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Aim and Objectives of Deliverable 3.1

Within the European Statistical System (ESS) more and more quality reports have to be
produced for the different surveys. One component of these reports contains information
on the accuracy of the estimates. In general, this information is based on variance com-
ponents which have to be estimated from the same sample. Hence, variance estimation
techniques play an important role in modern survey statistics.

Measuring the accuracy of estimates such as totals, means or proportions generally re-
quires to apply the appropriate variance estimation methodology. This allows for deriving
standard errors, confidence intervals and other similar measures as well as design effects
which help measuring the impact of sampling designs on the outcome of the estimates. In
general, two different methodologies can be applied for variance estimation of non-linear
estimators, linearization and resampling methods. The efficiency of the variance estim-
ators is mainly based on the properties of the point estimators as well as of the possible
skewness of the variable of interest. Further, complex sampling designs may question
the appropriateness of the variance estimation methodology and may lead to unusual
conclusions which are of major practical impact.

The methodology captured in work package 3 covers two of the most frequently en-
countered problems of variance estimation in modern sample surveys. The first one is
the presence of complex sampling designs, these issues are mainly dealt with in deliv-
erable 3.1. The second one is the necessity of using complex (point) estimators, e.g. if
poverty indicators need to be estimated or their change over time, which is the main focus
of deliverable 3.2 (see MUNNICH and ZINS, 2011).

The aim of deliverable 3.1 is to give an overview of modern variance estimation meth-
ods. The efficiency of the variance estimation methods can only be tested in a practical
environment which is achieved within a large scale simulation study.

The deliverable is structured in the following way. The introduction provides a frame-
work with some much needed nomenclature and gives also a short summary on well known
variance estimators. Thereby elements of complex sample survey designs such as strati-
fication and multistage sampling are already introduced. Chapter 2 is dedicated to the
problem of variance estimator in the presence of unequal probability sampling. It is for
instance not uncommon in household surveys, such as in EU-SILC, to sample households
with probability proportional to size, i.e. the number of persons living in the particular
household. Chapter 3 gives an overview on the existing resampling methods and deals
with their implementation in the presence of complex sampling designs, in particular with
multi-stage sampling and unequal selection probabilities. Chapter 4 includes the results
from a small simulation study, which analyses explicitly the effects of the cluster sampling
at the first stage in two-stage sampling designs. That is, we examined the influence on
variance estimates of large variations in the size of the Primary Sampling Units (PSUs),
the mean value of the PSUs and the variance within the PSUs.
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Chapter 1

Introduction

In the European Statistical System quality reports gain increasingly in importance. Es-
pecially the accuracy measurement of point estimators like totals, means or ratios plays a
major role. This can be done by using measures like the root mean square error or provid-
ing confidence intervals for estimates. A central component of all criteria is the variance
of the point estimator which is also an accuracy criterion by itself (cf. MUNNICH, 2008,
p.319f.). In practice the true value of the variance is unknown and therefore has to be
estimated from the sample. The complexity of the variance estimation depends highly on
the sampling designs or parameters like the size of the Primary Sampling Units (PSUs) or
the homogeneity of the units within and between the PSUs. The aim of this deliverable is
to present different variance estimation methods which can be used for different sampling
designs and constellations of parameters.

First, we introduce a general framework which serves as the basis of our analysis. Let us
consider the finite population U of N identifiable units, so that they can be represented
by integers 1,2, ..., N, U = {1, ..., N}. Now we want to draw a sample of n units from
U by means of random sample without replacement. A sample s can be defined by the
following column vector (cf. TILLE, 2006, p. 8)

s=(Iy, ..., T;, ..., In)" € {0,1}", (1.1)

where
1 if 4
T — 1 Z €s
0 if i¢s
Now a design specifies a probability distribution function p(.) on

Sn={s€{0,1}" >,y Li = n},

i.e on all non-empty subsets s of n distinct units from U, (cf. TILLE, 2006, p. 10 and 14)
hence,

STps)=1  and  p(s) >0 VseS,

sESn

If p(.) satisfies the above condition, we call it a fixed size sampling design without re-
placement, (cf. BERGER, 1998a, p.149f.). A sample S is then drawn by means of p(.)
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such that Pr(S = s) = p(s). The probability of inclusion for the i-th element in U is
denoted by m;, with m; = >~ . p(s) and the second order inclusion probability 7;;, with
Tij = Zsa{ij} p(s). We can now use the Horvitz-Thompson estimator

7= Zyz : (1.2)

i€s
to estimate the total 7= )., v;.

Two basic sampling designs of this paper are stratified random sampling and two stage
cluster sampling. Further sampling designs in this paper are mainly combinations of this
sampling designs. In case of stratified random sampling the population is divided into H
strata h (h =1,..., H) of size N}, with N; + Ny + ...+ N, = N. In each stratum a sample
of size ny is drawn. When the parameter of interest is a total value the variance of this
estimator is computed by:

d u Ny —n o2
V (fsirrs) = >V (fa) = > _ N - (%) Lk (1.3)
with

Np

1
2— . . — 2
Oh = N, —1 Z(yhz Un)" -

=1

This variance can be estimated by:

1 Ny —n 52
V (7surs) = Y _ Ni- (u) iy (1.4)
h=1

Ny, np

with

np
nh—l Z Yni —
=1

(cf. LOHR, 1999, p. 991F.).

When a two stage cluster sampling is used the variance of the point estimator is defined

by

Vv (0) —V, [EQ (0)} T E [VQ (9)] (1.5)
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4 CHAPTER 1. INTRODUCTION

where E; indicates the expected value over all possible units of the first stage and E5 the
expected value over all possible units of the second stage for a given set of units of the first

stage. Vi is the variance over the drawn PSUs and V, (é) the variance over all possible

Secondary Sampling Units (SSUs) for a given set of selected PSUs (cf. COCHRAN, 1977,
p.275£).

Hence, in case of two stage cluster sampling the variance of a point estimator consists of
two components: the first component is the variance of the several units of the first stage
and the second component is the variance of the SSUs within the several PSUs (cf. LOHR,
1999, p. 147).

The variance of a total value can be estimated by

! 2

. W (N —n"\ s N, n{' s;
V (Togt) = N 2- .2k N;? . 1.6
(TQSt) ( N/ ) 7 + n/ Z ( Z ) n ( )

)

2

with

and

(cf. LOHR, 1999, p. 147).

N’ indicates the number of PSUs in the universe at stage 1 and n’ their number in the
sample. N, indicates the number of SSUs in the universe in a certain PSU i at stage 2
and n; the number of drawn SSUs in the PSU 4. This procedure can easily be extended
to sampling designs with more than two stages.

The direct variance estimator of both, a two stage design with stratification at the first
stage is given by:

l

H ’ ’ 2 H / 2

V(4 _ N2 Ny, —mny, Se Nh N"z th nhz Shi
(Tast) = e\ TN ) + 7 hi N )
1 h ny, np, N, '

with
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p, ~ 2
e / 2 /
and

1
Thi

2 1 - — \2

Shi = 4 1’ E (Unig = Uni)

nhi q=1

(cf. for an example of a stratified three stage design PRESTON, 2009, p.228).
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Chapter 2

Variance Estimators and their
Approximation

2.1 Variance of the Horvitz-Thompson Estimator

The variance of 7, as defined in (1.2), is calculated by

V(7) :Zm(l—m) (i—:) +2.ZZ(Wij_7ri.7rj>.%.7yr_j' (2.1)

€U

For the derivation of the above variance see COCHRAN (1977), p. 260. An unbiased
estimator for the variance in (2.1) is given by

V(%):Za_m)-(%) +2-ZZ(1—7”7T'—;”)-%%- (2.2)

ics i=1 j>i

The justification of the variance estimator in (2.2) can be found in SARNDAL et al. (1992),
p. 44. Although they use another notation for (2.2), V(7) = 3.3, 2 (& - 1> YiYs,

with 3737 aij =3 e, @i+ D e D e, @ij and @ # j, which is equivalent to (2.2). In case
of fixed size designs YATES and GRUNDY (1953), p. 257, established an alternative to the

variance estimator in (2.2). Thereafter the variance in (2.1) can also be written as

1 N N n n 2
V(?)=—§ZZ(%—W¢'%)'(%——],> (2.3)
ey T T
_ ey (Y Y
_;;m i) (7%‘ Wj) ’

and its unbiased estimate is given by
V(7)) = MU B R N 2.4
=3 P I (L (2.4

i=1 j<i
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2.2 VARIANCE ESTIMATION WHEN SAMPLING WITH REPLACEMENT 7

(cf. CoCHRAN, 1977, p. 260f.). For (2.4) and (2.2) to be unbiased, a necessary and
sufficient condition is that m;; > 0, V 4,0 € Y. However, for both variance estimates to
be strictly non negative a sufficient condition is that m; - m; > m;;, V4,5 € U, i # j, (cf.
TILLE, 1996, p. 179).

With the two variances estimators (2.4) and (2.2) it is possible to handle all common
sample designs. In practice, however, there are drawbacks with these estimators. First,
the double sum which appears in both formulas involves a fast growing mass of terms
which demands that these variance estimators be calculated recursively, (see, DEVILLE,
1999, p.194). Second, the second order inclusion probabilities 7;; are difficult to obtain
for most samples designs applied in practice. Only in rare cases with simple schemes they
are easily calulated, e.g. for a simple random sample (SRS) design without replacement
(WoR) the 7;;s are given by

% i=jNi,j<N

T = . (25)
n-(n-1) o
N-(N-1)

The probabilities result from the hypergeometric distribution, i.e. the number of samples
including the ¢-th element (N _1) respectively the ¢-th and j-th element (]X __22) divided by

n—1
the number of all possible samples (]X ) Inserting the above inclusion probabilities into
(2.4) yields

s o~ (7P n(n—1) v oy )
V(7)=N"- 5~ == - = 2.6
) ,Z(Nz N-(N—l)) (n/N n/N) (2:6)
1 g<t
N N
N —n 1 1
_ 2 N2
=N T N )
i j<i
N N
:NQ_%'Zizl(yi_%'2j21yj)2']v—n
n N —1
o2 N—n
— N2.Y.
n N-—1"

where o7 denotes the variance of variable y, (cf. MUNNICH, 2005, p.55). Substituting o
by a suitable estimate 67, in case of SRS by —5 - 3" (3 — = - Y27, y;)?, leads to the

variance estimate V(7).

