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A Design-based Analysis Procedure for Two-treatment
Experiments Embedded in Sample Surveys.
An Application in the Dutch Labor Force Survey

Jan A. van den Brakel and C.A.M. van Berkel’

Recently in the Dutch Labor Force Survey (LFS), the questionnaire had to be changed. Before
the new questionnaire was implemented as standard, its effects on the outcomes of the LFS as
compared with the effects of the regular one were investigated by means of an experiment
embedded in the regular LFS. To test hypotheses about possible effects on estimates of finite
population parameters estimated by the sample survey a two-treatment randomized block
design was analyzed using a design-based analysis procedure. The results from this analysis
are compared with the results obtained with a model-based analysis.

Key words: Completely randomized designs; complex sampling designs; embedded field
experiments; questionnaire effects; randomized block designs.

1. Introduction

At official statistical bureaus sample surveys are conducted in order to publish various esti-
mates of finite population characteristics. These sample survey processes contain many
sources of non-sampling errors, which affect the accuracy of the sample survey estimates.
Part of the research aimed at the improvement of the quality and efficiency of sample sur-
vey processes, is to consider and test alternative survey methodologies. Experiments
embedded in ongoing sample surveys are particularly appropriate to test effects of alter-
native survey methodologies on estimates of finite population parameters (see Fienberg
and Tanur 1987, 1988, 1989; Van den Brakel and Renssen 1998). In statistical bureaus
sample surveys, like the Dutch Labor Force Survey (LFS), are generally kept unchanged
as long as possible in order to construct uninterrupted time series of the estimated popula-
tion parameters. It remains inevitable, however, that survey processes be adjusted from
time to time. When they are, embedded experiments can be applied to detect and quantify
possible trend disruptions in time series of estimated population parameters due to adjust-
ments of a survey process before they are implemented as standard.

The typical situation, considered in this article, is an experiment designed to compare
the effect of an alternative survey approach on the main estimates of the finite population
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parameters of an ongoing survey. To this end, a sample drawn from a finite population, is
randomly divided into two subsamples according to some experimental design. In many
practical situations there is one large subsample that is assigned to the regular survey,
and serves besides the official publication purposes also as the control group in the experi-
ment. The other subsample, which is generally smaller, is assigned to the alternative
approach.

Generally, the purpose of such experiments is the estimation of finite population
parameters obtained under the regular and the alternative survey implementation and to
test hypotheses about the differences between these estimated population parameters.
The application of model-based analysis procedures that do not allow for the sampling
design and the weighting procedure of the survey might result in design-biased parameter
and variance estimates. Moreover, in a model-based analysis the estimated treatment effects
concern the parameters of a linear regression model, which do not necessarily coincide with
the target population parameters of the sample survey. Therefore the analysis results
obtained in a model-based procedure might be incommensurable with the parameter and
variance estimates of the ongoing survey. Van den Brakel and Renssen (1998) derived a
design-based procedure for the analysis of embedded two-treatment experiments designed
as a completely randomized design, that does not have these limitations.

A design-based approach for the analysis of embedded two-treatment experiments is
proposed in Section 2, extending the analysis done by Van den Brakel and Renssen
(1998) of embedded two-treatment randomized block designs where sampling structures
like primary sampling units, clusters, strata, and interviewers and the like are used as block
variables. This method is applied to the analysis of an experiment embedded in the LFS
aimed to test the effects of a new questionnaire. The survey design of the LFS, the changes
in its questionnaire and the experimental design used to test the effects of the new ques-
tionnaire are described in Section 3. In Section 4 the experiment is analyzed with the
design-based methods derived in Section 2 and compared with standard model-based
methods.

2. Methods

2.1. Hypothesis testing

Consider an experiment embedded in an ongoing sample survey, designed to compare the
effect of an alternative survey methodology to a standard survey methodology in respect of
the estimates of the main target parameters. Let ¥; and Y, denote the finite population
means observed by means of the alternative and the regular survey approach, respectively.
With regard to the purpose of the experiment the following hypotheses are of interest

