € s. Let

U

. 1
tyr = Z 7% be the m-estimator of ¢, and we note with dj, = - the m-weight corresponding to
S

Yk, for all £ in s.

The calibration technique consists in finding a new set of weights {wy, }res which satisfies the
conditions :

1. {wg}res are as close as possible to {d}res in the sense of a distance between wy, and dy.
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2. {wy }res satisfy the calibration equations:
Z WrXk = tx
S

which means that the new weights must estimate well the auxiliary information.

The calibrated estimator is denoted by fyw, so that it is related with the wy weights. We
consider a function distance G (w,d) such that :

1. for every fixed d > 0,Gi(w,d) > 0 , differentiable with respect to w , strictly convex,
defined on an interval Dg(d) such that d € Dy(d);

2. Gi(d,d) = 0;

3. gr(w,d) = 78Gk(w’d)

Imy(d) is one-to-one fashion.

is continuous and the function that transforms the interval Dy (d) in

The request that w; would be as close as possible to dj is equivalent to minimize the average
distance E,{> . Gp(wg,dr)}. Deville & Sérndal (1992) apply the Lagrange multipliers method
which leads to the following weights, called calibration weights:

wy, = di Fj, (x3\)

where F(0) = 1,4 = F[(0) > 0, dyF} is the reciprocal mapping of gi(',d;) and A =
(A1, oy A, ..., Ag) is the vector of Lagrange multipliers. We determine A from the calibra-
tion equations :

tx = Z WXk = Z dka(Xi{A)Xk.

Deville & Sarndal (1992) suppose conditions which ensure that the above equation has a unique
solution belonging to C' = Ngey{ A : XA € Imy(dj)} with a probability tending to one. With A
determined, we can write the calibration estimator for ¢, :

tyw = Zwkyk = Z g Fre (X3 A Y-
S S
Several remarks on the derivation of the calibration estimator must be made:

1. The vector A is determined solving the calibration system:

bs(X) = tx — txr where

3s(A) = Y di{Fr(xa'A) — 1}

Deville & Sarndal (1992) propose Newton’s algorithm for obtaining A, assuring that this method
converge quickly.

2. Different choices of the distance function lead to different estimators. The most important
case is Fj(u) = 1 + gru when we obtain the generalized regression estimator:

fyreg = Zwkyk = 7§y7r + (tx - fxﬂ'),Bs

S
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where tx, = Y, dix) (vespectively #,,) is the m-estimator for the total of xi (respectively of ))
and

-1
B, = (Z dekaXk/> > dkgexicyi-

Focusing on the weights, the calibration technique leads to the same generalized regression esti-
mator obtained by Sérndal (1980) when a regression of ) through the X1, ..., X, was considered.
So, we have two different approach, the calibration technique and the regression, which leads to
the same estimator.

3. With the assumption that a solution A exists, the different choices for Fj can lead to
negative weights, which are not desired for an estimation of the variance. Deville & Sérndal
(1992) modify properly the function Fj such that the resulting weights are positive.

Suppose now that n, N — oo and :
e (C1) lim N1ty < oo;
e (C2) N~!(ixs — tx) — 0 in design probability ;
e (C3) n%Nfl(z?mT — tx) converges in distribution to N (0, A);
e (C4) max||xk|| = M < o0
e (C5) max F{/(0) = M’ < 0.
We have the following result:

Result 24 (Deville and Sédrndal 1992): Under the supposed conditions, fyw has the following
properties :

1. fyw is design-consistent and at least asymptotically design-unbiased (ADU)
PR . _1
N 1(tyw —tyx) = Op(n™2)

if there exists a solution A of the calibration equations.

2. fyw 1s asymptotically equivalent to the regression estimator fyreg for any Fy, that satisfies
the condition (C5) from above.

~

Nﬁl(tyw —tyreg) = Op(nil)
and consequently V (tyy) = V(tyreq)-

From the second point, it results that the choice of Fj, is not of great importance for the derivation
of the variance of fyw because all the estimators are asymptotically equivalent with the regression
estimator. This result has important consequences on the derivation of the variance and variance
estimation of fyw. We have :

~

V(tyw) = Vitreg) = > Y AwdpBy) (di )
u u



7.2. CALIBRATION TECHNIQUE 63

where Ej, =y — XLB and B = O>-u qukxi()_l >y GkXxYk- To estimate the variance, we need
an estimator for B, which is given by :

-1
Bws = (Z kakaXL> (Z kakayk>
S S

and then

V(iwn) = 305 24 (uwper)(wner)

— Tk

,
where ey, =y, — X B4-

In conclusion, we can summarize the following:
1. For a sample s and for chosen F}, we solve the calibration equation for obtaining A.

2. When A is determined, we derive the calibration estimator:

byw =Y wkyr = Y diFi (5 A) Y-

3. The variance estimate is equal to the variance estimate for the regression estimator, with
the residuals e; of ) on the calibrated variables:

Vitws) =D > %(wkekz)(wl@l)

Tkl

7.2.1 Calibration method with CALMAR

The emphasis in this section is on improving estimates in the presence of auxiliary information
by using regression models. In this case, the only requirement about the auxiliary information is
that the population total must be known. When the value of an auxiliary variable for each unit
in the population is known, more complex models may be used. A model of regression as studied
above will improve our estimate if it reduces its variance. This is achieved if the population fit
residuals Ey = y — XLB are small, namely that it exists a strong linear relationship between
the variable of interest and the auxiliary variable. On the contrary case, the variance could be
large. This justifies the use of more general models, as the nonparametric ones. We study in
more details this situation in the following.