2.2 Variance Estimation when Sampling With Re-
placement

To avoid the calculation of the double sum in (2.4) or (2.2) in the presence of more
complex designs different approximations can be found in the literature that only use
m; but dispense with the m;;, (cf. BERGER and SKINNER, 2004). One way to evade
the computation of this large number of cross-products is to use variance estimation for

AMELI-WP3-D3.1



8 CHAPTER 2. VARIANCE ESTIMATORS AND THEIR APPROXIMATION

samples drawn with replacement. Thus, we treat the sample as it would have been drawn
by more simple design than the true one. The estimation of 7 from a sample drawn with
replacement can be done by the Hansen-Hurwitz estimator, (see SARNDAL et al., 1992,
p.5l1f.).

) 1 ¢
THH = E ;Zi , (2-7>

where Z; is a random variable such that

_ Y
Pk

Z;

that is, if the k-th element is selected in the i-th draw and p; is the selection proability
of the k-th element. Further, we have the following relationship between the inclusion
probability 7, and pg

and if py is small, which is reasonable if NV is large, then 7, = np;. It follows that

Vi=1,...,n: 1%(@:J&>=pm k=1,...,N.

Pk

The estimator in (2.7) is unbiased for the population total 7, because
E(Z;) = Zk@, g—z - pr = 7 and its variance is

V(%HH)—Z(%—T)Q-M%- (2.8)

wev \Pk

An unbiased estimator of the variance in (2.8) is given by

n

V (#in) = ;_Z (Zi = #un)? (2.9)
n-(n—1)4%

the proof of (2.8) and (2.9) can be found in SARNDAL et al. (1992), p. 52. The variance
estimate in (2.9) can now be used to obtain a simplified variance estimation for (1.2), (cf.
SARNDAL et al., 1992, p.422)

Vo(%):ﬁ-z<%—%)2, (2.10)

kes Pk

where py, is taken as p, = 7t for k € s. By using (2.10) instead of (2.4) or (2.2) we
calculate the variance estimator as if the sample was drawn with replacement, whereas
it was actually drawn without replacement. But this computational simplification that
results from getting rid of the m;; has the drawback that Vo will not be without bias for

© http://ameli.surveystatistics.net/ - 2011
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2.3 VARIANCE APPROXIMATIONS 9

V(7), (see SARNDAL et al., 1992, p.422). However, this bias which is for any fixed sample
size design given by

n

E(Vo(#)) = V(7) = == ((7) = V(7)) , (2.11)

n—1

with V(7) given in (2.1) or (2.3), will be positive in cases where sampling without re-
placement results in a lower sampling variance than sampling with replacement, as it is
the case for SRS. Thus, the use of (2.10) will lead to the construction of over conservative
confidence intervals, whereas for unequal proability sampling this need not to be the case,
(cf. GABLER, 1990, p. 64f.). A sufficient conditon for V(7)) — V(7) to be nonnegative is

1
mgzmem(l=—), Y odjel i) (2.12)

which can be seen from rewriting (2.8) in following way

N N N N y y 2
. k !
V<THH):Z_]€_E:EZZ<___) Dk - Pu s (2.13)

P D

having in mind that p;, = 7% it follows that (2.13) is always greater than (2.3) if condition
(2.12) is met, e.g. in cases of SRS WoR.

Although condition (2.12) is sufficient, it is not a necessary one. A weaker condition, yet
still not a necessary one, is given be GABLER (1990), p. 69f., which states that if

then Vy(7) > V(7), (see also GABLER, 1984, for another sufficient condition).

Thus, we conclude that in some cases (2.9) might serve as an easy to compute estimate
for an upper bound for the sampling variance when sampling without replacement. This
simplification is, however, limited by the fact that we need to know the m;;’s to be sure
that (2.8) is greater than (2.1) or (2.3).

2.3 Variance Approximations

To begin of this section we start with an alternative formulation for the variance of the
Horvitz-Thompson estimator for fixed sample sizes (2.3), (cf. BREWER, 2003, p.149).
This approch will lead to a first approximation of (2.3) and show to what extent approx-
imations of the second order inclusion probabilities are needed. First we begin with some
general properties of the inclusion probabilities, which should be respected by proposed
variance approximations, (cf. TILLE, 1996, p. 184):

Zﬂ'ij =m;-(n—1) (2.14a)
iU
2]

AMELI-WP3-D3.1



10 CHAPTER 2. VARIANCE ESTIMATORS AND THEIR APPROXIMATION

>N my=n-(n—1) (2.14D)

JeU el
i#]
Z Z T =n’ — Zﬂf (2.14c)
JeEU el Jjeu
G
Z(’ﬂ'i’ﬂ'j — 7T,;j) = 7Tj(1 — 7Tj) (214d>
iU
i#j

Ve 43 e m (2-2) - (22 219

i=1 j#i
N v; . 2
S S (40)
i=1 j#i
NN Y T Yy T
_ - AT 23
ZZ(W Tj — Tij) (m n) (W] n) g
=1 j#i

V() —fjmu — ) (y— - 1)2 (2.16)

N N - i
i j

Y3 memm (2-7)-(2-7)
The first term in (2.16) equals (2.9) for p;, = 7, /n with a finite population correction term
(1 —m;) and constitutes the major part of the variance of 7 (cf., BREWER, 2003, p. 149f.).
The importance of the second term in (2.16) depends on the sampling design p(.). For
the second term to be negligiable compared to the first term, p(.) must be of the form
that m;; ~ m; - m;. For example this is justifiable in case of SRS, (see (2.5)). However, if
the second term in (2.16) is expected to become important one can look for more suitable
approximations of m;;, which lead to proxy variances of 7 having the simple form of the
first term in (2.16). This will be the main concern for rest of the section. To do so we
start by considering Poisson sampling.

Poisson sampling is a design for which the variance of (1.2) can be derived as easily as for
the Hansen-Hurwitz estimator, where only the 7;’s have to be known. Because in Poisson
sample all elements of the random vector s in (1.1) are independent random variables.
Poisson sampling is defined by

ppoiss<§) = sz H 1-— Di,

€5 U\S

with numbers 0 < p; < 1Vi € U (see HAJEK, 1981, p.54). Poisson sampling has a
random sample size 71, with E(72) = SN p; and V(7) = 32, pi(1 —p;). Further we have

© http://ameli.surveystatistics.net/ - 2011
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2.3 VARIANCE APPROXIMATIONS 11

first-order inclusion probabilities, 7w; = p; Vi € U and second-order inclusion probabilities
Tij = pip; 1, j € U, i # j. Thus, if § is a sample drawn after p,oiss(.), then

2
2 Yi Yi - ~
Vp01ss p01ss ( E oy > = g F : 7Tz(1 - 7Tz') N (217)

1€S el

where Vs denotes the variance under the design pyeiss(.). Note that (2.17) contains
also m; because it is the variance of estimator (1.2) computed under Poisson sampling,
(cf. DEVILLE and TILLE, 2005, p.573). To have a fixed sample size we make ppoiss(.) &
conditional Poisson sampling design given that its sample size 7 is fixed to n. Heuristically
we can describe such a fix size Poisson sampling design as

ppoiss(g)
P(5€S,)’

=n)=

31

pp01ss (<§|

where ppoiss(5|7 =n) = 01if § ¢ S, and P(5 € S,,) denotes the probability under design
Dpoiss that the size of § is n (see BERGER, 2004b, p.454). The problem connected with
the conditioning on P(§ € S,) is to reevaluate the 7;’s. They can be computed exactly
(see HAJEK, 1981, chapter. 14), but in HAJEK (1964, p. 1508ff) it is shown that we can
approximate 7; by ;.

We may then write for the variance of 7
V(%) = Vpoiss (T =n) ,

(cf. MATEI and TILLE, 2005, p.548). If we assume that through Poisson sampling the
couple {7, n} is bivariate normal distributed (cf. DEVILLE and TILLE, 2005, p. 573) then,
by exploiting the linear relation between 7 and n, it is possible to write

vpoiss (%‘ﬁ = TL) = Vpoiss<72 + (n - ﬁ) . ﬁ) ; (218>

7)

CovpOlSS (n

3
p01ss (ﬁ)

b

and

yz
CoVpoiss (72, T) E (1 —7) ,

€U i

p01ss E 7Tz 1_ 7Tz .

€U
If we define b; = 7;(1 — 7;) we get the following variance approximation formula
approx sz E (219)
1<
where
Yi

€ = — —
T

AMELI-WP3-D3.1



12 CHAPTER 2. VARIANCE ESTIMATORS AND THEIR APPROXIMATION

Approximation (2.19) is valid for the class of maximum entropy designs, which are designs
that maximise the quantity

— 3" p(s) log p(s)

SES

under condition m; = )" .. p(s), which is met by conditional Poisson samplign p(.) (cf.
MATEI and TILLE, 2005).

Depending on the choice of b; there exist numerous variants of approximation (2.19). An
analysis of the literature on different values of b; can be found in MATEI and TILLE (2005).

2.3.1 Hajek Approximation

HAJEK (1964), p. 1509, proposed the following relation between the probabilities m; and
7Tij

T — Ty = d_l - T (]_ — 7Ti) STy (]_ - 7Tj) []. + 0(1)] s (220)

where d = >, ;7 - (1 —m;) and o(1) — 0 if d — oo. The relation above is vaild
for rejective sampling, which he defines as a conditional Poisson sampling or conditional
sampling with replacement, (cf. HAJEK, 1981, p.66f.). Thus, we can write:

my Ry (1= (1 —m) (1—m)-d) l<i#j<N. (2.21)

Inserting (2.21) into (2.3) gives the following approximation for V (7)

Vig(F) = > mi(l =) - <y— - B)2 , (2.22)

Zieu i_ (1 —m)
Zz‘eu mi(1 — )

Now the right-hand side of formula (2.20) may be approximated by the prodcut ¢;c; where
¢ = m(1l—m) - Vd . But because this does not satisfy the relation (2.14d) let ¢; be

set to ¢; = m(1 — N\;) - Vd, ! and dy = Zjvzl m;(1 = A;). HAJEK (1981), p. 27, gives an
approximation of the m;(1 — \;) terms, which can be described, in line with the general
approximation in (2.19), in the following way

(1=
nasek; = mi(1 = N) = m(1 —m) - {1 - W(d—)] : (2.23)
A

A value for m;(1 — ;) is then obtained by iteration. For the first iteration inserting
mi(1—X;) = (1 — m;) on the right hand side. The obtained value is then again insterted
on the right hand side of (2.23), this process is repeated until the results become stable
as m;(1 — ;) converges to m;(1 — m;) (cf. HAJEK, 1981, p.76). As a compromise between

© http://ameli.surveystatistics.net/ - 2011
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2.3 VARIANCE APPROXIMATIONS 13

simplicity and precision HAJEK (1981) proposed for small 7;’s the following approximation
for bz

n—1

nasekb; = mi(1 — i) - (2.24)

For m; = & Vi € U (2.22) becomes the standard variance estimator (2.6), (cf. BERGER,
2003, p.9 ). Note that if T is substituted by B in (2.22) equals the first term in (2.16).
n

Furthermore, BERGER (1998a), showed that (2.21) can also be used for a class of highly
randomized or high entropy sampling designs (cf. BERGER, 2004a, p.307), which includes
amongst others the RaoSampford sampling design (see, SAMPFORD, 1967).