H() : Yl = Yz

Hla:171i)_’zorHlb:171>I720rH10:)_’1<)_’2 (1)
To test these hypotheses, a sample s is drawn from the target population of size N by means
of a generally complex sampling design. According to the experimental design, the sample

s is randomly divided into two subsamples. Let s; denote the subsample assigned to the
new survey approach and s, the subsample assigned to the regular survey approach. In
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the case of a completely randomized design (CRD), the sampling units are randomly
divided over the two treatments, regardless of the structure of the sampling design used
to draw s. In the case of a randomized block design (RBD), the sampling units are deter-
ministically divided into homogeneous blocks. The sampling units within each block are
randomized over the two treatments. In the case of an RBD the variance between the
blocks can be eliminated from the variance of the estimated treatment effects, which might
increase the accuracy of an experiment considerably. Therefore Fienberg and Tanur (1987,
1988, 1989) and Van den Brakel and Renssen (1998) advocated using sampling structures
such as strata, clusters, primary sampling units, and interviewers and the like as blocking
variables in an RBD if experiments are embedded in ongoing sample surveys.

The way this works, based on the observations obtained in the experiment, two esti-
mates are obtained for each population parameter of the sample survey. One estimate is
based on the subsample where data were collected with the regular survey approach,
the other on the subsample where data were collected with the new survey approach.
To test Hypotheses (1) a design-based #-statistic is proposed in Section 2.3. To this end
a generalized regression estimator or a Horvitz-Thompson estimator for the population
parameters and for the variance of the differences between these two estimators are
derived. These estimators are design-unbiased for the finite population parameters, since
they are derived under the joint probability structure of the sampling design and the experi-
mental design. As a result, an analysis procedure that draws inference on the finite popula-
tion parameters specified in Hypotheses (1) is obtained.

2.2. Measurement error models

Design-based sampling theory is largely based on the traditional notion (e.g., Cochran
1977) that observations obtained from sampling units are true fixed values observed
without error. This approach, however, is not tenable if systematic differences can arise
between estimates of finite population parameters due to different survey imple-
mentations or non-sampling errors. A measurement error model for the observations
obtained from the sampling units has to be introduced for such settings. This measure-
ment error model conveniently fits in a design-based theory for the analysis of
embedded experiments and, as we will see, enables us to relate systematic differences
between estimates of finite population parameters to different survey implementations
or treatment effects.

It is assumed that the observations obtained from the sampling units are a realization of
the following measurement error model:

Vit = U + B+ v + € 2

where yjy; is the observation obtained from sampling unit j assigned to treatment k and
interviewer /, ; is the true, intrinsic value of sampling unit j, 3; an additive effect of treat-
ment k, v; an effect of interviewer / and ¢ an error component. This model allows for
mixed interviewer effects, i.e., v, = ¥; + &;, where {; and £; denote the fixed and random
effect of interviewer [, respectively. It is assumed that E(£;) = 0 and that the random inter-
viewer effects between interviewers are independent. Furthermore, it is assumed that
E(ejr) = 0 and that measurement errors between different sampling units are independent.
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Hence,
E(yj) = u; + B + ¥y
Var(ey) + Var(§) : j=j,1=1
Cov(yjus i) = § Var(§)) CoJFES =T

0 cojE LT

Obviously, any correlation between the responses of different individuals assigned to the
same interviewer can be modeled by means of random interviewer effects. Any fixed inter-
viewer effect influences the bias of the response values. Under Measurement error model
(2), the application of an RBD with interviewers as block variables will be efficient since
this eliminates the variance between interviewers from the estimated treatment effects. If,
however, under Model (2) interviewers are not used as block variables, it is still possible to
obtain design unbiased estimates for the treatment effects as long as interviewers are ran-
domly assigned to the different treatments (see Van den Brakel 2001).

For reasons mentioned in the introduction, Hypotheses (1) are tested by estimating Y,
taking into account the sampling design and the weighting procedure of the sample survey
as well as the experimental design. To allow for the weighting procedure of the regular
sample survey, the analysis must be based on the generalized regression estimator. The
use of auxiliary information by means of this estimator has the advantages that it might
reduce the design variance of the parameter estimates and that it corrects, at least partially,
for the design bias due to selective nonresponse (see Bethlehem 1988; Bethlehem and Kel-
ler 1987; Sarndal et al. 1992). Let X; = (X1, Xj2 -+« ,xjH)’ denote a vector of order H with
each element xj, an auxiliary variable of sampling unit j. According to the model-assisted
approach of Sirndal et al. (1992), a linear regression model for the intrinsic values of the
sampling units is defined by

where b denotes a vector of order H with regression coefficients, and e; the residuals of the
regression model. It is assumed that E(e;) = 0 and that the residuals between sampling
units are independent. For the remainder, Var(e;) is denoted by wf.

2.3.  Parameter and variance estimation

The analysis of an RBD is considered first. Let B denote the number of blocks in the
experiment and n,;, the number of sampling units in block b assigned to treatment k.
Let ny = r®_ ny denote the number of sampling units in subsample s;. Then
n,, = n,; + n,, denotes the number of sampling units in the entire sample s. Further
Ny, = nyy + 1y 18 the number of sampling units in block . Both subsamples can be con-
sidered as the realization of a two-phase sample where the first phase corresponds with the
sampling design used to draw s and the second phase with the experimental design used to
divide s into two subsamples s; and s,. As a result the first order inclusion probabilities
with respect to the subsamples are given by 7r;-‘ = (npi/np4) w; where m; denotes the first
order inclusion probability for the jth sampling unit, used to draw s.

The t-statistic for Hypotheses (1) based on the generalized regression estimator is given
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by
f/ — f/
P 1R 2R (4)

\ Var(Y g — Yp)

The generalized regression estimators for the population means in (4) are defined by

A

Vio =Y +BiX =X, k=1,2

Here

Z Ny y]k Z Yik

*
N = e m N
denotes the Horvitz-Thompson estimator for the population means Y}. Further, X denotes
the vector of order H containing the known population means of the auxiliary variables.
The Horvitz-Thompson estimator for X, based on the n,, sampling units in subsample
Sk, 1s given by

ik

SIDIE RO
*
Npk ’7T f:I 7TJ-

An estimator for the regression coefficients b based on the n; sampling units in subsam-
ple s; is given by

B ny t
Nyt XXj Sy Jyjk
b1 =1 Tk W5 ) D =T Tk i
The denominator of (4) concerns the squared root of the variance estimator for the dif-

ference between the two generalized regression estimators. In Van den Brakel (2001) it is
proved that

2
T e I
ar = — -y —
R TR — Nk (N — 1) Nw;  ny = N;

where & = yy — lA)f(xj are the estimated residuals of the Regression model (3). This vari-
ance estimator is design unbiased under generally complex sampling designs, despite the
fact that no second order inclusion probabilities are involved in (5). Under the assumption
that Var(e;;) = Var(ep) in Model (2), Van den Brakel (2001) proposed the following
variance estimator, where the two treatment groups within each block are pooled:

R TR RS YR
ar — = —_— el _ _—
IR TR (ny; + nyy — 2) Nmj ny 4= Nmj

b=1 "1 T2 =1 =1

2

(6)

An expression for the #-statistic analyzed with the Horvitz-Thompson estimator follows
as a special case from the results obtained for the generalized regression estimator. The
minimum use of auxiliary information is a weighting scheme where x; = (1) for all ele-

ments in the population. Furthermore it is assumed that wjz = w’. This weighting scheme
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corresponds with the common mean model (Sédrndal et al. 1992, Section 7.4). Under this
model it follows that

- XB:% Myt - ii“:”bw’jk . )
kp — — nbk']rj - ysk

=1 j=1 Np T b=1 j=1

which can be recognized as the ratio estimator for a population mean, originally proposed
by Héjek (1971). It also follows that b, = (¥5,) and that an approximately design unbiased
estimator for the variance of the treatment effects is given by (5) or (6) with & = y; — ¥y, .

An embedded two-treatment experiment designed as a CRD can be considered as an
RBD with one block. Therefore a design-based #-statistic for the embedded two-treatment
experiment designed as a CRD follows as a special case from the results obtained for an
RBD by taking B =1, n,, = n,, and ny = ny;. Van den Brakel and Renssen (1998)
show under which situations the traditional #-statistic and Welch’s ¢-statistic follow as a
special case from the design-based r-statistic for embedded two-treatment experiments
designed as a CRD.

It is assumed that a finite population central limit theorem holds so that the two esti-
mated population parameters have a bivariate normal distribution. For more details, see
Van den Brakel (2001). Consequently, under the null-hypothesis of no treatment effects
the #-statistic is standard-normally distributed.