Fixed-Point Approximation

Rewrite the general approximation in (2.19) as

v (%)_Zy_g , b o1 Sy Y5 pob. (2.25)
approx 2 ¢ ZjEM bj Z b; i T4 o '

el v

DEVILLE and TILLE (2005) proposed, by comparing (2.25) with (2.1), to obtain a most
accurate approximation of the variance of 7 by solving the following equation system to
find another approximation of b;,
b?
Z jeu bj

Because (2.26) is a non linear equation system the b; can be approximated by iteration,
(see also TILLE, 2006, p.139f.). To solve, (2.26) DEVILLE and TILLE (2005) suggested a
fixed-point algorithm by using the recurrence equation until convergence

-]

bgk) - ZZ——FWi(l—%’) for £=0,1,2,3, ... (2.27)
icup(E

and as starting value b§°)

N

O = m(1 - m) -
Though there the following necessary conditon has to hold in order to find a unique
solution to (2.27),

7Tz<]. - 7Ti) <

max =

IisN Y oy mi(1—m5) 2 ’
(cf. DEVILLE and TILLE, 2005, p.575). If the process does not converge TILLE (2006),
suggestes to use the values bgl) obtained after one iteration, where

Nﬂ'z(l —7'('1‘)
(N—-1)- Zjeu (1 —m;)

Note that the proceeding described above is quite simular to HAJEK (1981) iterative
approach to solving (2.23).

bgl) :71'1'(].—71'1‘) . +1
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14 CHAPTER 2. VARIANCE ESTIMATORS AND THEIR APPROXIMATION

Adjustment on Marginal Totals

In order to find an approximation which respects the constraint (2.14a), TILLE (1996)
applies the Iterative Proportional Fitting Procedure to the matrix A = [a;;], where

o 3T 1f27éj
Y= 0 if i = j

Matrix A is adjusted on the marginals totals 7, = (71, ..., Thi, - - -, Tpn) and Tl: where
Thi = m; - (n — 1). This can be achieved be applying the following algorithm:

771-(0) =m, Vielu,

(2k—1) _ (n—1)m and
g n(2k—2) _ m(%—?)
(2 — 21 [ n(n —1) v
(1) = i ()

where
=Nk for k=0,1,2,3,...
=
(cf., TILLE, 1996, p.185). Then the coefficients 7; are used to approximate the second
order inclusion probabilities, i.e. m;; & 7;n;.

2.3.2 Brewer Approximation

There exists another class of approximate expressions for the variance of 7 proposed by
BREWER (2003) and BREWER and DONADIO (2003). They use an approximation for the
m;; derived by HARTLEY and RAO (1962) for a randomized systematic sampling scheme
with unequal inclusion probabilities of the following form

1 * *
Tij A i, (c+¢) (2.28)
where
_ (n—1) 725 : 2 T

An approximation for the variance in (2.3) is obtained by developing the second term in
(2.16) with (2.28), which yields

éﬁ(l —c)- (j’r— - %)2 . (2.29)

Adding to the term above the first term in (2.16) gives the following approximation

2
- Yi T

Virew § : J- (2 -1 2.30

Brew (7) mi(1 — ) (m n) (2.30)
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2.3.3 Estimators for Variance Approximations

Whereas the previews section gave an obverview of possible approximations to variance
(2.3), this section introduces some estimators for these approximations. Following the
typology of MATEI and TILLE (2005) we will distinguish between two types of estimators
for variance approximations, estimators of type I that require knowledge of 7; for all 7 € s
and estimators of type 2 requiring knowledge of 7; for all 1 € U.

Type 1 Variances Estimates

From the general variance approximation (2.22) a plausible estimator can be written as

N bi

Vapprox (7) = Z o2 G (2.31)
ics
where
e;=vy; — B (2.32)
~ Z s 7yr_] ) I;
and B="0m 7 4 (2.33)
jEs bj

Depending on the the choice of BZ numerous estimates have been proposed in the literature,
(see, MATEI and TILLE, 2005, Cap.4). A simple value for b; could be

161‘ = (1 - 7Ti)

2.34
m— (2.34)
which lead for SRS to the standard variance estimator of (2.6). A more complex choice
of b; proposed by DEVILLE, 1999 is given by

oby = (1 — ) [1 - Z 21_—17_’“7”] . (2.35)

Also Fixed-Point Approximation can be used to obtain a value for b;. The same algorithm
is applied as described in section (2.3.1) except that the right hand side of equation (2.26)
and second term on right hand side of (2.27) are multiplied by 7; . The initial value for
the algoritm would be

362(0) = (1 — 7Tz') . i

n—1"
and a necessary conditon that a solution exists is

max ————— < -,

AT - "2
(cf. TILLE, 2006, p. 141f). If the process does not converge TILLE (2006) suggests to use
the values 31351) obtained after one iteration:

n-(1—m)

=1 -

3[3(1) = (1 — 7Ti) .

7
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16 CHAPTER 2. VARIANCE ESTIMATORS AND THEIR APPROXIMATION

Rosén suggested an estimator (cf. ROSEN, 1997, p. 167f.) with b = 1(3i, but substituting

B in (2.32) by

Zjes fr_; ) 1;_?1n(1 - 71—]')
Yjes 5 (1 =)

In accordance with variance approximation (2.30) BREWER (2003) and BREWER and

DONADIO (2003) constructed a variance estimator which they claim to be design-unbiased
under SRS. This variance estimator is given by

T‘B:

* TG

1
SN o I
vBreW(T):ZT. i) (2.36)

where (2.36) is the corresponding Horvitz-Thompson estimator to the sum in (2.30) correc-
ted by a factor ¢; =1, (cf. BREWER and DONADIO, 2003, p.6). BREWER (2003) proposed

a selection of choices for ¢;. One of them belongs to the category of Type 1 estimators:
- n—1

Ak

1C;

n—m
The implicit motivation for the choice of & is given by the relation (2.14d), (see BREWER
and DoONADIO, 2003, p.5).

Type 2 Variances Estimates

From the work of BERGER (1998b) the following value of b; can be suggested, (see MATEI
and TILLE, 2005, p. 554):

4bi = (1—m)

n_ | _Zyelom ] . (2.37)

n—1 [Zjeu (1 — ;)
Till's approach (cf. TILLE, 1996, p.184f.) of approximating the m;;’s as described in
section (2.3.1) can be used to derive an estimate of the form

2

~ R A~ 5?)1' Zjes 7yr_§ ) 5Bj
Virine(7) = Z5bi Z S|\ ™ (2.38)
T Z]Es 5bj

jEs ics
N 2
n T
) E Yi—— T
1€8
where
A~ 7TZ
5bi = —
i

with 7; obtained by the alogrithm presented in section (2.3.1). Note that the second term
in (2.38) corresponds to the estimator in (2.31) with b; = 1V i € U.
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Finally, there are three variants of estimate (2.36) which belong to category Type 2 es-
timators, (see BREWER, 2003, p. 152f and 156f.):

L& = n—1
Yjeum;
n— =R
n—1
Ak n
3C = 2
e 2jeuT;
n—1
2 n
4C = .
1— (2n—1)m; + Zjeu 7r32'
n(n—1) n(n—1)

The value 5¢* is deduced by comparing relations (2.14b) and (2.14c). The more complex
estimator using 3¢* and 4¢* stem form ¢} used in approximation (2.28), where 4¢* represents
a supposed improvement over 3¢* in terms of unbiasedness for m; = & Vi € U, that is
under SRS.
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Chapter 3

Resampling Methods

The resampling method of variance estimation requires to select two or more (sub-)samples
from a given population, or possibly a sample, and computing a separate estimate of the
population parameter of interest from each sample. Variance estimation is done from
the combination of all samples. The resampling methods differ in the way they generate
the subsamples and with that in the treatment of complex survey designs (cf. MUNNICH,
2005, p. 69).

3.1 Random Groups

The basic idea behind this method is to divide the sample into R groups which are
then randomly selected, usually using the same sampling design, (cf. WOLTER, 2007, p.
21). An estimation of the population parameter of interest is carried out for each of the
subsamples and the whole sample as well. The variance estimation is based on these
repeated estimates. In the context of random groups we can differentiate between two
cases. In the first case, the subsamples are mutually independent, while in the second case
there is a dependency between random groups, (cf. WOLTER, 2007, p. 21). A random
group variance estimator in case of independency can be derived as follows. Let 7 be the
population parameter of interest and 7, its corresponding estimate on basis of the r-th
subsample. Then we can define the point estimator for 7 using the method of random
groups by

e = = i ; (3.1)
TRG = —=" Y Tr. .
RG R £

An unbiased variance estimator for V (7rq) is stated by

N 1 1
Vire) =g =1

T

(7, — Tra)” . (3.2)

R
=1

@ http://ameli.surveystatistics.net/ - 2011


http://ameli.surveystatistics.net/

3.2 BALANCED REPEATED REPLICATION 19

Instead of computing 7 on the basis of the whole sample we take 7grs as a point estimator
and using V (Trg) as its corresponding variance estimator (cf. WOLTER, 2007, p.21ff.,
MUNNICH, 2005, p.70f.). In case of nonindependent subsamples the random group es-
timator (3.1) produces biased estimates. An investigation of the magnitude and sign of
the bias is given in WOLTER (2007, Section 2.4). In surveys the method of random groups
works well with respect to large samples of Primary Sampling Units (PSUs) (cf. RusT,
1985, p. 384). But as mentioned in MUNNICH (2005, p. 71) the method plays a minor part
in practice due to their lack of efficiency and the advancements which are described in the
following sections.

3.2 Balanced Repeated Replication

In presence of a stratified simple random sample (StrSRS) with two PSUs per stratum
the method of random groups leads to an unstable variance estimation in practice. For
such case balanced repeated replication (BRR) was developed (cf. LOoHR, 1999, p.298f.,
SARNDAL et al., 1992, p. 430). This method allows a faster convergence than the method of
random groups. The procedure goes back to MCCARTHY (1966, 1969) and was originally
called balanced half samples (cf. MUNNICH, 2005, p. 71).

In the basic model each of the H strata consists of two PSUs. Only one element per
stratum is drawn, so we take a half sample. As a result 2 half samples are possible and
with a large number of strata this could lead to a huge computational effort. To reduce
the complexity we try to select a balanced set of half samples R with R < 27 . Now
let this set of R half samples by defined through a R x H matrix RH with the (r,h)-th
element 9,;, = +1 or -1, indicating whether the PSU from the h-th stratum selected for
the r-th half sample is the first or the second PSU. Then the set of R half-samples is said
to be balanced if

R
> by =0 VhENL, (3.3)
r=1

(cf. SHAO et al., 1998, p. 822, WOLTER, 2007, p.107ff., MUNNICH, 2008, p.325f.).
A balanced matrix RH can be obtained by using a R x R Hadamard matrix. The
rows of a Hadamard matrix denote the half samples and the columns the strata, where
H+1< R < H+4, (cf. MUNNICH, 2008, p.325f., SHAO et al., 1998, p. 822). Because its
rows and columns are mutually orthogonal it fulfills condition (3.3) hence the half samples
are drawn mutually independent. An example for an Hadamard matrix of dimension 8 x 8:

1 1 1 1 1 1 1
-1 1 -1 1 -1 1 -1

RH =

— = = = = = e
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20 CHAPTER 3. RESAMPLING METHODS

(cf. DAVISON and SARDY, 2004, p. 18).

The weights of the chosen elements have to be adjusted and multiplied by 2 (cf. SHAO
et al., 1998, p. 822). As before by applying the method of random groups the population
parameter of interest 7, is computed on the base of each replication, here, by using bal-
anced repeated replication on each half sample. Then a standard BRR variance estimator
is given by

M::

VBRR — strrs) (3.5)

r=1

where Tgyps is the estimated total in case of stratified random sampling (StrRS) (cf.
MUNNICH, 2005, p.74).

The basic model, as described before, doesn’t reflect a realistic scenario. In practice the
elements per stratum are larger than two (n, > 2) and associated with a smaller number
of strata. Therefore the basic model has to be extended. One possibility is to divide the
PSUs in a stratum A randomly into two groups of sizes n,1 = [ns/2] and npe = np—np 1.
For a possibility to handle the case when ny is odd see KOVACEVIC and YUNG (1997,
p-45). A set of R replicates continues to be balanced, if in any two strata, pairs of groups
have the same frequency of appearing in the R-replication (cf. WOLTER, 2007, p. 128 ff.,
DAVISON and SARDY, 2004, p.18f., RAO and SHAO, 1996, p.343f., MUNNICH, 2008,
p. 326, MUNNICH, 2005, p. 77, SHAO et al., 1998, p.824).

The weights of the r-th replicate have to be adjusted:

p —

. . 1/27
Why; * 1+ {nh’2 (1 fh)} ) 5rh = 17

Np,1
) . B N

(1 — 1/27]
Wh * 1_{M} , 57"}1:_15

np.2
\ L .

where (1 — f5) is a correction when the sampling design is without replacement (cf. DAV-
ISON and SARDY, 2004, p. 18, MUNNICH, 2005, p.77).

The variance estimator of the grouped balanced repeated replication (GBRR) is also
adequate to the basic model and unbiased:

Vesrr (7) = _ 1 Z (3.7)

r=1

(cf. MUNNICH, 2005, p. 77).
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The BRR variance estimator can lead to instable variance estimates for two reasons (cf.
e.g. DAVISON and SARDY, 2004, p.19, DAVISON and SARDY, 2007, p. 375, VALLIANT,
1987, p.80). The first reason results from (3.5) whose distribution is cx%_,. Thus, the

coefficient of variation is roughly (2/ R)l/ ?_where ¢ is a constant and > 0. The coefficient
of variation increases in case of a small R or equivalently a small number of strata H. The
second reason is the high sensitivity of some statistics when the weights are perturbed.
Then the calculation of all the replicate estimates 71, . . . , 7, can be impossible (cf. DAVISON
and SARDY, 2004, p. 19).

For that reason FAY (1989) suggests a scheme which makes the weighting milder by
choosing a factor €, where 0 < ¢ < 1. The weights result from:

; -

(1 — 1/27]
whl. 1+6{M} , 57‘}1:17

Np,1

(1 1/27]
Wh; - 1_5{M} , 57‘h:_]~'

Np2
\ L .

The resulting variance estimator is defined by

R
Vepnrne (7 =7 52 Z Tre—T (3.9)

r=1

(cf. DAVISON and SARDY, 2004, p. 19, MUNNICH, 2005, p. 77f.).

Another proposal is given by RAO and SHAO (1996, p.344). They suggest to repeat the
random grouping 7" times and to compute (3.7) or (3.9) each time and averaging over the
T repetitions:

Vi (7 Z Vaprr (T (3.10)

(cf. RAo and SHAO, 1996, p. 344).

WOLTER (2007, p.130f.) recommends to subdivide the real stratum h (for h = 1,, H)
into my, artificial strata with two elements per stratum and to apply the basic model of
balanced repeated replication (cf. MUNNICH, 2005, p. 78).

For stratified multistage designs half samples are often taken only at the first stage (for
more details see SHAO et al., 1998, p.822ff., SHAO and TuU, 1995, p. 241 ff., RAO et al.,
1992, p.2131f., RusT and RA0, 1996, p.2891ff., RAO and SHAO, 1999, p.405ff.).
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22 CHAPTER 3. RESAMPLING METHODS

3.3 Jackknife

Another resampling method of great importance is the jackknife. This procedure was
first introduced by QUENOUILLE (1949) as a technique which can reduce the estimation
bias of a serial correlation coefficient, but he generalized the method in his 1956 paper
(cf. QUENOUILLE, 1956) with respect to an infinite population context. TUKEY (1958)
proposed to treat this subsample estimator as an independent and identically distributed
random variable which can be used as a variance estimator (cf. WOLTER, 2007, p. 151,
for the following explanations see SHAO and Tu, 1995, p.4ff.). As mentioned before
7 =17(Y1,...,Y,) describes an estimator of an unknown population parameter 7 of interest
like total values. 7; = 7(Y7,...Y;_1,Yi11,...,Y,) is the same statistic, but based on
observations by omitting one of the elements. The jackknife bias estimator of Quenouille
is defined by

baryx = (n—1)- (% : Z%_l- - %) . (3.11)

The jackknife estimator of 7 which reduces the bias results from

. N o (n—1) K.
Tagk =7 —bapgx =n-7 — ” -ZT_i. (3.12)
=1
This estimator can also be written as

1 — ,
2 —_.§ 2 3.13
Td1JK n i:1TZ ( )
~/

7 =n-7—(n—1) -7, (where i = 1,...,n) are defined by Tukey as the jackknife

(2
pseudovalues. He made the conjecture that the pseudovalues are nearly independent and

identically distributed and show approximately the same variance as \/n-7. So V (y/n - 7)

can be estimated by the sample variance on the basis of 77, . .., 7/ and with that to estimate
V(%) by
n n 2
Vo () = ——4 i1 7 (3.14)
T) = : T — — - 7; :
dlJK n- (n _ 1) : ) n 4 J
=1 7=1
n n 2
n—1 . 1 .
n n 4
=1 7j=1

This is called the (delete-1) jackknife variance estimator for 7 (cf. SHAO and T'u, 1995,
p.6). As shown in formula (3.14) the delete-1 jackknife estimates the variance by omitting
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one element of the observed sample in each replication and by computing the population
parameter of interest on the basis of these replications. Each element is deleted one time
and in doing so n replications result. This could lead to a huge computational effort with
an increasing sample size. In case of a stratified sampling design the sample weights have
to be adjusted (cf. MUNNICH, 2008, p.326). When for example element 7 in stratum h is
omitted, then the weights for element j in stratum k also have to be recalculated:

Wy, if k £ h,
W = wg /(o — 1), i k=hj A (3.15)
O’ k:h,]:Z,

(cf. DAVISON and SARDY, 2004, p. 14).

In such sample designs the delete-1 jackknife variance estimator is defined as

~ ul 1_fh ’I’Lh—l) o ~ ‘_A—2
leJK,strat Z Z (Th,—z Th) . (316)
h=1 i=1

As mentioned before —¢ implies that element ¢ is omitted. f;, is the sampling fraction in
the h-stratum when the sampling design is without replacement and 7, is the average of
the delete-1 jackknife estimator of the population parameter of interest in stratum h (cf.
MUNNICH, 2008, p. 326).

3.3.1 Delete-1 jackknife for complex survey designs

An example for a delete-1 jackknife for unistage stratified samples with unequal probab-
ilities is given in BERGER (2007). In assuming that our interesting population parameter
0 is obtained by a function of means 6 = g (u1, ..., o), where O is the number of survey
variables. The estimation of 6 is done by the substitution estimator é =g (fi1, ..., o) and
for fip = Y, Wi - y; the so called Héjek estimator is used with wl* = 1/m; (Zves 1/7Tv).