3. An Experiment in the Dutch Labor Force Survey

3.1. Design of the Dutch Labor Force Survey

The objective of the Dutch Labor Force Survey (LFS) is to provide reliable information
about the labor market. The LFS has been carried out as a continuing survey since
1987. Each month a sample of addresses is selected from which during the data collection
households are identified that can be regarded as the ultimate sampling units. The target
population of the LFS consists of the non-institutionalised population aged 15 years and
over residing in the Netherlands. The sampling frame is derived from a register of all
known addresses in the Netherlands. The LFS is based on a stratified two-stage cluster
design of addresses. Strata are formed by geographical regions. Municipalities are con-
sidered as primary sampling units and addresses as secondary sampling units. In the first
stage a sample of municipalities is drawn with first order inclusion probabilities propor-
tional to the number of addresses. At the second stage a sample of at least twelve addresses
is drawn without replacement from each selected municipality. Principally, all households
residing at an address, up to a maximum of three, are included in the sample. Until 1999,
the sample size averaged about 10,000 addresses monthly.

Since the LFS has to provide accurate outcomes on unemployment, addresses that occur
in the register of the Employment Exchange are oversampled. Since most target
parameters of the LFS concern people aged 15 through 64 years, addresses with only per-
sons aged 65 years and over are undersampled. Due to reduced capacity of the interview
staff during the holiday season, the sample size is halved in July and August.

Data are collected by means of computer assisted personal interviewing using hand-held
computers. Interviewers are working on the data collection of the LFS in areas around their
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places of residence. For all members of the selected households, demographic variables
are observed. For the target variables only persons aged 15 years and over are interviewed.
When a household member cannot be contacted, proxy interviewing is allowed with mem-
bers of the same household. Households in which one or more of the selected individuals
does not respond in person or in a proxy interview are treated as nonresponding house-
holds.

The weighting procedure of the LFS is based on the generalized regression estimator.
The inclusion probabilities reflect the over- and under-sampling of addresses described
above as well as the different response rates between geographical regions. The weighting
scheme is based on a combination of different social-demographical categorical variables.
The integrated method for weighting individuals and families of Lemaitre and Dufour
(1987) is applied to obtain equal weights for individuals belonging to the same household.
Finally a bounding algorithm is applied to avoid negative weights. A detailed description
of the methodology of the LFS is given by Hilbink, Van Berkel, and Van den Brakel
(2000).

3.2. Changing the LFS and its questionnaire

From 1987 through 1999, the LFS mainly produced annual figures on the labour market.
During the last couple of years, the demand for information on short-term trends has
strongly increased. This is demonstrated by a Eurostat regulation on labor force surveys,
according to which member states have to supply quarterly data. To provide accurate
quarterly figures with a cross-sectional design, the sample would have to be enlarged
extensively. This implies an undesirable increase of costs. With a rotating panel design
reliable quarterly figures can be obtained without running into extra costs (see Van Berkel
and Van der Valk 1999). Therefore, from October 1999 the LFS changed into a rotating
panel survey. Every month a sample of some eight thousand households are visited for a
face to face interview. The respondents are reinterviewed four times by telephone at quar-
terly intervals.

The redesign of the LFS was an opportune occasion to reconstruct the questionnaire.
First all questions were grouped by subject, resulting in a modular questionnaire with a
different order of questions. Particularly questions about social position were put at the
end of the questionnaire instead of at the beginning and questions about wanting a job,
wanting more or fewer working hours, searching activities and availability to start a
new job were brought together in one module. Next, questions about benefits were skipped
because of available information in registrations. Furthermore, some wordings were
adapted, yielding smooth interviews. Finally, the new questionnaire was developed in a
Windows version of Blaise 4, while the old questionnaire was programmed in a DOS
version of Blaise 2. The revision of the questionnaire should preferably not result in a sys-
tematic difference in the main LFS figures.

3.3.  Experimental design

To investigate the effects of the new questionnaire on the main outcomes of the LFS, a
large-scale field experiment was conducted from April through September 1999. The
experiment was performed as a two-treatment embedded RBD. Ninety experimental areas
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or blocks were selected. Each block consisted of the union of two neighboring interview
areas of two interviewers. The two interviewers in each block were randomly assigned to
the regular or the new questionnaire. The addresses in the monthly sample of the LFS in
each block were randomly divided into two subsamples of equal size, one for each inter-
viewer.