A generalized jackknife which is applicable for unequal probability sampling and strati-
fication is given in CAMPBELL (1980) and is defined by

]ack < > Z Z Mg — M 7y : uf : ué’ (317)

1€Es jESs

with «f = (1 —wh) - <é— 9:1) (cf. BERGER, 2007, p.955). According to BERGER

(2007) this generalized jackknife shows some practical disadvantages as in the case of
the Horvitz-Thompson variance estimator (cf. chapter 2, p. 6). Therefore he proposes
another jackknife for stratified sampling with unequal probabilities by substituting the
second order inclusion probabilities by the Héjek approximation (see section 2.3.1). This
variance estimator is given by

AMELI-WP3-D3.1



24 CHAPTER 3. RESAMPLING METHODS

o () =Y (ug—z%-u;) | 319

h=1 i€sy, JESh

where ¢ = —2— - (1 —m), (i € sp) and Dy = A - Cpi - Opi. When i@ € sp, Oy, is 1 and 0

(nn—1)

otherwise. The quantity )y, is chosen that ), 75; = 1; thus A\, = (Zi@h Ehi)_l, where
Cpi consists of two terms. The first term n,/ (n, — 1) is a correction of the degrees of
freedom and the second term (1 — ;) is the varying finite population correction which
is useful when the sampling fraction is large. The advantage of this jackknife estimator
is that the computation of the exact second order inclusion probabilities is not necessary
and the estimator has always positive values (cf. BERGER, 2007, p.955f.). Under unequal
probability sampling BERGER (2007) shows that his proposed jackknife variance estimator

is consistent under certain conditions (for more details see BERGER, 2007, p. 956 ff.).

In case of multistage sampling the question is at which stage the unities should be deleted.
In the literature often the units at the first stage, so the PSUs, are omitted (cf. RAO et al.,
1992, p.211ff., RusT and RaAo0, 1996, p.287ff.). Then a single replication is obtained
by removing all units which belong to a certain PSU of the original sample. In case of
stratified two stage sampling the weights of the elements of the last stage of the remaining
PSUs in the stratum of the deleted PSUs have to be adjusted. By deleting PSU j in
stratum k the population parameter of interest in a certain replication is computed by:

Z Whiq * Yhiqg + Z { wkiq} *Ykigs

(hiq)€s (kig)€s

where n,, is the number of PSUs in stratum k and h # k and i # j. Whiq 1s the weight
of the element ¢ in PSU 7 in stratum h. The first term refers to the elements which are
not in stratum k. The adjustment of the weights of the elements in stratum k& is done in
the second term. Then a customary delete-1 cluster jackknife variance is applied with the
estimates of the several replications:

H / "y
Vak() =Y G fk)n./(nk mb) (G —7)
k=1 k j=1

(cf. RAO et al., 1992, p.211f., RusT and RAO, 1996, p. 287 ff.).

Another possibility is to apply the delete-1 jackknife at all stages and with that to delete
the elements at the several stages. In case of sampling designs with many stages this can
lead to a huge effort. Under certain conditions like small sampling fractions or homogen-
eous Ultimate Sampling Units (USUs) in the several unities, the exclusive consideration
of the first stage can be sufficient (cf. SARNDAL et al., 1992, p.139f. or LOHR, 1999,
p.209f. for the direct estimator).
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3.3.2 Extensions of the delete-1 jackknife method

Besides its possible computational effort the delete-1 jackknife variance estimator shows
another disadvantage. This method is asymptotically consistent, if the estimator is
smooth. But in case of nonlinear estimators, e.g. sample quantiles, the jackknife could
lead to inconsistent variance estimators (cf. SHAO and Wu, 1989, p. 1176). The proof for
the inconsistent variance estimation of the median with the delete-1 jackknife method is
given in EFRON (1982, p.16). The delete-d jackknife can be used to solve this problem
(cf. SHAO and WU, 1989, p. 1176, for the following explanations to delete-d jackknife see
SHAO and Tu, 1995, Section 2.3 and 5.2).

This extension of the ordinary jackknife is characterized by deleting more elements d from
the given sample with the size n. The population parameter of interest is computed by
the remaining values:

P, =7, (Yii€s), (3.19)

where s, describes a subset of {1,...,n} and has the size d. s¢ indicates the complement
of s,. The delete-d jackknife variance estimator is defined by

- n—d & 1 & ’
VdeK(T): dD . (Tsu_ﬁ';TSu> y (320)

u=1

where S contains all possible subsets of {1,...,n} with size d and D describes their total
number in & which is D = (Z) If d is large it may be very extensive to compute the
delete-d jackknife variance estimator. Then it is the best way to consider only a subset
of §. The question is how to choose these subsets. SHAO and Tu (1995) suggest two
different methods. The first is called balanced subsampling. Here, the selection of the
subsets is systematic. M = {si,...,s,} includes the m selected subsets in S satisfying
two assumptions which are essentially those for balanced repeated replication. At first,
it is necessary that the frequency of being in a subset in M is equal for all elements
(¢ =1,...,n). The second assumption is that the frequency of being in a subset in M
is equal in respect of all pairs of elements (i, j), where 1 < i < j < n. Each subset can
be regarded as a block, so M is called a balanced incomplete block design (BIBD) (cf.
JOHN, 1971). An approximation of the delete-d jackknife variance estimator on the base
of balanced subsampling is given by

2
. ) n—d <=~{. 1 .
VbdeK (T) = d m . Z (T—su — E . ZT_S“> > (321)

where n < m < N.

The selection of subsets with balanced subsampling is still very extensive due to the
enumeration of balanced subsets. The second method has the advantage of being less
complex and is called random subsampling. Here, we draw {si,...,S,} from S using
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26 CHAPTER 3. RESAMPLING METHODS

simple random sampling with replacement and the variance is estimated by formula (3.21)
by omitting these subsets from the sample S.

Simple random sampling without replacement is also possible. If m is much smaller than
D, simple random sampling with replacement and without replacement leads to similar
results. SHAO and Tu (1995) proposed to use simple random sampling with replacement,
because of its simplicity.

In case of a stratified random sampling design the delete-d jackknife variance estimator
can also be applied. But then it is necessary to delete d elements within the strata. The
several strata are divided into my, disjoint groups | of size d, where my, - d = ny. For the
replications these groups are systematically deleted and the delete-d jackknife variance
estimator is defined by

H mp, mp 2

. ) 1— “(np—d Z . 1 Z .

Vaask strat (T) = Z ( fh)m< o (Th’_l Comn Thv_o) | 52
h=1 h =1 L —

Th,—i is the estimator in stratum A which is calculated by deleting group ! of size d from
the observation of the stratum h (cf. MUNNICH, 2005, p.85). By omitting a block of
elements with indexes ¢ € IC in stratum A the weights for element j in stratum k have to
be adjusted:

. W, if k # h,
W = wiy ) (e — KN, ik =h.j ¢ K, (3.23)
Oa k= h,] € IC,

where ||| indicates the number of elements in IC, with that ||| = d (cf. DAVISON and
SARDY, 2004, p.15).

With respect to the consistency and asymptotic properties it can be said that, if an
estimator is less smooth, a large d is necessary. If the estimator is smooth, d can be small
(cf. SHAO and WU, 1989, p. 1176 and for the examination of consistency and asymptotic
properties of the delete-d jackknife see Chapter 3).

Another possibility to reduce the complexity is using the delete-a-group jackknife. Within
the scope of this method the obtained sample is divided into G’ groups. This can be done
randomly (cf. SHAO and Tu, 1995, p.195) or as described in KoTT (2001b) and KoTT
(2001a). Here, the PSUs are ordered an appropriate manner, for instance in case of
stratified random sampling by stratum (cf. KoTT, 2001b, p.3). Within a stratum the
units can be ordered randomly. Afterwards the PSUs are matched systematically to the
groups. For example the selection can be done by allocating the first, nineteenth, thirty-
seventh, ...elements to group one, the second, twentieth, thirty-eighth, ...elements to
group two and so on (cf. KoTT, 2001b, p.3, KoTT, 2001a, p.522). The groups should
have nearly the same size and be mutually exclusive (cf. BIENIAS et al., 2003, p.539).
Instead of deleting one or d elements from the sample, one group ¢, (¢ = 1,...,G) in
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each replication is omitted now. As before the statistic of interest is computed on each
replicate and the delete-a-group jackknife variance estimator is stated as follows:

G-1 & 1 i
Vaguk () = —F > <%_g ek Z“) , (3.24)

(cf. SHAO and Tu, 1995, p. 195).

7_4 is an estimator, for example the total value, computed by the replication without the
elements corresponding to group g.

As before, in case of deleting one element ¢ or d elements the weights have to be adjusted
as well when using the delete-a-group jackknife variance estimator. This is shown in KoTT
(2001a) for a stratified single-phase sampling design. If 7 is a weighted estimator of the
form »"" | w; - y;, then the estimator 7_, is computed by 7_g = """ | w;(—g) - ;. When the
PSU is in group g, then the weight w;_g) of an element ¢ takes the value zero. Otherwise
wj(—g) is computed by adjusting w; to consider that some w;_g4) are zero. These weights
are calculated by [ng/ (nn — nng)] - wi, where ny, is the number of PSUs in the stratum
h. npg is the number of PSUs which are in the stratum h as well as in the group g (cf.
KotT, 2001a, p.522). A wide discussion about the applicability of the delete-a-group
jackknife for different estimation strategies which include sampling designs like stratified
simple random sampling, systematic probability sampling or Poisson sampling is given in
Kot (2001b).

Another proposal to apply this method in case of a stratified design is given in RUST
(1985). Here, the construction of groups is done in each stratum. The delete-a-group
jackknife variance estimator is defined by

\ S - (lh — 1) & A ~\2
VngK,strat (7—) = Z lh : Z (T—g - T) 5 (325)
h=1 g=1
where [, is the number groups in stratum h (h = 1,..., H), 7 the estimated population

parameter of interest and 7_, the same statistic which is calculated by deleting group ¢ in
stratum h. To generalize the estimator it is also possible to omit only a random selection
of [, which can be indicated as g;. Then the delete-a-group jackknife variance estimator
is stated by

H h
~ R I, —1 R R
vsngK,strat (T> = Z ( h ) : Z (T—g - 7-)2 y (326)

(cf. RusT, 1985, p. 387).

As said before the delete-a-group jackknife especially provides computational advantages
in comparison to the ordinary jackknife. In each replication a group of elements is omitted
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instead of only one observation. As a result the number of replications is reduced from n,
the number of observations in a sample, to the number of divided groups G (cf. MUNNICH,
2005, p. 82). A disadvantage is related to one requirement of the method. So it is necessary
that the sample size of the first-phase in each stratum is large. At least five units per
stratum are required. Otherwise the true variance is overestimated and leads to a bias
(cf. KoTT, 2001b, p.1f.,, KotT, 2001a, p.521ff.). But in practice strata often have
sample sizes lower than five. For these scenarios KoTT (2001a, p.522) proposed an
extended version of the ordinary delete-a-group jackknife (for more details see KOTT,
2001a, Chapter3). As pointed out in RUST (1985, p.387) the precision is maximized
when each omitted group is of size one and is deleted one time. The larger the number
of groups, the more precise is the estimation, but the more complex and extensive is the
computation. The optimal number of groups depends on the underlying conditions like
the complexity of the estimation (cf. BIENIAS et al., 2003, p. 542).

The delete-d jackknife, which was discussed before, can be regarded as a generalization
of the delete-a-group jackknife. The latter divides the sample into mutually exclusive
groups, whereas within the scope of the delete-d jackknife all groups of size d are possible
(cf. MUNNICH, 2005, p. 84).

3.4 Bootstrap

The last resampling method we discuss will be the bootstrap. EFRON (1979) introduced
this method which in his opinion is more applicable and more dependable than the jack-
knife. Let Xy,..., X, describe an independent and identically distributed sample of n
observations from an unknown distribution F' and 7 (X7,..., X,,) indicates a given stat-
istic. In case of non independent Xj,..., X, there are some problems by applying the
bootstrap method. These problems are explained in the next section. The estimation of
F is described as F'.

The bootstrap variance estimator results by substituting F' in the theoretical formula of
the variance defined as

dH F(x;) (3.27)

Voot (7) = /[72 (x)—/%(y)dHF(yl)
\

7 (X7, X)) [ X, X, (3.28)
where z = (x1,...,2,) and y = (y1,...,71) (cf. SHAO and T'U, 1995, Section 1.2 and 1.4).
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Formula (3.28) is called the theoretical bootstrap. X7, ..., X* is a sample of independ-
ent and identically distributed elements and drawn from F'. This sample is denoted as
the bootstrap sample and V., [-|Xi, ..., X,] indicates the conditional variance for given
Xi,..., X, (cf. SHAO and TUu, 1995, Section 1.2 and 1.4). Is F equal to F then

V(7)) =V [T (X],..., X)) | Xq,..., X, (3.29)

When [ # I the equivalence of the variances is not given anymore. But the bootstrap
variance Voo (7) can be taken as a variance estimator for 7 (cf. SHAO, 2003, p.380f.,
MUNNICH, 2005, p.88f.).

3.4.1 The Monte Carlo bootstrap

Often in practice the theoretical bootstrap can not be written as an explicit function of
Xiq,..., X, and as a result this approach is not applicable. To estimate the variance we
can make use of Monte Carlo methods and approximate Vi (7) (cf. SHAO and TU, 1995,
p.10f.). This is done by the Monte Carlo bootstrap. Within the scope of this method
subsamples of size n are drawn from the original sample by simple random sampling with
replacement. Overall, B subsamples are drawn and the population parameter of interest
7 is calculated on these subsamples which is denoted by 7. The Monte Carlo bootstrap
variance estimator results from

B

B 2

. . 1 J | ok

Vboot,MC (T) = ﬁ . Z (Ti — E . Z’T}) s (330)
7j=1

i=1

(cf. MUNNICH, 2008, p. 326).

Due to the law of large numbers is Vioot (1) = Blim \A/boot’Mc (7) (cf. SHAO and Tu, 1995,
—00
p.11).

In this context, an appropriate number of replications B must be chosen. With a larger
B the goodness of the approximation increases but the same applies for the complexity
and extent of the computation. The same statistic is evaluated B+ 1 times and this could
lead to a huge effort (c¢f. MUNNICH, 2005, p.91). But in general the bootstrap variance
estimator doesn’t need a lot of replications. In many cases 100 resamples are sufficient
(cf. MUNNICH, 2008, p. 326).

Is the sampling design stratified, then a random subsample with replacement of size ny,
is drawn in each stratum h (h = 1,... H) from the original sample. This has no impact
on the design weights because the drawing is independent between strata. As before an
estimator for stratified random sampling is computed at each replication (cf. MUNNICH,
2005, p.92f.).

AMELI-WP3-D3.1



30 CHAPTER 3. RESAMPLING METHODS

The bootstrap has a huge advantage in contrast to the ordinary delete-1 jackknife. Under
acceptable conditions with respect to the underlying distribution the bootstrap variance
estimator is consistent for nonlinear estimators (cf. SHAO and Wu, 1989, p. 1176).

Otherwise, as mentioned above, the Monte Carlo bootstrap draws subsamples with re-
placement and requires an original sample whose observations are independent and identic-
ally distributed like they occur for SRS and StrSRS with replacement. But in surveys
often a probability sampling design or a without replacement sample design is used which
cause dependencies. When sampling without replacement, the Monte Carlo bootstrap
can lead to a biased variance estimator because of the missing finite sampling correction.
Furthermore, the approach has disadvantages in case of large sampling fractions and small
sample sizes. Then the bootstrap variance estimator can be inconsistent (cf. DAVISON
and SARDY, 2004, p.21f.). For that reason modified versions of the ordinary bootstrap
are given in the literature, which will be discussed briefly.

The first modification is the without replacement bootstrap.The intention of this approach
is to create a pseudopopulation by generating N/n replicates of the original sample. After-
wards B subsamples are drawn randomly from this population but without replacement.
In case of stratified samples the same is done, but with regard to the several strata. This
means that for each stratum the replication is done N, /n;, times and in each stratum
several samples are taken without replacement B times. In case of a noninteger Ny /ny,
the sizes of the pseudopopulations is randomly selected from:{| N |, [N, ]}. Furthermore,
a pseudopopulation for each stratum requires more storage, which is hardly manageable
when there are a lot of large strata (cf. DAVISON and SARDY, 2004, Section 6.1 and 6.2).
For that reason some other proposals are given in the literature.

McCARTHY and SNOWDEN (1985, p. 4) proposed the with-replacement bootstrap. Samples
are drawn in each stratum with replacement, where the sample size in each stratum vy, is
calculated by

oy = % (3.31)

An advantage of this procedure is that it avoids creating a pseudopopulation which has to
be stored. Furthermore the resulting variance estimator is unbiased and consistent. But
if vy, is noninteger a randomization is also needed. (cf. DAVISON and SARDY, 2004, p.23).

Another kind of bootstrap is the rescaling bootstrap which was suggested by RA0 and
Wu (1988). When it is possible to write an estimator as a function of means 7 = g ()
this method can be applied. Subsamples of size m;, are sampled with replacement, but
the bootstrap sample is rescaled by

5= Tt 1 Jmn % @ -7, (3.32)

where 7, is the estimated mean in stratum h computed on the original sample and y; is

the estimated mean in stratum h calculated on the bootstrap sample. For m;, RAO and
Wu (1988) proposed choosing
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mp = V“fh)'(”h_”w. (3.33)

(1 — 2fh> : (nh — 1)

Then the third order moments are matched and no problems arise when m; is not an
integer. The estimated population mean, which is computed on the rescaled bootstrap
sample, is given by

Mm
2|2

U (3.34)

>
Il

where N}, is the frequency of elements in the population in stratum A. Then the population
parameter of interest is computed by

=9 (3.35)

The whole process is repeated B times and the variance estimation is based on the several
estimates 7. An advantage of this approach is that it avoids generating and storing a
pseudopopulation (cf. SITTER, 1992b, p. 137, DAVISON and SARDY, 2004, p.23).

SITTER (1992a) suggests the mirror-match bootstrap. This approach takes subsamples
without replacement in each stratum separately of size nj, where 1 < nj < n;, altogether

kyn = % times. SITTER (1992a) propose nj, = fj,-n;. Then the third order moments
are matched. When the statistics of interest are linear the mirror-match bootstrap is
consistent. In case of a noninteger k; a randomization between the bracketing integers
is necessary (cf. DAVISON and SARDY, 2004, p.23 SITTER, 1992a, p. 756 ff. SITTER,

1992b, p. 138).

The Monte Carlo bootstrap and the jackknife have in common that both procedures
permit the computation of the bias. Therefore we can use

B
o 1 . R
bhoot.sic = - Y 7 — 7, (3.36)

i=1

(cf. EFRON, 1982, p. 33).

Another application of the Monte Carlo bootstrap is to compute confidence intervals.
With recourse to the quantiles

Fr— 7 i — 7
7 = —— o —— (3.37)
Vboot,MC (7A_1*) Vboot,MC (715)
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we can ascertain the a/2- and (1 — a/2) quantile 2 o and zj_ . \A/booty v (7) is defined
by (3.30). The studentized bootstrap confidence interval is given by

[% Ve () 57— A Voot (7) z;/g] (3.38)

(cf. DAavisON and HINKLEY, 1997, p.27ff., MUNNICH, 2005, p.92). In contrast to the
variance estimation more replications are needed. To receive a high accuracy DAVISON
and HINKLEY (1997) suggest more than 1000 replications. The bootstrap method can also
be used for hypothesis testing with respect to unknown model parameters. A proposal
for this issue in case of a probability sampling design is given in BEAUMONT and Bocci
(2009).

3.4.2 Bootstrap with complex survey designs

An example of a more complex survey design, using unequal probability sampling without
replacement, is the Rao-Hartley-Cochran (RHC) sampling method (cf. RAO et al., 1962).
Here the population of size N is divided into L groups (G,) of size N, with g =1,..., L.
Then from the several groups one unit is drawn with the probability z;/Z, for group G,,
where z; = z;/X, Z, = ZieGq 2;, x; describes some size measure of unit s and X = sz\il Z;.

An unbiased estimator of the population mean is given by Y = ijl wy - Yg/L, where
wy = f/my and 7, denotes the inclusion probability of an unit which is drawn from group
g and defined by z,/Z,. f indicates the inclusion probability in case of simple random

sampling without replacement and is defined by n/N. Where, y, and z, are values which
are chosen from group g, i.e. y, € {yi}f:gl and z, € {zj}jG:gl, with 25:1 Z, =1. An

unbiased estimator for the variance of Y is given by

L 2 L 2
s ' N?—N .
e Z;’l N7, (Y (3.39)

g=1

(cf. SITTER, 1992b, p. 142).

In general, it is possible to generate the subsamples by attaching to each unit from Gy
in the original sample the probability P, and then select a sample {xy, * z} of size m
with replacement with probabilities Py from the original sample (cf. RA0 and Wu, 1988,
p.237). But for our purposes we will refer to the bootstrap in case of unequal probability
sampling which is described in SITTER (1992b, p. 142) by generating a pseudopopulation
and drawing random samples without replacement.