Blocks were selected as follows. From the available interviewers with at least one year
of experience with the LFS, a list of couples was formed. The union of the interview areas
of each couple formed a block. From these blocks a stratified sample of 90 blocks was
drawn, using geographical regions as a stratification variable. Since the selected blocks
were equally divided across the Netherlands by region, and since a random sample of
addresses was drawn in each block for both treatments, the results achieved in the experi-
ment can be generalized to the entire target LFS eligible population. During the experi-
ment, approximately 15 per cent of the LFS sample was assigned to the new
questionnaire each month.

Under a measurement error model with interviewer effects it is efficient to use inter-
viewers as block variables, since this eliminates the interviewer variance from the variance
of the estimated treatment effects. Using interviewers as block variables would imply that
each interviewer had to conduct the LES with both the new and the regular questionnaire.
This has the important drawback that interviewers could confuse the questionnaires during
the conduction of the fieldwork, which would disturb the experiment. Confusion of the dif-
ferent treatments by the interviewers can be avoided, however, by a more intensive inter-
viewer training preceding the experiment. This also requires special attention to convince
the field staff of the advantages of a design where each interviewer conducts both treat-
ments. In this experiment, however, it was decided not to use interviewers as block vari-
ables since it was not possible to run both questionnaires on one hand-held computer.
Consequently, interviewers would be forced to visit addresses with two different hand-
held computers, which was considered an undesirable increase of the interviewer’s
workload.

One month of pretesting, during March, preceded the experiment to preclude distortion
of the experiment due to initial problems with the new computer system that supports the
Windows version of Blaise 4 on the new hand-held computers, and in the way the inter-
viewers dealt with the new questionnaire. Many unexpected problems with the new soft-
ware were solved during this month of pretesting.

4. Results

4.1. Response

In the sample of the LFS, 16,647 addresses were selected for this experiment. From this
sample, 8,262 addresses were visited with the regular questionnaire and 8,385 addresses
with the new questionnaire. Table 1 contains the response account of the subsamples of
the two treatments in the experiment.

From Table 1 it can be seen that only about 85 per cent of the addresses in the gross
sample were visited by an interviewer. This is because of field staff capacity problems
and sample frame errors. During the nineties, Statistics Netherlands’s field staff faced
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Table 1. Response account

Category Regular questionnaire New questionnaire
Number Per cent  Number Per cent

Gross sample (addresses) 8,262 100 8,385 100
Not visited addresses 822 10 706 8
Uninhabited or untraceable addresses 496 6 473 6
Visited addresses 6,944 84 7,206 86

Visited households 7,132 100 7,367 100
Refusals 1,785 25 1,759 24
No contacts 918 13 965 13
Other nonresponse 583 8 524 7
Responding households 3,846 54 4,119 56
Households finally used in the analysis 3,037 43 3,159 43

increasing capacity problems. As a result, a gradually increasing part of the sample
addresses were not assigned to or visited by interviewers. In the experiment this caused
a loss of about ten per cent of the sample addresses. Moreover about six per cent of the
gross sample addresses were uninhabited or untraceable.

According to the response definition used by the Data Collection Department, about 55
per cent of the visited households responded in the experiment. The response rate obtained
in the regular annual LFS in 1999 was also about 55 per cent. This response rate is a con-
tinuation of the downward trend of the Dutch LFS response rates during the last decades
reported by De Heer (1999).

A part of the completed questionnaires obtained from the responding households are not
used in the analysis of the experiment for the following reasons. Firstly, in the regular LFS
only completely responding households are used. About five per cent of the completed
questionnaires concerned partially responding households and were therefore excluded
from the experiment. Secondly, the response obtained in a block during one month was
used in the analysis only if each of the two interviewers in that block obtained a response
of at least three households. In several blocks one interviewer did not have any response at
all during a month, because of for example illness or vacation. In such situations the
response obtained in a block for the other interviewer during that month was excluded
from the analysis in order to avoid any seasonal effects that might influence the analysis.
As aresult, finally 3,037 households interviewed with the regular questionnaire and 3,159
households interviewed with the new questionnaire were used in the analysis of the experi-
ment. After these exclusions 86 blocks remained usable.

The low response rates might result in biased parameter estimates. However, there is no
evidence of differential nonresponse bias in the parameter estimates across treatments.
First, no significant differences could be found across the two subsamples with respect
to background variables like age class, marital status, and sex, since the p-values of the
corresponding chi-square tests varied between 0.5 and 0.3. Second, the response rates
in the two subsamples are comparable (see Table 1). Consequently, possible nonresponse
bias in the parameter estimates under both treatments conveniently cancels out by calcu-
lating treatment effects or contrasts between the parameter estimates. Therefore, the
analysis results of the experiment will be more robust against nonresponse bias than the
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separate parameter estimates. Moreover, the analysis is based on the generalized regres-
sion estimator that also corrects, at least partially, for nonresponse bias.