Let Y = N.Y = 25:1 Zy - yy/z4. First a replication for (z,,y,) is done k, = Z,/z,
times for g = 1,..., L to generate a pseudopopulation as described at p. 30. Afterwards
this pseudopopulation of size N* is randomly divided into L* groups (F;) of sizes Nj. In
the next step one pair (z7,y’) is chosen randomly from each group with the probability
2/ Z;, where Z7 = Zig; zf. Then the population parameter of interest is computed by
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6 =6 (z*,y*). This process is repeated B times to get the estimates @’{, e (:)j{;. As
before the variance estimation is calculated on the several estimates (cf. SITTER, 1992b,
p. 142). If the population parameter of interest is a total value instead of the mean, the
variance estimator of the form (3.30) shows a small bias. Then it is possible to correct the
variance estimate by an appropriate multiplicative factor or to choose appropriate values
of n* and N} (for more details see SITTER, 1992b, p. 142).

A bootstrap for two-stage cluster sampling is given in WOLTER (2007, p. 211). This
bootstrap is applied at the first stage of the sampling design and when a PSU is drawn
with replacement from the original sample all units of the following stages are also included
in the bootstrap replicate (cf. WOLTER, 2007, p. 211). A further proposal of a particular
bootstrap for multistage designs is an extension of the rescaling bootstrap which was
presented before and is given in RAO et al. (1992) or RusT and RAO (1996). In contrast
to this bootstrap, the rescaling of the extended bootstrap is done to the survey weights
rather than to the observed values. The extended bootstrap is appropriate for smooth
statistics as well as non-smooth statistics (cf. PRESTON, 2009, p.228). In detail, the
approach can be described as follows: From the n;l PSUs of the original sample m’h PSUs
are drawn with replacement. But for each of the B repetitions the survey weights are
adjusted:

m/ 1/2 m/ 1/2 ’[’Ll
A I h h =) | 4
Whia ) ) e () () ] e (840

where rp,; describes the number of times a certain PSU appears in the subsample. By using
these weights for the estimation of the population parameter of interest and repeating this
procedure B times, the variance estimation is done on the B estimates as before. The
value of m’h has to be determined. An appropriate choice with only a little, if any loss in
efficiency is m}L = (n}L —1). Then the calculation of bootstrap weights reduces to:

!
n
* h
Whig = Whiq * 77—~ " Thi
h

(cf. RAO et al., 1992, p.214f., RusT and RAO, 1996, p.291f. ).

Another modification of the rescaling bootstrap for multistage designs is the without re-
placement rescaling bootstrap which is presented in CHIPPERFIELD and PRESTON (2007,
p.169f.). An application of this bootstrap for stratified three stage sampling is given in
PRESTON (2009, p.228ff.). But an extension to more stages is possible. The without
replacement rescaling bootstrap is applied as follows: At the first stage m’h PSUs are
taken randomly without replacement from the n;l PSUs from the original sample. The
PSU bootstrap weights are computed by

i = (10 X 20 (3.41)
h

AMELI-WP3-D3.1



34 CHAPTER 3. RESAMPLING METHODS

/ ’ - , / . ; . .. .
where A\, = {[/my, - (,—fh,)7 fn = nh} and 9, is 1 when PSU ¢ in stratum h is drawn
(), — ) Ny,

and 0 otherwise.

At the second stage from the n,, SSUs within the PSUs m,, SSUs are taken randomly
without replacement. The SSU bootstrap weights are calculated by

wh, = (1= )‘h + )‘h 5hz

/7
n n n // ” Wy, »
h h h7, hi
- )\hz 5h7, + )\hz hz ” hzq) whiq )
W

( fhz) "o H

no // hl
where A\, = ([my,; fh( ) Jgn = N and 6hzq
Ny — My, h

h is chosen and 0 otherwise.

is 1 when SSU ¢ in PSU ¢ in stratum

"

Finally at the third stage from the n;;; USUs within the SSUs m,;, USUs are drawn
randomly without replacement. As before the USU bootstrap weights have to be adjusted:

i
*/// _ ! ! nh ! " h ! 1 nh ! nhl 1
Whigp = (T=A,+ N, r Opi — A e Opi + A O 7 5hz’q
h h h hi
i 2
" n ’ n "
h hi
/\hzq ot 5hi 77 5hiq
h Mp,;
/ " 1 ’ "
" n ’ s " Ny, " " Wy, Wy,
h hi hiq hi hiq
T Mnig A =7 Oni A =7 Onig = Onigp) " Whigp —r * s
my My, Mpiq Wpi  Whq
" 1"
" ’ " ( fhzq) " nhl .
where )\hlq Moo " To i ﬁ = N and 5hqu is 1 when USU p in SSU
hiq hiq h

q in PSU ¢ in stratum A is chosen and 0 otherwise.

By using these weights at the several stages for the estimation of the population parameter
of interest the variance is calculated as above in case of the extended rescaling bootstrap
(cf. PRESTON, 2009, p.228ff.). PRESTON (2009, p.229) proposed the selection of m, =
[n,,/2], my,; = thz / 2j and my;, = [n;,/2]. This has the advantage that negative weights
are avoided.

Another interesting bootstrap for such sampling schemes is given in FUNAOKA et al. (2006,
p.1511f.) and is called the Bernoulli bootstrap. But this bootstrap is not presented in
our paper.
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3.4.3 Parametric bootstrap

Besides the Monte Carlo bootstrap there is another kind of bootstrap proposed in the
literature which is called the parametric bootstrap. Here, we assume that our sample
observations ¥, . .., y, follow a certain distribution F, which depends on a certain para-
meter . First, the parameter v is estimated by 2/3 on the basis of y1,...,y, (e.g. with
the maximum likelihood method). When this estimated parameter is substituted into
the model, the fitted model results, with F = Fy. The parametric bootstrap doesn’t es-
timate the variance by drawing subsamples from the sample itself, but by sampling from
the fitted distribution £. So we get R replications and for each replication we estimate
the population parameter of interest 77. The variance estimation with the parametric
bootstrap is given by

- 1 & &Y
Vboot,para (72) - ﬁ : Z (72: - E : Z A:) y (342)

(cf. DAVISON and HINKLEY, 1997, p. 151.).

As mentioned in EFRON and TIBSHIRANI (1993, p. 551.), the parametric bootstrap is use-
ful in surveys where information about the underlying population is obtainable, especially
their distribution, and for making comparisons with the nonparametric bootstrap.

An interesting proposal to review the accuracy of bootstrap estimates is illustrated in
EFRON (1992). Here, the jackknife is used to calculated standard errors for bootstrap
estimates. The jackknife is well-suited for such applications, because the standard error
estimated by the jackknife method can be computed immediately from the bootstrap
replications and a further resampling is not necessary (cf. EFRON, 1992, p. 83).

3.5 Discussion

Table 3.1 shows a comparison of the different resampling methods that have been presented
in this section. It should give some recommendations of the suitability of the resampling
methods in different areas of applications.

The BRR (3.6), the delete-d jackknife, the delete-a-group jackknife, the rescaling boot-
strap (3.40) and the rescaling bootstrap without replacement (3.41) are not described
explicitly for unequal probability sampling. For that reason these methods are not con-
sidered for such sampling designs (see row four). Sampling WR/ WoR indicates if variance
estimation method is suitable for sampling with replacement (WR) or without replace-
ment (WoR). The last row indicates whether the variance estimation method considers a
finite population correction (FPC) or not. This is important when the samples are drawn
without replacement and the sampling fraction is large.

The delete-a-group jackknife as described in (3.24) does not include a FPC. However, the
FPC can be included in the same way as explained for the delete-1 jackknife in (3.16) or
the delete-d jackknife in (3.22).
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Table 3.1: Comparison of resampling methods

Method BRR (Basic | BRR (3.6) | Delete-1 Delete-d Delete-a- Monte Carlo | Rescaling Rescaling
Model) Jackknife Jackknife Group Bootstrap Bootstrap Bootstrap
Jackknife (3.40) WoR (3.41)
Statistic Smooth and | Smooth Only for Smooth and | Smooth and | Smooth and | Smooth and | Smooth and
non-smooth | and non- smooth non-smooth | non-smooth | non-smooth | non-smooth | non-smooth
smooth statistics
Strati- Only when 2 | Required Appropriate | Appropriate | Appropriate | Appropriate | Appropriate | Appropriate
fication elements per
stratum
Unequal Wolter Not Berger Not Not The Not Not
Probabil- (2007, p. considered | (2007) considered considered ordinary considered considered
ity 113) Monte Carlo
Sampling Bootstrap
may lead to
biased
variance
estimates
Sampling | WR WoR WR/WoR WR/WoR WR/WoR WR WR WoR
WR/WoR
FPC Not Considered | Possible Possible Possible Not Not Considered
considered considered considered
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Chapter 4

Simulation Study

The purpose of this simulation study is to evaluate variance estimators, especially those
described in chapter (3). As a complex sampling design a two stage design is chosen.
The main focus of the simulation is put on the comparison of the accuracy of different
variance estimation methods with respect to the distribution of the study variable within
the PSUs. The simulation study should investigate the influence of different parameters
like the size of the PSUs or the homogeneity of the elements between and within the
PSUs on different variance estimation methods. The simulation should reveal in which
way specific parameter constellations affect the different variance estimation methods.
The sampling design is simple (without stratification and without unequal probabilities)
in order to isolate the effects of the clustering of sample elements in the PSUs.

The statistic of interest is the total. Samples are drawn by means of a two stage sampling
design, at the first stage PSUs are selected by SRS and at the second stage SSUs are
sampled by SRS within each PSU. Because of the absence of any stratification, the bal-
anced repeated replication method as described in section (3.2) is not included. The
same goes for the variance estimators and their approximations as described in chapter
(2), as all sampling units are selected with equal probability. The quality of the variance
estimation methods from chapter (2) and are investigated in HULLIGER et al. (2011).