4.2.  Effects of the new questionnaire

The purpose of this experiment is to quantify possible effects on the estimates of the
population parameters of the LFS induced by the different questionnaires. This implies
that the null hypothesis of no treatment effects is tested against the unrestricted alternative
hypothesis, specified by H;, in (1). The following five parameters of the LFS were
analyzed: the Employed Labor Force, the Unemployed Labor Force, the Registered
Unemployment, the Employed Labor Force according to the International Labour Organi-
sation (abbreviated as ILO Employed) and the Registered at the Employment Exchange.
All parameters are expressed as percentages of the population aged 15 through 64 years.

The analysis of the experiment was based on the design-based t-statistic (4), where the
population parameters and the variance of the corresponding contrasts are estimated with
the generalized regression estimator for an RBD. This is the most appropriate analysis
since it takes both the experimental design and the design of the LFS, including the esti-
mation and weighting procedure, into account.

The observations yj and the auxiliary variables X in the formulas of Section 2 are on
the level of households, since they are the experimental units in this application. Let y;;
denote the observation obtained from person i in household j assigned to treatment k.
Then y; = Z;":’l Yiik 18 the observation obtained from household j assigned to treatment
k, with m; the number of individuals in household j aged 15 years and over. Let

j
X = (Xyj15 X2+ -+ ,x,-jH)’ denote a vector of order H with each element x;; an auxiliary

variable of individual i in household j. Then x; = S x;; is the vector of order H with
the household totals of the auxiliary variables of the individuals aged 15 years and
over. The weighting procedure is carried out at the level of household totals. In Linear
regression model (3) it is assumed that Var(e;) = mjwz. Nieuwenbroek (1993) showed
that in this situation the weighting procedure corresponds to the integrated method for
weighting individuals and households proposed by Lemaitre and Dufour (1987). The
net sample sizes of both subsamples are small compared with the sample of the regular
LFS. Based on these sample sizes, the following weighting scheme, which contains
the most important auxiliary information from the regular weighting scheme of the
LFS, was applied in the analysis of this experiment: age X region + sex X region+
marital status X region, where the four variables are categorical. Furthermore Variance
estimator (5) was applied. Results are given in Table 2.

Tests were conducted at a significance level of 0.05. The Employed Labor Force and the
ILO Employed observed with the new questionnaire are about 1.7 percentage points
smaller than with the regular one. Although the tests of no treatment effects for these
parameters are not rejected, the differences are substantial. Further investigation showed
that these differences were caused by the Self-Employed. With the new questionnaire the
differences were found to be 1.8 percentage points smaller than with the regular one. Since
the corresponding p-value amounts to 0.01, this difference is significant. Changes in
the routing of the new questionnaire caused many self-employed people to answer
the question ‘‘Do you currently have a paid job?”’ in the negative. Consequently these
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Table 2.  Results with the generalized regression estimator for an RBD

Parameter Regular New Diff. Std. error #-statistic  p-value
Employed labor force 64.710 63.046 —1.663 1.006 —1.653  0.098
Unemployed labor force 2.403  3.051 0.649 0.337 1.923  0.054
Registered unemployment  2.136  2.612 0.476 0.324 1.471 0.141
ILO employed 71.490 69.741 —1.749 0.985 —-1.776  0.076
Registered at empl. exc. 7.640  9.072 1.433  0.568 2.524  0.012

self-employed were erroneously not classified in the Labor Force. This was confirmed by
the debriefings of the interviewers. This resulted in the observed differences for the
Employed Labor Force and the ILO Employed. The new questionnaire was adjusted in
order to avoid this under-reporting before it was actually implemented as the standard
questionnaire in the LFS.

The Unemployed Labor Force and the Registered Unemployment measured with the
new questionnaire are about 0.5 percentage points higher than with the regular question-
naire. These differences are substantial and almost significant for the Unemployed Labor
Force.