In the simulation study the direct estimation method as defined in formula (1.6), the
delete-1 jackknife (cf. section 3.3), an ordinary Monte Carlo bootstrap (cf. section 3.4.1),
the rescaling bootstrap and the rescaling bootstrap without replacement as described in
section (3.4.2) are considered. For the direct estimation, the jackknife and the Monte
Carlo bootstrap two versions are investigated. Omne version estimates the variance by
considering both stages of the sampling design whereas the other version uses the first
stage only. Under some conditions, such as a small variance at the second stage and
small sampling fraction at the first stage it is also possible to estimate the variance of a
two stage sampling design by only taking into account the variance due to the the first
stage of sampling (cf. SARNDAL et al., 1992, p.139f., LoHR, 1999, p.209f.). For that
reason, this version of the three methods is also considered to investigate the possibility
to ignore the resampling of SSUs. The rescaling bootstrap is done only at the first stage,
whereas the rescaling bootstrap without replacement includes both stages. To be sure that
our variance estimates are reliable we chose the rather prudent number of 450 bootstrap
replications.
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The study was preformed using R, (see R DEVELOPMENT CORE TEAM, 2010).
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Figure 4.1: Scenario 1-4

To investigate the influence of different circumstances seven scenarios with different com-
positions of the PSUs are considered. The values of the study variable populating each
PSU are generated from a log-normal distributions. The scenarios differ with respect to
the mean and the variance of these log-normal distributions and the PSU size. The dif-
ferent scenarios are displayed in figure (4.1) and (4.2). The x-axis indicates the PSU size
and the y-axis describes the PSU mean. The radii of the circles for the different PSUs
correspond to the coefficient of variation within the particular PSU.

Scenario 1 describes a situation where the PSUs are of equal size, the mean of the different
PSUs and the variances within the PSUs are similar. The other scenarios result by varying
the three parameters. First, in scenario 2, the variances within the PSUs differ significantly
and in scenario 3 the expected values vary between the PSUs. Scenario 4 constitutes a
situation where the size of the different PSUs is highly unequal. Furthermore, it is possible
to vary more than one parameter at a time. Hence, scenario 5 is characterized by different
expected values and unequal sizes and scenario 6 by different variances within the PSUs
and unequal sizes. In scenario 7 all three parameters vary greatly.

The observed values are generated using the rlnorm function in R. For scenario 1 the call
was:
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Figure 4.2: Scenario 5-7

income<-rlnorm (100000, meanlog = 10, sdlog = 1)

In scenarios with different expected values and variances the second and third parameter
are varied between different PSUs. These different values are drawn from a normal dis-
tribution using the following R expressions:

EVPSU <- rnorm(50,10,0.5)

StDvPSU <- rnorm(50,1,0.25),

where the first parameter describes the number of PSU in the population. To indicate
the PSUs a PSU indicator variable is used. In case of equal PSUs sizes with 50 PSUs,
this variable is generated as follows:

psu<-rep(1:50, each=2000) .

But in case of unequal PSU sizes, the PSU indicator is constructed by:
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psugr<-c(rep(100,8) ,rep (2000,2) ,rep (1000,2) ,rep(500,5),
rep (1500,2) ,rep(2000,8) ,rep (2500,8) ,rep (3000,2),
rep (3500,1) ,rep(10000,2) ,rep (4000,2) ,rep(7000,1),
rep (5000,1) ,rep(200,4) ,rep(700,2))

psu<-rep(1:50, psugr) .

In the psugr vector the PSU size and the number of PSU with this particular size are
defined.

The population in all scenarios consists of 50 PSUs and 100,000 SSUs. In the simulation
study 10,000 samples of size 15 at the first stage and of size 1000 at the second stage are
drawn repeatedly. The sample size at the second stage is allocated proportionally to the
size of the PSUs. The variance estimators are computed for each sample to get information
about the distribution of the different variance estimators. Thus, reliable statements about
the quality of the different methods are possible. The relevant benchmark is the Monte
Carlo variance of the point estimator, which is computed as the empirical variance of the
10,000 point estimates. The relative bias is used to compare the quality of the variance
estimators in the different scenarios. This measure is defined as follows:

Estimated Value — Benchmark
l. Bias = ) 4.1
re 1 Benchmark (4.1)

The sample process is with equal probabilities and with that the total value in the presence
of two sampling stages is estimated by:

/

%ZSt:%'Zi:%'yiq (4.2)

i=1 g=1 ?
(cf. LOHR, 1999, p. 147).

The point estimator in the seven scenarios are given in figure (4.3).

The figure shows that the point estimator is unbiased in all scenarios. The true values
of the different scenarios, indicated by the green lines, are equal between all scenarios.
This is because after generating these values, they are adjusted such that their total is
equal in all scenarios. In scenario 1 the point estimator has the lowest variance in contrast
to the other scenarios, as with the variation of the parameters the variance of the point
estimators increases. Another effect is the steady rise of the number of outliers.

The results of the different variance estimation methods are given in figure (4.4). The
Monte Carlo variance is displayed by the green lines.

The relative bias is shown in figure (4.5).

In scenario 1, when no parameter is changed, the direct estimator (Dir), jackknife (Jack)
and the rescaling bootstrap without replacement (RescWoR) lead to nearly unbiased
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Figure 4.3: Absolute Value of the Point Estimators in the different scenarios

variance estimates. In contrast to this result, the direct estimator and the jackknife
based on the first stage (Dirl and Jackl) lead to a severe underestimation. The same
applies for the rescaling bootstrap (Resc) which does not include the second stage unlike
the rescaling bootstrap without replacement. This result may be attributed to the large
sampling fraction at the first stage and a comparatively large variance at second stage.
Here, the consideration of the second stage is necessary. The jackknife method and the
direct method lead to same results because the statistic of interest is linear. The Monte
Carlo bootstrap (MCBoot) leads to a huge overestimation as a result of the large sampling
fraction at the first stage and the missing finite population correction of the approach.

This method also underestimates the variance when only the first stage is considered
(MCBootl).
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Figure 4.4: Absolute Value of the Variance Estimation Methods in the different scenarios

In scenario 2, the variance within the different PSUs is unequal. Due to high variances in
some PSUs (cf. 4.1) the variance at the second stage increases as opposed to scenario 1.
For that reason the methods without considering the second stage also show a significant
underestimation. But due to the generation process also the variability of the mean of the
PSUs rises and with that the variance at first stage opposite scenario 1. Thus, the relative
bias of these methods is smaller than in this situation. The methods which consider the
second stage lead to unbiased estimates. These methods yield, however, also a lot of
outliers through the high variance within some PSUs.

A converse effect appears when only the expected value between the PSUs varies. Hence,
in scenario 3, there is only a small difference between the methods which include all
stages and the methods which only consider the first stage. This is a result of the varying
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Figure 4.5: Relative Bias of the Variance Estimation Methods in the different scenarios

expected values between the PSUs which also increase the variance at the first stage.
Thus, it may be sufficient to estimate only the variance at the first stage. The same
applies for scenario 4 with unequal PSU sizes. But here the variance of the variances
increases dramatically as a result of the unequal sizes and the large benchmark.

In cases where more than one parameter varies, there is also a huge influence on the
variance of variances, especially in scenario 6. In scenario 7 contrary effects arise. The
variance at the second stage increases through the varied variance within some PSUs, but
also the variance at the first stage due to the unequal expected values between the PSUs.

Figure (4.6) and (4.7) shows the kernel density estimation of the relative bias of the
variance estimation methods for the different scenarios. The jackknife is not included
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because it yields the same results as the direct estimation methods. For the reason of
clarity the Monte Carlo bootstrap, which is only based on the first stage, is also left out.
In scenario 1 the distribution of the variance estimation methods is almost symmetric
with only a few outliers. For most methods the estimates are lower than the benchmark,
which is still represented by the green line. The shape of the distribution of the different
methods is quite similar, but the distribution of the methods which include all stages is
closer to the benchmark. As seen already in the boxplots above, the number of outliers
is increasing with a varying variance between the PSUs and the distribution becomes
flatter. The same applies for scenario 3 with unequal expected values between the PSUs.
But here the number of outliers decrease and the distribution of the variance estimation
methods except the Monte Carlo Bootstrap is quite similar. In scenarios with unequal
PSU sizes the distribution of the variance estimators has two local maxima, which are
dependent on the drawing of PSUs with large or low sizes. The shape of the distributions
of the variance estimators in scenarios where more than one parameter is changed are a
combination of these basic shapes. It seems that the effects of changing all parameters
offset each other such that the distribution is almost normally distributed.
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Figure 4.6: Kernel Density Estimation of the Relative Bias Of the Variance Estimation
Methods scenario 1-4
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Chapter 5

Summary and Outlook

The present work gives an overview of variance estimation in the presence of complex
survey designs. The presented instruments overs most features of samples survey designs
encountered in practice. However, to present a kind of cookbook approach to variance
estimation remains difficult, because for selecting the appropriate variance estimator it
also necessary to consider the properties of the statistic of interest. Resampling methods
are in general defined independently from the point estimators, which makes them more
suitable to set up a best-practice given the sampling design. Most direct variance estim-
ates are developed for linear point estimators only (e.g. estimated totals). For complex
estimators often approximate variance estimators were only developed, which is subject
to the methodology presented in MUNNICH and ZINS (2011).

Although we treat the problem of complex statistics and survey designs mostly separated
from each other, there are of course interactions between them. A complex survey design
may render a variance estimator suitable for complex estimator inept, because of its
reliance on properties established by simple sampling design, e.g. iid observations of a
variable of interest. A synthesis of both methodological branches is made in form of a
large scale simulation study based on the AMELIA dataset (see ALFONS et al., 2011),
whose results are analyzed in deliverable D7.1 (see HULLIGER et al., 2011, chapter 9).
Also the simulation study in Chapter 4 highlights the problems of variance estimation in
case of a multistage sampling design, that are induced through cluster sampling cluster.

The practical relevance of variance estimation gains strongly in importance. This can
be seen due to the fact that in 2010, a Directors of Methodology Task Force on accuracy
measurement in household surveys was installed in order to elaborate recommendations on
the use of the different variance estimation methods. The report is going to be published
by Eurostat in 2011.

The deliverable shows a greater treatment of the topic variance estimation in the literature
but a wide range of issues is still not or not well covered. An example is the variance
estimation of change on the base of rotational panels. Another important application of
variance estimation is the area of design effects (for details on design effect see KisH,
1965 and for methods to estimate the design effect see for instance GABLER et al., 1999,
GABLER et al., 2006 or GANNINGER, 2009) which is entirely based on variance estimation
methods.
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