For the Registered at the Employment Exchange the observed difference of 1.4 percen-
tage points is significant. In the regular questionnaire, the question about registration at the
Employment Exchange was preceded by several questions concerning benefits. In the new
questionnaire the questions about benefits were skipped. Possible interactions between the
questions concerning benefits and registration at the Employment Exchange might explain
the observed difference. Despite this difference, the questions about benefits are not
included in the new questionnaire since this information will be available from registrations.

4.3.  Comparisons with other analyses

In this section, the above analysis is compared with some other possible design- and
model-based analyses. First consider a design-based analysis where the population
parameters and the variance of the corresponding contrasts are estimated with the Hor-
vitz-Thompson estimator for an RBD. In this application the common mean model, which
results in the ratio estimator for a population mean (7), is specified by x; = (1), hence
x; = (m;), and Var(e;) = mjwz. An approximately design-unbiased estimator for the
variance of the treatment effects is given by (5) with &; = y; — m; J,,. Results are given
in Table 3.

Compared with the Horvitz-Thompson estimator the generalized regression estimator,
discussed in Section 4.2, has two effects on the analysis. Firstly, the size of the treatment
effects is reduced. The estimates of the parameters under both treatments are more similar
due to the application of the auxiliary information in the weighting scheme. Secondly, as
expected, the variance of the estimated treatment effects is reduced. For the Unemployed
Labor Force and the Registered Unemployment this finally resulted in higher p-values and
for the other parameters in lower p-values for the treatment effects.

In order to compare the efficiency of designing this experiment as an RBD, the experi-
ment was analyzed as if it were designed as a CRD. Results for the generalized regression
estimator are given in Table 4 and for the Horvitz-Thompson estimator in Table 5.
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Table 3. Results with the Horvitz-Thompson estimator for an RBD

Parameter Regular New Diff. Std. error #-statistic  p-value
Employed labor force 65.306 62.667 —2.639 1.763 —1.497 0.134
Unemployed labor force 2246 2954 0.709 0.337 2.103  0.035
Registered unemployment ~ 1.935  2.515 0.580 0.327 1.773  0.076
ILO employed 72.197 69.263 —-2.934 1.877 —1.563 0.118
Registered at empl. exc. 7.265  8.542 1.277 0.543 2.351 0.019

Comparing the results of an analysis for an RBD with those for a CRD using the
generalized regression estimator (Tables 2 and 4), it follows that the variances of the esti-
mated treatment effects are approximately equal or even slightly smaller under a CRD.
Comparing the results of an analysis for an RBD with those for a CRD, both analyzed
with the Horvitz-Thompson estimator (Tables 3 and 5), it follows that the variance of
the estimated treatment effects under a CRD is slightly larger.

The efficiency of blocking is small in this application, which can be explained as fol-
lows. Firstly, the regional variation between the parameters of the LES appears to be small.
Secondly, only if the fraction of households assigned to a treatment within each block is
equal for each block (i.e., ny/n,y = nyi/ny ), can it be proved that the variance of the
estimated treatment effects for a CRD is larger than such variance for an RBD (Van
den Brakel 2001, Section 6.3). For the gross sample these fractions are equal by the design
of this experiment. However, due to unequal response rates of the two interviewers within
several blocks, the equality of these fractions for the net sample was disturbed. This
resulted in an extra variation of the sample weights n,/(n,m;) in the analysis of an
RBD. This may be an explanation for the small variance reduction due to the application
of an RBD for the Horvitz-Thompson estimator. The weighting scheme of the generalized
regression estimator eliminates some regional variation from the estimated treatment
effects. Therefore, the negative influence of the unequal allocation of the households
over the treatments within the blocks of an RBD becomes more obvious if the analysis
is conducted with the generalized regression estimator. This might explain why the
variances of the treatment effects are even slightly smaller under a CRD for the general-
ized regression estimator. In summary, due to different response rates obtained by the
interviewers, the optimality of the RBD was at least partially disturbed. This might
have been avoided if interviewers had been used as block variables.

The effect on the analysis of the application of the generalized regression estimator
compared with the Horvitz-Thompson estimator in the case of CRD can be seen from
Tables 4 and 5. As in the case of an RBD (Tables 2 and 3), it follows that the generalized

Table 4.  Results with the generalized regression estimator for a CRD

Parameter Regular New Diff. Std. error #-statistic  p-value
Employed labor force 64.711 63.067 —1.643 0.986 —1.666  0.096
Unemployed labor force 2.396  3.025 0.629 0.338 1.860  0.063
Registered unemployment ~ 2.152  2.511 0.359 0.313 1.147  0.251
ILO employed 71.499 69.694 —1.805 0.968 —1.865  0.062

Registered at empl. exc. 7495 9.132 1.636 0.546 2997  0.003
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Table 5. Results with the Horvitz-Thompson estimator for a CRD

Parameter Regular New Diff. Std. error #-statistic  p-value
Employed labor force 64.779 63.014 —1.764 1.871 —0.943  0.346
Unemployed labor force 2265 2975 0.710 0.343 2.069  0.039
Registered unemployment  1.913 2471 0.558 0.343 1.627  0.104
ILO employed 71.721 69.495 —-2.226 1.993 —1.117  0.264
Registered at empl. exc. 7.062  8.732 1.670 0.552 3.023  0.003

regression estimator reduces the differences between the treatments as well as the variance
of the estimated treatment effects.

To compare the results obtained by a design-based analysis with the results obtained by
a model-based analysis, this experiment was also analyzed with the model-based #-statistic
and an ANOVA for an RBD. For both analyses a fixed effect model was applied. To
approximate the target variables of the LFS as much as possible in these analyses, the
dependent variables are the household means of the target parameters. Results are sum-
marized in Tables 6 and 7.

The influence of a model-based versus a design-based analysis differs for the five para-
meters of the LFS. To see this, some of the possible comparisons between Tables 2 and 7
(RBD’s) and between Tables 4 and 6 (CRD’s) are highlighted. It can be seen from Table 6
that the Unemployed Labor Force, the Registered Unemployment and the Registered at
Employment Exchange are overestimated while the Employed Labor Force and the ILO
Employed are underestimated. This is mainly caused by the fact that the oversampling
of addresses which occurs in the register of the Employment Exchange is ignored in the
model-based analysis. This results in biased estimates for the population parameters. Espe-
cially the treatment effects for the Unemployed Labor Force, the Registered Unemploy-
ment and the ILO Employed are larger and have smaller p-values in a model-based
analysis. In a design-based analysis the variance of the estimated treatment effects might
be increased due to the fluctuation of the sampling weights. Nevertheless, the variance of
the estimated treatment effects for the Unemployed Labor Force, the Registered Unem-
ployment and the ILO Employed in the model-based analysis is slightly higher than in
the design-based analysis. It is unclear why, contrary to the results observed for the Unem-
ployed Labor Force and the Registered Unemployment, the estimated treatment effect of
the Registered at Employment Exchange is smaller and has a larger p-value in a model-
based approach.

The efficiency of an RBD in a model-based analysis can be seen by comparing Tables 6
and 7. Although in the ANOVA for an RBD, the F-statistic for the blocks is significant at a
level of 0.05, the reduction in the error sum of squares is very small. Consequently, the

Table 6. Results with the model-based t-statistic (unweighted)

Parameter Regular New Diff. Std. error #-statistic  p-value
Employed labor force 62.13 6049 —1.646 0.991 —1.661  0.097
Unemployed labor force 3.716  4.708 0.992 0.419 2.370  0.018
Registered unemployment  3.836  4.839 1.003 0.441 2275 0.023
ILO employed 68.68 66.44 —2.240 0.983 —2.279  0.023

Registered at empl. exc. 14.68 16.04 1.361 0.787 1.728  0.084
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Table 7. Results with the ANOVA for an RBD (unweighted)

Parameter Contrast Std. error t-statistic p-value
Employed labor force —1.372 1.00 —1.370 0.171
Unemployed labor force 1.025 0.40 2413 0.016
Registered unemployment 1.028 0.40 2.306 0.021
ILO employed —1.795 1.00 —1.818 0.069
Registered at empl. exc. 0.678 0.80 0.860 0.390

variance reduction of the estimated treatment effects due to the application of an RBD is
negligible. For the Employed Labor Force, the ILO Employed and the Registered at the
Employment Exchange, the contrasts are smaller due to the correction for the block vari-
ables, resulting in larger p-values for the treatment effects.

In conclusion, it follows that the results obtained with the model-based analysis with the
t-test as well as the ANOVA F-test for an RBD are biased since the specific features of the
weighting procedure of the LFS, especially the oversampling of addresses with individuals
registered at an Employment Exchange, is ignored in these analyses. Because of these
biases, clearly the application of a design-based approach has demonstrated its consider-
able merit in this setting.
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